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Predmluva

Je mi cti, Ze mohu uvést sbornik konference ZNALOSTI, ¢tvrté toho jména, kterd
se letos poprvé kona na Slovensku. Odborny program se tentokrat kromé vlastnich
prispévku sklada ze dvou tutoriali a Sesti zvanych prednasek, na nichz se podileji jak
slovensti a Cesti tak i zahrani¢ni autofi, a panelové diskuse.

Zaslané prispévky se letos tykaji vSech hlavnich proudi této oblasti informadcni védy,
tj. dobyvani znalosti z datab&zi, inteligentniho zpfistuptiovani textovych informaci,
znalostniho inzenyrstvi a znalostniho managementu. Ze 79 nabidnutych pfispévka bylo
do tohoto sborniku vybrano 13 dlouhych a 21 zkracenych pfispévki.

Tématy tohoto ro¢niku jsou pak predevsim:

— dolovani v datech a v textu,

— induktivni logické programovani,
— konceptualni svazy,

— logické programovani a nemonoténni odvozovani,
— metody shlukové analyzy,

— roboticky fotbal,

— sémanticky web a ontologie,

— strojové uceni a prirozeny jazyk,
— vyhledavani informaci,

— znalosti v podnikové sfére,

— znalostni systémy.

Na tomto misté chci podékovat vSem, ktefi se na pripravé tohoto sborniku a celé
konference podileli. Pfedevsim jsou to autofi zaslanych pfispévki, tutoriali a zvanych
prednasek, nebot bez jejich velkého usili by se tato konference nemohla konat. Clentim
fidiciho a programového vyboru patii dik nejen za odpovédné hodnoceni prispévka, ale
téz za iniciativu a spolupraci béhem celého pilro¢niho obdobi pfipravy této konference.

Zvlastni dik zaslouzi organizacni vybor vedeny Janem Paralicem z Technické uni-
verzity KoSice za zajiSténi organizace nasi konference, Michal Kratky s Jifim Dvorskym
a Michalem Kolovratem z VSB-Technické univerzity Ostrava za nezavidénihodnou
préci spojenou s piipravou sbornikd a Jan Blatdk za pomoc béhem recenzniho Fizeni.

Lubos Popelinsky
predseda programového vyboru
ZNALOSTI 2005



Preface

I am pleased to present the proceedings of the 4th conference ZNALOSTI (Knowledge)
held — first time in Slovakia — in Stara Lesna, The High Tatras. The scientific program
consists of two tutorials and six invited talks presented by Slovak, Czech as well as
foreign experts, the panel discussion, contributed talks and poster sessions.

The contributed papers covers theoretical as well as practical aspects of knowledge
discovery, information retrieval, knowledge engineering and knowledge management.
This volume contains 13 long papers and 21 short ones that has been selected from 79
submitted manuscripts.

The main topics of this year conference are:

— data mining and text mining,
— inductive logic programming,
— formal concept analysis,

— logic programming and non-monotonic reasoning,
— cluster analysis,

— robotic football,

— ontologies and semantic web,
— natural language learning,

— information retrieval,

— knowledge management,

— knowledge-based systems.

I would like to thank to everybody who participates in preparation of this volume,
first of all to the authors of tutorials, invited talks and contributed talks and posters,
program committee members and other reviewers. Without their enormous effort, this
conference would hardly hold.

My special thanks go to Jan Parali¢ from Technical University KoSice and all
members of the organizing committee for organizing our conference, to Michal Kratky,
Ji¥i Dvorsky and Michal Kolovrat from VSB-Technical University of Ostrava for their
enormous effort when collecting final versions of papers and finalizing the proceeding,
and to Jan Blatak, Masaryk University in Brno, for his help during the review process.

Lubos Popelinsky
Program Chair
ZNALOSTI 2005
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Data mining

Tomas Kocka

Adastra s.r.o.
Benesovska 10, 101 00 Praha 10
Czech Republic

TKocka@seznam.cz

Abstract. We will review the applications of data mining from three
different perspectives. The first perspective are the business applications
themselves across different verticals. We will explain for each of the appli-
cations what is its core benefit and how its Return on Investment can be
estimated. The applications will range from banking, insurance to telco
providers and will cover marketing automation, credit scoring, insurance
segmentation, fraud detection and customer value management in gen-
eral. The second perspective will be statistical and data mining methods.
We will present an overview of classification, regression and prediction
methods, clustering methods and data description and hypothesis test-
ing methods. We will go to the level of different algorithms like logistic
regression, decision trees and rules, support vector machines, neural net-
works, k-means, expectation maximization and other algorithms. The
third perspective is technological, architectural and methodological. We
will show how analytical infrastructure fits into standard ERP infrastruc-
ture and where is the right place for data mining. We will show different
data mining tools and describe their strong and weak points. We will
finish by describing typical steps undertaken in a data mining project
and highlighting its most critical phases.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 1-1, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.



EU Research in Information and Communication
Technologies and Its Socio-Economic Context

Tomaés Sabol

Faculty of Economics, Technical University of Kosice
Letna 9, 042 00 Kosice, Slovakia

Tomas .Sabol@tuke. sk

Abstract. The paper discusses priority areas of European research in the area of
ICT. First, recent trends and challenges are briefly outlined. Then policy
priorities identified by the EC for the period 2007-2013, and specifically the
three pillars of ICT policy and related implications are presented. Finaly, ICT
applications targeting achievement of the objectives of European ICT research
are briefly listed and the key role of ICTsin economy and society is reiterated.

Keywords: ICT, EU, research, policy, ICT applications.

1 Trendsand Challenges

Priorities of applied research should be driven by global social and technology trends
and challenges. Actually, we say that success of the applied research is measured by
the rate of success by which research outcomes contribute to finding a proper answer
to these trends and mastering the main societal challenges. For illustration, some of
the recent global trends:

e Globalization — resulting in growing economic integration and new forms of
cooperation, but also to increased competition and thus competitiveness is
becoming the key concept;

e Ageing of population in Europe - by 2010 the share of population aged 65 and
over will have increased by 20% compared with 1995, by 2025 the 65+ age
group will comprise 85 million people (of the EU15) and represent 22% of the
population (15.4% in 1995). This trend of ageing of population has significant
social as well as economic impact (more people needing heathcare, new
healthcare models needed, declining rate of the population involved in the
€Cconomic processes);

e Emergence of knowledge economy - economy in which human resources
(knowledge workers) and knowledge are the most important assets of companies.

e Globally growing concern for security issues,

e Growing regiona disparities in some countries — see e.g. the new EU members
states,

e Accelerating technological development, etc.

Technological development in the area of information and communication
technologies (ICT) can be characterized by the following phenomena[1]:
e miniaturisation;

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 2-6, ISBN 80-248-0755-6.
VSB-Technicka univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.



EU Research in Information and Communication Technologies ... 3

e convergence of computing, communications and media technologies;

e systemsabletolearn and evolve;

e cross-over between ICT and other science and technology fields.

It is expected that the next wave of technologies will make systems “smaller, cheaper,
and smarter” and “aways best connected”. But before all this comes true an enabling
research environment has to be created what requires a comprehensive approach.

2 EU Research Context

The European Commission in its proposa for the EU’s financia framework for the

period 2007-2013 has identified three policy priorities’:

1. “The Interna Market must be completed so that it can play its full part in
achieving the broader objective of sustainable development, mobilising
economic, social, and environmental policiesto that end;

2. Thepolitical concept of European citizenship hinges on the completion of an area
of freedom, justice, security and access to basic public goods;

3. Europe should project a coherent role as a global partner, inspired by its core
vaues in assuming regional responsibilities, promoting sustainable development,
and contributing to civilian and strategic security.”

Reaching out for these goals, the EU faces mgjor challenges (see those mentioned
above). First of al, higher economic growth is a basic precondition for any economic
or socia advance. World-wide competition has become more intense. To keep
innovating and stay competitive, firms choose different innovation models and
organisational forms, including off-shoring and outsourcing (“old” EU15 countries
are trying to find a proper answer to this trend, while some new and candidate EU
member states can benefit from it — still questionable whether on a temporary or
sustainable basis). The race to knowledge, innovation and science and technology is
global and has direct impact on the economic performance, growth and prosperity.

In this context, taking into account the global trends listed above, Europe must:

o realise higher economic growth through improving competitiveness and boosting
productivity;

e adjust to the changing economic realities brought about by the globalisation of
markets and the ever-faster pace of technological change;

e modernise public services— e.g. by means of e-government (the EU public sector
spends 45% of the state revenues!);

e cometo termswith “greying” European population and itsimplications;

e pay high attention to security issues (high on the political agenda and in citizens
concerns).

2«Building our common Future — Policy challenges and Budgetary means of the Enlarged
Union 2007-2013", COM (2004) 101 of 10.02.2004
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3 ICT —thePath to Sustainable Growth?

ICT is seen as a key tool to address the three EU policy priorities. The EU ICT policy

is built on these three interlinked and mutually reinforcing pillars, where:

e  Support for ICT research at EU level helps mobilise the industrial and research
communities around high-risk long-term goals, it facilitates the aggregation of
public and private research efforts on a European scale;

e Policy initiatives, notably eEurope, promote the wider deployment and adoption
of ICT-based products and services in businesses, administrations and public
Sector services,

e The development of a regulatory framework aims to encourage competition, to
improve the functioning of the interna market and to guarantee basic user
interests that would not be guaranteed by market forces. The regulatory actions
should be simple, aimed at deregulation, technology neutral and sufficiently
flexible to deal with fast changing markets.

Most successful are usualy countries where the research and innovation effort has

gone hand-in-hand with deployment and regulatory initiatives.

It is necessary to emphasize (also for Slovak researchers!) that any investment in ICT
research is expected to bring measurable benefits (e.g. measured by the return on
investments). According to recent studies, more than half of the productivity (GDP
per capita) gains in EU15 economies are attributed to ICT3. In the EU15, of around
1.4% productivity growth between 1995 and 2000, 0.7% was due to ICT. Other
evidence suggests that Europe’s productivity gap with the US is to a large extent
explained by its weaker investment in ICT. The gains stem both from the production
of innovative high value ICT-based goods and services as well as from improvements
in business processes.

4 |CT Research Areaswithin EU

The EU’ s research policy pursues three related and complementary goal s4:

e To accelerate the implementation of the European Research Area to create an
efficient internal market for research and technological development and a space
for a better coordination of national and regional research activities and policies.

e To raise the European effort on research to 3% of EU GDP by 2010 with two-
thirds coming from the private sector.

e To support and strengthen excellence in research, development and innovation
throughout Europe by providing direct financial support a European level as a
complement to national programmes.

3 “The Policy Agendafor Growth” and “The Sources of Economic Growth in OECD
Countries’, OECD, 2003

* “Science and technology, the key to Europe's future — Guidelines for future European Union
policy to support research”, COM(2004)353 of 16.06.2004
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The objectives of European ICT research should be threefold [1]:

1. to strengthen the competitiveness of European industry: by building on strengths
and fostering the ability to master ICT for innovation and growth;

2. toreinforce the competitive position of the European ICT sector; and

3. tosupport EU policies, by mobilising ICT to meet public and societal demands.

ICT applicationsin the following areas can lead to the fulfilling of these objectives:

e eGovernment — ICTs are a key enabler for the modernisation of public services
and administrations, they can improve access to and interactivity of existing
services, increase their efficiency, deliver completely new customised citizen-
and business-friendly services,

e e-Democracy - EU needs active citizens with more direct involvement in public
life and the democratic processes;

e eBusiness — a response to a cal for 24/7 economy, personalised services;
enabling 3D-digital mock-ups of complex products, modelling and simulation of
product behaviour, smart wireless tags for products, adaptable software for
virtual enterprises;

¢ e-Health - the ageing population results in higher levels of dependency and arise
in demand for health and social care; new generation of “smart” medical sensors
and implants enabling advances in clinical diagnosis and treatment; new ICT
tools enabling health practitioners to collaborate; remote monitoring allowing
care to be delivered at the point of need;

¢ Knowledge technologies - access to “knowledge anywhere anytime”, new ways
of interaction, co-operation, learning; enhancing the capabilities of human beings,
individually and collectively, to create and share knowledge;

o Intelligent environments - ICT applications and services that are people-centred,
easy to use, enabling users to access and benefit from ICT in a more convenient
way (see “ambient intelligence” in FP5);

o Cognitive systems - systems that can contextualise, learn and adapt, have
capabilities for perception, communication, reasoning and decision making; can
naturally interact with the real world and us, being (self-) adaptive to changing
situations and contexts as well as to our own preferences, expertise and needs;

e  Security and trust - Europe is exposed to threats and risks from many directions:
natural disasters, terrorist threats, cyber-terrorism, spam. ICT allows improved
planning and control across the whole risk management chain, protection and
security for knowledge, values and digital assets; makes the current
infrastructures (e.g. in banking and finance, hedlthcare, energy, transportation)
less vulnerable to failures (whether accidental or malicious);

e Micro-/nano-electronics applications; novel, neuro- and brain-like processing
architectures and design of radically new computing and communication
components;

e Mobiletechnologies;

¢ Networked, embedded and wireless systems providing the broadest bandwidth;
ICT systems for integrating and operating a large number of different
heterogeneous elements;, mastering the complexity of such systems, to provide
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them with learning and evolving capabilities and with self-organising and other
self-like properties;

e Research and knowledge infrastructures - world class high-speed research
networks and computing and knowledge grids;

e elnclusion - some parts of the European society feel (and potentialy are)
marginalized and excluded from the use Information Society services, etc.

5 Conclusions

ICTs have a unique role in economy and society. They are the key to improving
productivity; mastering innovation; and essential to modernising public services. If
innovation is the engine of the knowledge economy, then ICT are its fuel. The
importance of research in ICT is reflected also in research budgets worldwide. ICT
represents more than 30% of the total R&D budget in all major OECD countries.
Furthermore, the intensity of the research effort in ICT is directly correlated with
productivity growth. Within the EU, countries that invest the highest levels in ICT
research (Ireland, Finland, Sweden), also have the highest productivity growth ratess.
Overdl, however, Europe till invests much less in ICT research than its main
competitors. For instance, investment in ICT research in the EU is around one third
that of the US and is 30% lower than Japan6. The picture is similar for both private
and public investment.

However, more money and more research alone is not enough. There are several other
key success factors — improved research efficiency and effectiveness; partnering and
networking actions that bring together main players around key research and
technology developments, measures for intellectual property protection and for
standards setting; public financing instruments (direct measures, fisca incentives,
guarantee schemes, support of risk capital).

Reference
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The Internet and Corpus Linguistics

James Thomas

Faculty of Informatics, Masaryk University Brno
Botanicka 68a, 602 00 Brno
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Abstract. There is a wealth of material available on the Internet for lin-
guists predominantly English-based, though not at all exclusively. Much
of it is corpus informed and is of particular interest to people work-
ing in a range of linguistics disciplines including lexicography, grammar,
stylistics and pedagogy. These resources include research tools and peda-
gogical applications which are corpus linguistics informed. Some publicly
available resources are used also by non-linguists when making data in-
formed decisions, an example of which is academics writing papers in
a language that is not their mother tongue. My talk focuses mainly on
some of the practical applications of these programs for the general user
and in a pedagogical context. Other related exploitations of linguistic
data will also be discussed.
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Abstract. In this paper we present a scalable distributed ontology stor-
age system (OntStore), which unlike other ontology repositories is capa-
ble of storing and querying the ontologies and the resource descriptions
in a distributed manner. It is based on the distributed hash table (DHT)
approach emerging in the P2P arena and well known W3C standardized
languages. The system decomposes the ontologies into the correspond-
ing triples (subject, predicate, object) and uses the DHT system called
Pastry to hash and store the elements. There are no super-peers in the
system and both exact-matched and range queries can be routed. The
system ensures, that queries do find the resources if the resources are
available in the network. It also guaranties, that the number of routing
hops for inserting a resource and resolving most queries is logarithmic to
the number of nodes in the network.

1 Introduction

Sharing semantically rich and heterogeneous data is one of the today’s ma-
jor challenges. Publishing and authoring web pages is quite easy, also sharing
through the peer-to-peer (P2P) systems makes dissemination of the files a simple
job. However there is no similar technology for sharing information with different
schemas and providing efficient search and inference capabilities in a distributed
manner. Yet, benefits of the semantic data sharing is enormous. Considering sci-
entific data, until recently researchers analyzed and collected data in isolation.
With emerging grid technologies and globally scalable systems, integrating and
aggregating data from multiple sources and providing efficient search mecha-
nism is necessary. Example of such global scale scientific projects include LHC
[1], Human Brain Project, Institute for Systems Biology [2] etc.

At global scale semantic web aims at allowing universal sharing of the se-
mantically rich data by establishing standards for exchanging the machine-
understandable information. These standars define both syntactic representation
and semantic content of the information. The languages stack, that we use in
our work consists of Resource Description Framework (RDF) [3], which provides
data model specification; and ontologies modelling languages RDF-Schema [3]
and web ontology language (OWL) [4], which enable the definition and sharing
of domain vocabularies. Although there are numerous works, that describe dis-
tributed file storage systems and file-sharing P2P systems, distributed storage
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VSB-Technicka univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.



A Scalable Distributed Ontology Repository 9

of more expressive infrastructures are not so common. Such infrastructures need
to extend the representation of the data and the query functionalities of the
file-oriented systems.

This paper describes design and implementation of the schema based infras-
tructure for the scalable distribution of ontologies based on the P2P distribution
model. The underlying the P2P mechanism is based on the distributed hash ta-
bles (DHT) [5]. Unlike the hash table, which is a data structure that efficiently
maps key/value pairs,the DHT manages distribution of the data among a chang-
ing set of servers and allows clients to contact participating server in the network
to find resources. The principle of the DHT is same as for the hash tables, to
map the resources based on their unique ID key onto the identifier space. We
rely on the W3C metadata languages to describe the distributed resources.

2 Design

OntStore is a system for scalable distributed storage of the ontologies represented
in the OWL. Considering the fact, that centralized ontology repositories have
limitations both in their failure tolerance and their scalability, search for the
possible distributed alternatives is indeed inevitable.

OWL is a language for defining and instantiating ontologies. Since OWL
depends on constructs defined by RDF, RDFS and XML Schema datatypes
(XSD), it is essential to first introduce the languages in order to get a better
understanding of the underlying mechanisms.

RDF is a foundation for processing meta data, it provides interoperabil-
ity between applications that exchange machine-understandable information [3].
The RDF data model describes interrelationships among resources in terms of
the named properties and values. The base of the formal model for RDF is a set
called rdf:Statement, each element of which is a triple of the form (subject, pred-
icate, object). The subject identifies the resource being described by the modeled
statement (e.g. http://www.w3.org/Home/MarianBabik). The predicate identi-
fies the original property in the modeled statement (e.g. http://description.org/
schema/ Email) and the object identifies the property value in the modeled state-
ment (e.g. Marian.Babik@yahoo.com). Object can also be a resource, in this case
the mentioned email can be substituted by a reference to an organizational e-
mail directory. RDF is based on XML [3] and every resource can be described by
a slightly modified Uniform Resource Identifiers (URI) [3] (e.g. http://purl.org
/metadata/dublincore#Creator). Objects can also be described by a rdf:Literal,
which is lexical form of a unicode string.

The declaration of these properties (attributes) and their corresponding se-
mantics are defined in the context of the RDF as an e RDF schema (RDFS)[3]. A
schema defines not only the properties of the resource (e.g., title, author, subject
etc.), but may also define the kinds of resources being described (books, Web
pages, people etc.). In schemas, new resources can be defined as specialization of
old ones, thus allowing to infer implicit triples. Schemas also constrain the con-
text in which defined resources may be used (i.e. validity). Based on first-order
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logic those two notions can be seen as one, since they all can be expressed by
rules allowing to infer new facts (i.e. new triples)[3]. In the following the 3-nary
logical predicate (subject, predicate, object) will be used to represent a believed
triple.

XSD represents a standardized definitions for common data types and con-
straints for the context in which these datatypes can be used [4].

OntStore is a distributed storage for OWL/RDF/RDFS, which provides self-
organizing and content addressable network based on the DHT systems. DHT
supports location of resources based on their unique key. Our distributed network
is based on the DHT system called Pastry [11]. Pastry functions as an overlay on
top of the internet protocol (IP), using distributed, fault-tolerant data structure
to explicitly track the location of all the resources. This structure is based on the
hashed-suffix routing structure presented by Plaxton, Rajaraman and Richa [7].
Pastry is based on the assumption, that nodes and messages can be identified
with unique identifiers, represented as strings of digits (e.g. SHA-1 hashing).
Identifiers are uniformly distributed in the namespace. Given a message and a
key, Pastry reliably routes the message to the node with nodeld that is numer-
ically closest to the key, among all live nodes. In each routing step, the current
node normally forwards the message to a node whose nodeld shares with the key
a prefix that is at least one digit longer than the prefix that the key shares with
the current nodeld. If no such node is found in the routing table, the message is
forwarded to a node whose nodeld shares a prefix with key as long as the current
node, but numerically closer to the key than the current nodeld. (i.e. 5324 routes
to 0629 by 5324 -> **x9 -> **29 -> %629 -> 0629, * represents wildcards)
Fig.1 show the sample routing procedure of the Pastry. Pastry can route to any
node in less than logys (N), where b is configuration value (usually 4) and N is
number of nodes. For extensive description of the design and complexity of the
Pastry see [11].

Unlike the other DHT systems Pastry guaranties that the nearest copy of
the resource is located. Pastry can be enhanced by exploiting knowledge of the
underlying network characteristics [8]. It can also support resilient routing [9]
and was successfully implemented as a base overlay system in the global storage
system called PAST [12]. The current Pastry distribution has support for parallel
insertions, resiliency against massive failures and a distributed test framework.

As described previously the principle construct for the RDF/RDFS is the
triple represented as rdf:statement, which consists of three elements, rdf:subject,
rdf:predicate and rdf:object. RDF is modeling statements as nodes and arcs in
a graph (i.e. RDF graph) [3]. OWL semantics and abstract syntax document [4]
describes mapping of the OWL into the RDF graphs. The RDF graph thus can
be used as the common component structure to index both languages.

Given a believed triple (subject, predicate, object) (abbrev. (s, p, o)), ac-
cording to previous description of the Pastry, we can distribute the OWL by
computing a hash key for every given element of the triple and storing the triple
at three locations corresponding to the hash key of the subject, predicate and
object. This way on any given node there will be three stacks of triples sorted by
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Fig. 1. Routing a message from node 65alfc with key d46alc. Figure depicts live nodes
in Pastry’s circular namespace with base 160.

the subject, predicate and object. For instance, a search for the unknown subject
and object, given the predicate (s?, p, 07), will hash the known predicate and
locate the peers, which will search their local base and return every triple, which
contains the known predicate. Similar approach can be taken to search for any
given subject, object or predicate. We can identify seven native query patterns
as shown in Table 1.

Table 1. Simple query patterns

No.| Query pattern | Description

Q1 (s?, p, 0) for given object of predicate find all relevant subjects
Q2 (s, p?, 0) find all predicates for given subject and object
Q3 (s, p, 07) for given subject of predicate find all relevant objects

Q4 (s? ,p?, 0) |for given object find all relevant subject/predicate matching triples

Q5 (s?, p, 07)  |for given predicate find all subject/object matching triples
Q6 (s, p?, 07)  [for given subject find all predicate/object matching triples
Q7 (s, p, 0) return the corresponing triple

There are several issues, which should be noted when indexing the OWL the
described way. Decomposition of the OWL into the triples creates a set of simple
RDF graphs, which can have anonymous subject or object called anonymous
node. This anonymous or also called blank node should be created locally to the
mapping and should be unique [4]. Although the unique identification depends
on the implementation, it could conflict with the notion of hash based sharing.
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Therefore it is necessary to extend the unique ID the way, that it’ll be unique
not just in the local ontology description, but also in the global context. This
can be achieved by creating the prefix with a unique ontology namespace. We’ll
discuss the implementation issues of the blank nodes in the evaluation section.
Another issue is the query resolving, since any native query can return blank
node as a subject or an object, it is necessary to track this blank node and
return all the relevant triples. This will assure that the system will not return
incomplete answers, but will negatively influence the performance by a constant
factor reflecting the necessary lookups.

The query language, which defines possible queries will initially enhance the
atomic queries described previously by conjunctive, disjuntive and range queries.
Conjunctive and disjunctive queries are queries joining the atomic triples by the
logical AND or OR respectively. Any conjunctive or disjunctive query will be
answered by issuing one query for each atomic pattern and computing intersec-
tion or union of the result. Range queries are more difficult, since one needs to
find the way to hash the numerical values. This can be solved by using a locality
sensitive hashing [19]. LSH can hash the values based on some locality function,
which can be based on the distribution of the numerical values. An example of
such LSH function is H(z) = % [18], where m is the base of the

Tmaz —Tmin

hash function (160bit), Zmin, Tmaes are minimal and maximal values of x.

3 Evaluation and implementation

We have implemented the testing framework for the distributed ontology repos-
itory based on the FreePastry [11] and Jena [13]. FreePastry is freely available
implementation of the Pastry network providing direct as well as distributed
driver for the simulation of the distributed network. Direct driver is based on
the Euclidean network and idealized node life. It emulates a network of nodes
that are randomly placed in a plane, where proximity is based on euclidean dis-
tance in the plane. Distributed driver has two implementations, remote method
invocation (RMI) and Wire. RMI is well known remote procedure call library,
which is part of the standard Java™ SDK distribution. Wire is an implementa-
tion of the event-driven architecture based on sockets, and uses the non-blocking
NIO support in java. Jena is a java framework for building semantic web appli-
cations. It provides a programmatic environment for RDF, RDFS and OWL,
including a rule-based inference engine.

We have implemented the triple loader with Jena toolkit and used the triple
output to publish and query the direct driver of the FreePastry. We have studied
number of routing hops to resolve native queries and publish well known food
and wine ontology. Food and wine ontology is composed of 2709 triples (8127
requests for storage). Further we have studied the distribution of the triples per
node and its possible influence on performance.

The number of routing hops that it takes to route message in the DHT
network is important metric of the performance of the system. Fig. 2 shows the
number of hops for resolving the native queries Q4-Q6. In the simulation we
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have submitted over 1000 queries using randomly choosen node per query. We
have simulated queries to up to 1600 nodes. Fig. 2 clearly shows, that routing
hops are bounded by the number of nodes in the network. The results shown,
closely resembles the results of the pastry evaluation tests [11].

Number of routing hops to resolve native queries
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Fig. 2. Number of routing hops needed to answer native queries Q4-Q6. Number of
routing hops for queries Q1-Q3 is analogical. Square marks indicate values for Q4, plus
marks Q5 and cross marks Q6.

The distribution of the triples over the network is important in understanding
the possibility of overloading a node, which will have to store frequently used
elements of the triple. It is obvious that popular constructs of the languages used,
will have signicant contribution. It’s also obvious that the distribution will relate
to the hash function used. In the evaluation we have used SHA-1 hash function
provided by FreePastry implementation. We have tried to hash URIs by using
their original, reversed and relative form. Original form differs from relative in
using absolute instead of relative namespaces when hashing URI. Reversed form
is a simple reversed string representation of URIL. In Fig.3 is the distribution
of the subject, predicate and object URIs and literals over the network when
hashing the reversed form. Fig.4 shows frequency count of the triples in the
ontology and Tab.2 summarizes the most popular constructs.

From both figures it’s clear that the most frequent elements are blank node
IDs, rdf#type and owl:Restriction. Blank node IDs are created in the Jena by
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Fig. 3. Distribution of stored triples over the network. Peaks corresponds to the popular
URIs and Literals as shown in Table 2.
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calling the RMI class UID, which returns identifier that is unique over time with
respect to the host it is generated on. Since we have only two ontologies and the
simulation is running on one computer the unique ontology identifier doesn’t
influence the distribution. Having multiple ontologies and several computers can
increase the dispersion of the IDs, but even this way for the large ontologies it
would not be sufficient. It’s obvious that the algorithm needs to assign broader
space for unique random ID.

Table 2. Frequency count of the most popular URIs, including count for anonymous
nodes.

Freq.count | URI
2319 Anonymous nodes
752 http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type
326 http://www.w3.org/2002/07 /owl#Restriction
306 http://www.w3.org/1999/02/22-rdf-syntax-ns#first
228 http://www.w3.org/2000/01 /rdf-schema#tsubClassOf
174 http://www.w3.0rg/2002/07/owl#hasValue

Another issue is the frequency of the language constructs. It can be partly
solved by simply not indexing them after some threshold [18]. This implies,
that queries of type: return all the possible rdf:types in the system, will not
be possible. However, since such queries are very general and of rare use this
limitations seems reasonable. Another way to cope with the popular terms, would
be to find way to uniformly distribute the terms around all the nodes. Such
scheme would however need to exploit the neighboring nodes of overloaded node
in a way, that would reflect the distribution of terms in use.

4 Related work

There are many centralized RDF repository implementations, such as RDFDB
[21], RDFStore [22] and Jena [13]. They usually use files or relational databases
as the back-end and some form of the SQL-like query languages. Their limitations
come from the fact, that they are centralized, thus having single point of failure
as well as limited throughput issues.

Search for the better network topology and efficient routing mechanism in-
spired by the simple P2P system have become the foundation of the DHT based
P2P overlay network, such as CAN [14], Tapestry [6], Chord [15] etc. Although
they have different implementation of routing algorithms and overlay network,
they tend to use common interface for accessing objects by keys. They provide
very good scalability and failure resilience. However they don’t support multi-
attribute and range queries.e

Edutella [16] provides RDF based meta-data infrastructure for P2P appli-
cations, but unlike our system it is based on the super-peer topology and uses
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semantic similarity to route the queries in the network. Similar to Edutella in
terms of schema-based approach is the Piazza [17] system. Piazza is a peer data
management system, which allows the definition of the semantic mappings be-
tween pair of peers. Unlike our system it is based on the centralized architecture.

There are proposals for semantic file systems such as HAC [20], which have
been designed to support content-based access to file objects in addition to
name-based access. There are also P2P file systems such as CFS [23], PAST
[12], OceanStore [10], which are layered on top of the DHT. Semantic access
mechanism in P2P file systems are proposed by [19]. They are build on top
of the DHT and provide semantic indexing and locating, based on the locality
sensitive hashing [19].

In Semantic Overlay Network (SON) nodes with semantic similar content are
"clustered” together [24]. Queries are routed to the appropriate SONs, increasing
the chances that matching files will be found quickly and reducing the search load
on nodes that have relevant content. Unlike our system they store files instead of
resources and do not provide any sort of the semantic schema based description
of the content. RDFPeers [18] is most closely related to our study, since it is a
distributed repository of RDF, which extends Chord to efficiently answer multi-
attribute and range queries. Unlike our system they aren’t considering storage
and retrieval of OWL and they use different P2P system.

5 Conclusion

We have described system for scalable distributed ontology repository, which
routing and storage costs are logarithmic to the number of nodes in the net-
work. We have performed initial testing and evaluation and discussed the in-
fluence of the distribution on the performance. We have evaluated and shown
the logarithmic routing complexity of the system. We would like to perform fur-
ther experiments in querying performance and simulate and optimize the range
and conjuctive queries as well as broaden the possibilities of the current query
language. We would also like to study possible reasoning implementations, that
would infer new facts in a distributed manner.
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Abstract. It becomes a good habit to organize a data mining cup, a competition
or a challenge at machine learning or data mining conferences. The main idea
of the Discovery Challenge organized at the European Conferences on
Principles and Practice of Knowledge Discovery in Databases since 1999 was
to encourage a collaborative research effort rather than a competition between
data miners. Different data sets have been used for the challenges during the six
years. The paper summarizes our experience gained when organizing and
evaluating the challenge on the atherosclerosis risk factor data.

Keywords: atherosclerosis risk, data mining, discovery challenge

1 Introduction

It becomes a good habit to organize a data mining cup, a competition or a
challenge at machine learning or data mining conferences. Such events serve several
purposes: they can be used for comparison of various approaches and algorithms, they
give the participants a possibility to access and analyze real-world data, and they can
result in a knowledge interesting for the domain experts who provided the data.

Cups and competitions are usually organized around a clearly specified
classification problem. The participants are provided with pre-classified training data
and a set of examples to be classified. The goal is to build a model that will perform
well on the evaluation data. The models are then ranked according to their
performance and the winners (sometimes also the losers) are announced. Thus the
first purpose is stressed. Let us mention here e.g. the COIL2000 competition, the
EUNITE 2001 or 2002 competition and, of course, the KDD cups held since 1997.
Challenges have a less competitive nature. The aim here is to prepare conditions of a
real/realistic data mining problem (classification or description) and to find a solution.
The results are then discussed with the domain experts. This kind of events is
organized e.g. at the European or Pacific-Asian KDD conferences.

The main idea of the Discovery Challenge organized at the European Conferences
on Principles and Practice of Knowledge Discovery in Databases since 1999 was to
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encourage a collaborative research effort, a broad and unified view of knowledge and
methods of discovery, and emphasis on business problems and solutions to those
problems. During the six Discovery Challenges organized so far, different data sets
have been used. One data set was taken from a financial domain (data about accounts
of clients of a bank), the other data sets were taken from various areas of medicine
(data about patients with collagen diseases, data about patients with atherosclerosis,
and data about patients with hepatitis). Although the data came from very different
domains, they shared some common features. The participants were faced with
multirelational problem with a mixture of static data (characteristics of clients or
patients) and dynamic data (transactions or laboratory tests and examinations).

Our aim was to follow as closely as possible a real KDD process, nevertheless the
challenge conditions differed from conditions of a real KDD projects in two main
points. The time for analysis was rather short (about two or three months), and the
participants have only indirect (if any) access to domain experts.

The rest of the paper summarizes our experience gained when organizing and
evaluating the ECML/PKDD Discovery Challenge on atherosclerosis risk factor data.

Table 1. Summary of Discovery Challenge submissions.

year] location | data (#. papers) sum

1999 Prague Financial (7) Thrombosis (3) 10
2000 Lyon Financial (3) Thrombosis (2) 5
2001} Freiburg | Thrombosis (5) 5
2002 Helsinki | Atherosclerosis (5) Hepatitis (5) 10
2003] Cavtat Atherosclerosis (9) Hepatitis (3) 12
2004] Pisa Atherosclerosis (11) Hepatitis (5) Genes (2) 18

2 The Atherosclerosis Domain

Atherosclerosis s a total complicated disease of the vessels in all organisms. It is a
dynamic process that it begins in childhood and adolescence and continues for the
whole life. The experts’ opinions on the origin and progress of the disease are
developing. Interaction and influence of genetic predisposition and exterior
environment as well as of so-called risk factors is considered. On the other hand there
are some so-called protective factors.

Among the non-affectable risk factors, crucial are sex, age and family history. The
affectable risk factors are factors of life style (e.g. physical activity, smoking, reaction
on stress), blood pressure, metabolic factors (level of lipids and glucose), and many
more (coagulopathies, infections, inflammation, factors changing the function of
endothelium, social and psychological factors).

In the early seventies of the twentieth century, a project of extensive
epidemiological study of atherosclerosis primary prevention was developed under the
name National Preventive Multifactor Study of Hard Attacks and Strokes in the
former Czechoslovakia. The aims of the study were:
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1. Identify atherosclerosis risk factors prevalence in a population generally
considered to be the most endangered by possible atherosclerosis
complications, i.e. middle aged men.

2. Follow the development of these risk factors and their impact on the
examined men health, especially with respect to atherosclerotic
cardiovascular diseases.

3. Study the impact of complex risk factors intervention on their development
and cardiovascular morbidity and mortality.

4. 10-12 years into the study, compare risk factors profile and health of the
selected men, who originally did not show any atherosclerosis risk factors
with a group of men showing risk factors from the beginning of the study.

Following risk factors were defined at the beginning of the study: arterial

hypertension (BP > 160/95 mm Hg), cholesterol (level > 260mg%) triglycerides

(level > 200mg%), smoking ( > 15 cig./day), overweight (Brocka index > 115 %),

positive family case history. Later, further laboratory examinations were included:

blood sugar level, HDL cholesterol, LDL cholesterol and uric Acid.

The study included data about 1419 men born between 1926—-1937 and living in
Prague 2. The men were divided according to presence of risk factors (RF), overall
health conditions and ECG result into following three groups: normal (a group of men
showing no RF defined above), risk (group of men with at least one RF defined above
— the prevalence of risk factors for this group is shown in Table 2) and pathological
(group of men with a manifested cardio-vascular disease). Long-term observation of
patients was based on following the men from normal group and risk group (randomly
divided into intervened risk group — RGI and control risk group — RGC). The men
from the pathological group were excluded from further observation.

Intervention was the key problem of the study. We tried to optimize and modify
influencable RF. Intervention was based on non-pharmacological influence.
Pharmacological intervention may be mostly used only in the last years.

1. non-pharmacological intervention: interviews on lifestyle, i.e. diet, physical
activity, suitability or necessity to stop smoking and reduce weight. The interviews
were repeated during each stay and except for general instructions, they focused
also around specific RF of a given man.

2. pharmacological intervention: treatment of arterial hypertension and
hyperlipoproteinemy — was very limited in the initial stages of the study.
Pharmacological therapy was recommended with respect to the overall risk of a
given man and his possible other diseases.

The regular visits of a doctor themselves could represent an intervention, provided the

patient new the reason of the visit, parameters to be followed and desirable parameter

values.
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3 The STULONG Data and Problem Description

STULONG is the data set concerning the twenty years lasting longitudinal study of
the risk factors of the atherosclerosis in the population of 1 417 middle aged men. For
the Discovery Challenges, four data files have been used:

1. The file ENTRY contains values of 64 attributes obtained from entry examinations;
these attributes are either codes or results of measurements of different variables
or results of transformations of the rest of the 244 attributes actually surveyed for
each patient.

2. Risk factors and clinical demonstration of atherosclerosis have been followed
during the control examination for the duration of 20 years. The file CONTROL
contains results of observation of 66 attributes recorded during these control
examinations (10572 records).

3. Additional information about health status of 403 men was collected by the postal
questionnaire. Resulting values of 62 attributes are stored in the file LETTER.

4. There are 5 attributes concerning death of 389 patients. Values of these attributes
are stored in the file DEATH.

STULONG data were analyzed using some statistical methods: descriptive statistics,
logistic regression and survival analysis. The domain experts were curious about
applying data mining methods to this data. Therefore they asked some questions
concerning some uncovered relations hidden in the data. The listed analytic questions
(possible tasks), which have not been subjected to study yet, can be divided into four
groups:

e analytic questions related to the entry examination (what are the relations
between social factors, or physical activity, or alcohol consumption and the
risk factors),

e analytic questions related to the long-term observation (are there any
differences between men of the two risk subgroups RGI, RGC, who came
down with the observed cardiovascular diseases in the course of 20 years and
those who stayed healthy),

e analytic questions concerning postal questionnaire,

e analytic questions concerning entry examination, long-term observation and
death.

Further use of the STULONG data is possible under condition of following explicit
quotation: “The study (STULONG) was realized at the 2nd Department of Medicine,
Ist Faculty of Medicine of Charles University and Charles University Hospital, U
nemocnice 2, Prague 2 (head. Prof. MUDr M. Aschermann, DrSc), under the
supervision of Prof. MUDr. F. Boudik, DrSc, with collaboration of MUDr. M.
Tomeckova, CSc and Doc. MUDr. J. Bultas, CSc. The data were transferred to the
electronic form by the European Centre of Medical Informatics, Statistics and
Epidemiology of Charles University and Academy of Sciences (head. Prof. RNDr. J.
Zvarova, DrSc). The data resource is on the web pages hitp://euromise.vse.cz/
challenge2003. At present time the data analysis is supported by the grant of the
Ministry of Education CR Nr LNO0OB107.
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Table 2. Prevalence of risk factors in the risk group.

Risk factor n %

hypercholesterolemia 290 342
hypertension 287 34.0
smoking 543 63.3
obesity 196 23.0
positive family history ]| 216 25.3

4 Preprocessing and Modeling

The analytic questions given above predetermined both the modeling and
preprocessing steps of the analysis. When working with the ENTRY table only, the
preprocessing was rather simple: to solve problems with numerical attributes and with
missing values. When including the CONTROL table into the experiments, the
preprocessing becomes more complex, as the CONTROL table contains results of
laboratory tests taken from one patient over time. One possibility how to process
these data was just looking if some value occurs in the list of examinations of one
patient [1, 7, 14, 22], the other possibility was to process the subsequent results of
one particular test as time series and to work with trends [7, 19, 20, 21].

4.1 Descriptive tasks

The descriptive tasks — associations or segmentation (subgroup discovery), are used if
the main purpose of the data mining is to find some relation between attributes or
examples. As the analytic questions suggest to focus on mining for descriptive
models, different forms of association rules were the results of most analyses. Beside
“classical” association rules [15], rules and exceptions [13], hypotheses in the sense
of GUHA method [8, 11, 18], fuzzy rules [5], sequential rules [7], episode rules [20]
or first order rules [6, 26] have been used as well. The way of generating the
association rules ranged from a systematic exhaustive way done by rule specialization
to random search using genetic algorithms.

The mining for association rules was used to solve the questions concerning
relations between characteristics of the patients taken from different data tables. Most
simple was the analysis of table ENTRY only; this analysis could answer questions
concerning relations between different characteristics collected at the entry
examination of patients, e.g (from [15]):

beer(up to 1 liter) = vine(daily): conf(0.98).
More complicated was the analysis of the tables ENTRY and DEATH together; here,
the DEATH table was usually used to define a new group of patients to be described
using the entry examination, e.g. (from [8]):
education(university) & height[176-180] = death_cause(tumor):
conf(0.62)
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Most complicated was the analysis of the tables ENTRY and CONTROL. Due to the
temporal character of the second table, the resulting associations can express
statements like “IF the patient regularly consumed alcohol when he entered the study
AND his physical activity after job decreased for several control examinations, THEN
his cholesterol rate will increase at a control examination taken X months after that
period ” [7], “IF BMI is quickly decreasing THEN diastolic pressure is decreasing”
[19], or ““ IF the patient has no hypercholesterolemia AND he sometimes follows his
diet, THEN the patient will have no hypercholesterolemia within next 40 months”
[20].

A step towards better understanding of the resulting associations using automated
transformation into natural language sentences was shown in [24]. So e.g. an
association rule in the form

Physical activity after a job(great) &

Physical activity in a job (mainly sits) = BMI(normal)
can be automatically transformed into sentences like ,,.X patients confirm this
dependence: if a patient has great activity after job and a sedentary job, then s/he has a
normal value of BMI“ or ,,a combination of great activity after job and a sedentary job
implies a normal value of BMI. This fact is confirmed by X patients®.

Interesting concept of emerging patterns has been used in [10, 21]. Emerging
patterns are patterns whose frequency increases significantly form one data set to
another. This basic idea was used to differentiate between healthy patients and
patients with atherosclerosis (the classes were defined using data from the DEATH or
CONTROL tables).

Some papers describe results of clustering based on various patients
characteristics. The clusters can correspond to the original groups (e.g. [12]) or can be
defined using the data. Subgroup discovery based on the idea of identification of
groups of patients showing significantly different rates of cardiovascular disease
(CVD) in comparison with the overall CVD rate is shown in [21], the presence of
CVD in this analysis was derived from the table CONTROL. Similar definition of
clusters has been used also in [25], the aim here was to analyze social characteristics
of healthy patients and patients with atherosclerosis.

4.2 Classification tasks

Classification (and regression) tasks are used if the main purpose of the data mining
is to build a model that can be used for decision or decision support. The
classification tasks performed on STULONG data deal either with classifying patients
into the three predefined groups normal, risk or pathological or with classifying them
into classes derived form the data. Different approaches have been used also for this
type of analyses. [17] used rough set approach to build a set of decision rules to
classify patients into classes defined using the tables CONTROL and DEATH (no
disease during follow-up, heart disease during follow-up or as the death cause, other
disease during follow-up or as the death cause). In [26], the application of ILP to learn
classification rules from the CONTROL table is presented; the goal was to predict
whether a person in the risk group comes down with a cardiovascular disease or not.
Papers [21, 19] (subsequent results of one research group) describe a model that
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predicts whether a patient will suffer from CVD in some future based on the values of
control examinations taken before.

The classification problem can be eventually turned into a regression problem. A
real-valued risk estimate for an individual is proposed in [16] and [1] (the subsequent
results of one research group). In the first paper, the global risk estimate is defined as
the sum on linear combination of variables related to the personal case history (a
static part of the cardiovascular risk) and an exponential function variables related to
the personal case history (taking into account cumulative effects of risk factors); the
parameters of the function were tuned manually. In the second paper presented next
year, genetic algorithm has been used to find optimal parameters for the risk function.

Another example of using genetic algorithm to evolve a discrimination function
can be found in [27]. The resulting discrimination function was able to model 8426
(71%) records correctly; anyway the formula was too complicated to be evaluated and
interpreted by the domain experts (see Fig. 1).

G+ (+ (+ (+ (- (- (- alcohol vzdelani) (- (* (* (+ moc
chlst) (+ kysmoc (+ (+ (* (- dusnost pivol2) (- alcohol
kysmoc)) (- systl (- hypll HTD))) (* 1dl glykemie))))
(+ (* -3.33355 (* glykemie HT)) (+ (+ (+ (+ imtrv (* -
3.33355 (* glykemie HT))) (+ (* glykemie HT) (+ (+ (-
hypll HTD) (* Idl glykemie)) (* Idl glykemie)))) (-
alcohol vzdelani)) (+ (* Idl glykemie) glykemie)))) (+
(+ (- ICT vinomn) (+ (+ (- (* -3.33355 byvkurak) HT) (*
-3.33355 (* glykemie HT))) hypll)) (* (- vyska HTD) (+
dusnost alcohol))))) HT) (* -3.33355 (* glykemie HT)))
dobakour) (+ (* (+ imtrv (* -3.33355 (* glykemie HT)))
byvkurak) syst2)) (+ ((+ (+ vzdelani (+ ( vinomn
byvkurak) smoking)) (* (- dusnost pivol2) (- dusnost
pivol2))) (+ (+ (+ glykemie (* glykemie HT)) (- hypll
HTD)) (* Idl glykemie))))

Fig. 1. Discrimination function, taken from [27].

DOPRAVA,
[mode of gatting to warl

DOBAKOUR:
vears of smoking

KAVA,
daily consumption of black coffeg

KOUREMI:
intensity of smoking

VINMOM:
daily consumption of wine

LIHMM:
daily consumption of liquor

Fig. 2. Network model of unhealthy behaviors of healthy group, taken from [22].
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An approach based on co-occurrence matrix and principal component analysis
(PCS) is described in [22]. Co-occurrence matrix describes (for one patient) the
strength of relations between pairs (rows and columns) of characteristics. The set of
these matrices is the used to create (using PCA) so called feature vectors. The feature
vector can then be presented in a network model. Fig. 2 shows a network model that
describes unhealthy behaviors that healthy patients shared in common, but did not
develop any cardiovascular diseases at the end of the study.

5 Evaluation and Deployment

5.1 The data mining expert point of view

It is worth mention, that during the three subsequent Discovery Challenges, the
analyses became more elaborated and more complex. In the first year, all papers focus
on the analysis of the ENTRY table only, and use mainly association rules to find
relations between different characteristics of the patients. In the next challenges, data
miners used a broader range of data mining methods including rules, exceptional
cases, clusters, classification, emerging patterns or linear algebra. Several
contributions focussed on mining temporal data (e.g., sequential or episode rules,
trend analysis, temporal abstraction, clustering time-series). Some contributions
combined several methods and new approaches were proposed. Let us mention e.g.
the transformation of association rules into expressions in natural language [24],
emerging patterns [10], trend analysis [19], or eigen co-occurrence matrix algorithm
[22]. So the Discovery Challenge contributed not only to a specific medical domain
but also to data mining and machine learning.

5.2 The domain expert point of view

The data providers gained from the challenge deeper insight into the data. The experts
preferred the results of description tasks in favor of the results of classification tasks.
Even if the found associations were often no surprise, they were better accepted than
the less understandable classification models. The need of understandability of the
resulting models can be demonstrated on results shown in Fig. 1 and Fig. 2. Although
in both cases rather complicated methods (genetic algorithms, linear algebra) have
been used, the graphical representation of the latter was well acknowledged.

Some interesting, sometimes counter-intuitive results obtained in description tasks
have been further analyzed and interpreted. As an example let us mention here the
positive impact of drinking beer on the health status of the patient (not observed for
wine) or the positive influence of number of visits during the follow-up examinations.
The former result correlates with the known positive impact of alcohol consumption
(Czech men are rather beer drinkers than wine drinkers), the latter result can be
interpreted by the fact that during the visits the doctor educates the patient about
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healthy life style and also checks the impact of pharmacological intervention on his
health status. An interesting useful result was the correlation of Body Mass Index
with the skin folds — a very good discrimination of the three basic groups of men (see
Fig. 3), or the relation between the level of education and the smoking habits.

BMI versus Skin fold
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Fig. 3. Correlation between skin fold and BMI for different groups, taken from [26].

6 Conclusions

The reusability of successful data mining solutions can help in new data mining
projects. This fact has been recognized by the machine learning and data mining
communities. Discovery challenges can provide a workbench for finding such
prototype solutions of realistic problems. The interest in the challenge, especially in
the year 2004 was likely boosted by a French national research project, that tackles
the atherosclerosis data — the working group on Knowledge Discovery Scenarios and
Discovery Challenges.

The challenge participants had the opportunity to analyze large real-world data and
to test and present their approach. They gained a hands-on experience with realistic
data mining projects. Such experience can motivate further research — this was
especially the case of groups, that participated in more than one challenge. All papers
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presented at the challenge workshops are listed in the references and are available on-
line at the Discovery Challenge home-page http://lisp.vse.cz/challenge.

The general lessons learned from the series of Discovery Challenge workshops: (1)
cooperate with the domain experts, (2) use knowledge-intensive preprocessing, (3)
make the results understandable, and (4) show some, even preliminary results soon to
the experts, can help in real data mining and knowledge discovery projects.
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Abstract. The problem of mining relevant information from large num-
bers of unstructured text documents is often handled with various ma-
chine learning algorithms trained using both positive and negative exam-
ples that were prepared by an expert in a given specific domain. However,
when just positive examples are available, the task requires algorithms
adapted to the different situation. A modified k-nearest neighbors al-
gorithm, trained using only positive examples, can classify by way of
ranking unlabeled instances depending on their similarity to training ex-
amples. This procedure provides a significant part of unlabeled positive
instances with high precision. The main objective is to find a method for
mining relevant documents from large volumes (hundreds or thousands)
of similar medical text files. Experiments and comparisons with vari-
ous real data obtained from several Internet resources and represented
as a bag of words provided—under specific conditions—quite acceptable
results from the precision-recall point of view.

1 Introduction

Mining only relevant information or knowledge from extensive electronic re-
sources belongs among the most desired aims of users working with text doc-
uments in various domains. However, enormous volumes of data in database
systems, digital libraries, various Internet resources, etc., constitute often a seri-
ous problem for human users which—in addition—are usually able to utilize just
a very small part of suggested documents. Another difficulty follows from the
fact that most of the text documents are unstructured ones in natural languages:
proceedings, journals, newspapers, contributions in newsgroups, web pages, and
so like.

A typical example is the Internet searching when a user submits a query
containing several keywords, possibly joined together with logical connectives,
and a browsing system frequently returns hundreds, thousands, or even more
answers—either directly text documents or links to them. In such a case, the
user is naturally interested in a very limited number of documents that should
be as relevant as possible from his or her point of view, even if there is a lot of

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 29-40, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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more or less relevant documents because the user usually cannot spend most of
the time just reading.

An effort to mine relevant, generally unstructured text documents, was in-
spired by the demand of physicians that regularly take advantage of special
documents downloaded from resources like on-line medical databases provided
by the National Library of Medicine, or many fulltext databases accessible to
academics and professional healthcare providers (Biological Abstracts, Zoologi-
cal Record—BIOSIS, digital library of ACM, EIFL Direct, Springer-Verlag, Web
of Science, MEDLINE, etc.). When the physicians describe their problems with
gathering relevant information from many electronic documents, they very often
can provide only positive examples (as they do not store negative ones), which
makes the solution more difficult.

2 A Machine Learning Approach

One promising way of mining requested information is machine learning. Re-
cently, there are various successful machine learning algorithms applied to the
widely required task dealing with separating out text documents. A very good
contemporary overview is in [9]. Commonly, machine learning algorithms re-
quire training by examples of all considered categories for a given domain. In
the most simple case, there are only two classes: positive (interesting, relevant)
and negative (uninteresting, irrelevant) text documents. Algorithms can learn
what is relevant and what is irrelevant. Thus, after the first searching step based
on more-or-less rough approach, in the second step they are able—with certain
errors—to provide desired information.

However, another specific obstacle sometimes emerges: to train a machine
learning algorithm, users can often provide just positive examples of documents
that are relevant for them, or very unbalanced sets where the number of positive
examples highly outweighs the negative ones, which has a negative impact on
the training process, and the functionality of the algorithms is not reliable [6].
The reason is that users naturally hold examples that are useful for their work—
a typical example is a collection of medical text documents held by physicians-
specialists. Thus, there are attempts to modify some algorithms to employ only
one (positive) training class, see e.g. [5] about using Support Vector Machines or
[7] dealing with Bayes probabilities. In the following sections, this paper describes
an alternative solution which is based on the k-nearest neighbors algorithm.

3 k-NN for Learning from Positive Examples

The k-nearest neighbors algorithm (k-NN, see e.g. [1]) is an often used method
also for the text categorization. Its principle for a multi-class problem is very
simple. Unlike many other machine learning algorithms, it principally requires
just a trivial training phase: storing a suitable representation of labeled training
examples into a database. When a new, unlabeled example occurs, k-NN com-
putes the distance to all known (labeled) patterns. Using the k nearest labeled
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patterns, this algorithm chooses the most frequent class for the new example,
according to the previous learning. Even if k-NN is a suboptimal procedure,
increasing the number of training examples generally leads to lower errors (the-
oretically approaching the double error rate of the Bayes method [1]). On the
other hand, the classification process can take a longer time, especially when k& is
also high.

The k-NN algorithm cannot be applied directly to the one-class problem.
However, there is a possibility to employ a process of ranking: if the task is
not to directly classify but to rank unlabeled documents according to their
relevance, it can be done in the following way. When the distances of unknown
examples from the k nearest positive patterns are computed, the resulting value
(see Eq. (2)) can be used for sorting the unknown tested examples—nearer un-
labeled instances take more front positions from the ‘being positive’ point of
view.

Documents are represented as a bag of words, where individual different words
create respective dimensions. Therefore, occurrences of words correspond to co-
ordinates of the multidimensional vectors. Using the cosine measure (see Eq. (1)
and more details in [1]), which is the inner (scalar) product of vectors and reflects
the similarity of vectors representing individual text documents, the positive doc-
uments can accumulate in front of the negative ones. In other words—based on
the word contents, the used method assigns priorities to documents that are
more similar to the positive examples. When a user investigates such documents
according to their rank, he or she has much higher chance to sooner obtain
a proportionate number of truly relevant documents. The learning and ranking
algorithms are straightforward (see Table 1 and 2).

Table 1. The learning algorithm

1. After an appropriate preprocessing of data, represent all relevant
training documents labeled as positive using a bag of words—
n labeled documents are now multidimensional vectors vi, ¢ =
1,...,n with coordinates given by individual words.

2. Store the entire set of training documents-vectors into the
database.

4 Training and Testing Data

The main aim was mining real unstructured text documents which would include
interesting ones from a specific user’s point of view. In Table 3, 4, and 5, their
basic statistic data are shown. The columns Word number quote the average
number of words per document. Three different sets of data were used:
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Table 2. The ranking algorithm

1. Represent m new unlabeled documents (which can be either rel-
evant or irrelevant to a certain degree) using a bag of words from
the training phase.

2. For each new unlabeled vector u;, compute its cosine similarity
measure s(uj, vj), i.e., its relevancy degree, to all labeled training

vectors (neighbors) vj, i=1,...,n, j=1,...,m:
T
Ui Vj
s(ui, vj) = +—r, 1
() = o sl W

where u;” is transpose of u;. Two identical vectors have the sim-
ilarity s = 1; without any common coordinate (word), the simi-
larity s = 0.

3. For each uj, select its k nearest neighbors v;, j =1,...,k, where
a higher similarity s means a closer distance. Using the k highest
similarities sin n, compute the resulting u;’s value w(u;) used for
setting up its ranking position:

w(us) = ZSkNN(ui,Vj) (2)

4. According to the w’s obtained in the previous step, create the
rank of all investigated documents: higher w’s mean higher posi-
tions in the rank.

5. Within the acquired rank, label the first r vectors as positive ones
and provide them as relevant documents.

— The standard Reuters-21578 dataset [2] that was slightly modified—for the

experiments—by removing all one-sentence documents (so-called brief ones,
having only the <TITLE> tag and an artificial text-body “Blah blah blah.”).
Thus, the final number of employed documents slightly decreased from 21,578
t0 19,779. In addition to the numbers of documents in Table 3, there were also
10,167 documents from the remaining topics—this was used as the negative
instances, too.

Commonly employed 20 topically more or less different newsgroups [3] from
Internet conferences. Each of the newsgroups had 990 examples and repre-
sented one topic.

Special medical data GLALL [4] that comprise selected documents obtained
from the Internet resources. These documents were separated by an expert
physician into two subgroups: positive examples and—in this case, for testing
the ranking algorithm—mnegative ones from the same special medical domain.
The GLALL positive and negative medical documents were generally very
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similar from a human point of view, so mining relevant documents was not
easy also for humans.

The baseline for Reuters topics was between 0.01 and 0.19, for 20 Newsgroups
0.05, and for GLALL 0.58. The mining procedure tried to imitate typical sit-
uations described by physicians. In the experiments with the Reuters dataset,
ten topics having the highest number of documents were used as the relevant
classes. From these ten topics, each of them was successively chosen as a positive
class and the remaining nine topics together with the rest of all data acted as
negative instances for testing. Similarly, from the 20 newsgroups data, each of
the topics was in rotation used as a relevant class and the 19 remaining topics as
an irrelevant class. The GLALL documents consisted of a positive and negative
class, so using this data was straightforward.

Table 3. Reuters basic statistics

Document Topic Document Word

1D label number number
1 earn 3799 93
2 acq 2213 143
3 money-fx 689 232
4 grain 580 207
5 crude 573 245
6 trade 517 283
7 interest 426 211
8 ship 303 181
9 wheat 288 201
10 corn 224 243

5 Data Preprocessing

In all the experiments, simple preprocessing based on stemming was used. To
obtain a stem of each word, the commonly used Porter’s stemming algorithm
[8] of the suffix stripping was applied. This step is commonly used and one of
its advantages is decreasing the number of many dimensions. After this stage,
a dictionary could be created as a bag of words from the original training ex-
amples. Removing the most common words (stop words) from the bag of words
was tested as well. In one part of tests, the stop-list containing the first 100, 200,
and 300 English stop words was used (e.g., the first five stop words were the,
of, and, a, to, ...). Then, using the dictionary, all the appropriate documents
were encoded into vectors of numbers. Every position in a vector corresponded
to a certain word in the dictionary. Two types of encoding were employed. The
first straightforward method used the binary tag ‘1’ in a position of the vector if
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Table 4. 20 Newsgroups basic statistics

Doc. Topic Doc. Word|Doc. Topic Doc. Word
ID label num. num.| 1D label num. num.
1 alt.atheism 990 323 | 11 rec.sport.hockey 990 280
2 comp.graphics 990 257 | 12 sci.crypt 990 319
3 comp.os.ms-windows.misc 990 484 | 13 sci.electronics 990 193
4 comp.sys.ibm.pc.hardware 990 190 | 14 sci.med 990 288
5  comp.sys.mac.hardware 990 173 | 15 sci.space 990 281
6 comp.windows.x 990 304 | 16 soc.religion.christian 990 383
7 misc.forsale 990 133 | 17  talk.politics.guns 990 330
8 rec.autos 990 208 | 18 talk.politics.mideast 990 490
9 rec.motorcycles 990 186 | 19  talk.politics.misc 990 402
10 rec.sport.baseball 990 222 | 20 talk.religion.misc 990 327

Table 5. GLALL basic statistics.

Document Topic Document Word
ID label number number
1 interesting 406 128
2 uninteresting 295 107

the corresponding word was present in the document; otherwise, ‘0’. The second
method used a word-frequency in a document to give more information to the
k-NN algorithm. Essentially, these frequencies played a role of word weights.

6 Description and Results of Experiments

In the experiments, there were employed two algorithms. The first one was k-NN
trained only by positive examples as explained in Section 3. The second one was
the standard naive Bayes classifier, see [6], which was used for the comparison
with results obtained by k-NN. This classifier was trained using both positive
and negative examples. Each algorithm used the 10-fold cross-validation, where
the training phase employed one fold, while the testing phase the remainder.
The reason was that the user usually has a few of the positive examples and he
or she needs to mine additional interesting documents from a large number of
unlabeled instances provided by, for example, a WWW search engine.

Evaluation of the algorithms’ success was done in the following way. After
the ranking and subsequent sorting of the test documents, there should be rel-
evant documents at the first positions, and irrelevant ones at the last positions.
In the graphs, the effectiveness of algorithms is presented using the precision
dependence on recall [10]:

number of identified positive items (3)

precision = total number of assigned items
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recall = number of identified positive items (4)

total number of positive items

For example, in the graph in Fig. 1 if one is interested in documents represented
using word-frequency without removing stop-words (freg,0), he or she can see
that the recall value 0.5 predicts the precision around 0.8 for positive instances.
The other method used for comparing results is so-called F}-measures, which
combine precisions and recalls according to the definition in [10]:

2RP
F(R,P)= ——, 5
W(RP) = )
where R stands for the recall and P stands for the precision. In the experiments
described in this paper, the F'1 measure was computed using the best pair of
the recall value and its corresponding precision.

6.1 Ranking the Reuters Dataset

The following graphs Fig. 1 and 2 are samples of the ranking procedure applied
to two selected topics from the Reuters dataset. Obviously, the 5-NN algorithm
rearranges the unlabeled instances so the more relevant ones get higher priorities,
which helps the user to obtain them.

1o o " freq, 300 ]
] binary, 300
0.8 Bayes
[«
o
-
40.6 binary, 0
0
[0 “
A freq, 0™,
0.4
0.2 baseline
0 : L L .
0 0.2 0.4 0.6 0.8 1
Recall

Fig. 1. The Reuters ID No. 1 for 5-NN. The dependence precision-recall for different
word representations (frequency, binary) and stop-word number (0 and 300). For the
comparison of the results, the baseline and Bayes are provided

The average values in Table 6 show the precision for the first 10 and 50 doc-
uments with the highest priority determined by the user. The precision depends
on k nearest neighbors, on the representation of words (b stands for binary,
f stands for frequency), and on the number of stop-words. The numbers of
documents were selected 10 and 50 because users usually prefer not to read too
many documents, i.e., not more than, for example, ten; certainly not more than
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0.8fF u“abinary,BOO

Precision
o
o

Bayes

Recall

Fig. 2. The Reuters ID No. 10 for 5-NN. The dependence precision-recall for different
word representations (frequency, binary) and stop-word number (0 and 300). For the
comparison of the results, the baseline and Bayes are provided

fifty. It is possible to notice the differences between 10 and 50. In the experi-
ments, there were used also 20, 30, and 40 documents, however, the precision
decreased approximately linearly. Obviously, the frequency representation to-
gether with using at least 100 stop-words provided better results. However, it
is difficult to say generally whether 100, 200, or 300 stop-words should be em-
ployed. Regarding the number of neighbors, the best results were obtained for
5-NN, the frequency encoding and a nonempty list of stop-words. Table 7 com-
pares the F'1 measure between the naive Bayes and the best k-NN over all topics
in the Reuters data. According to the expectation, the naive Bayes learning from
both positive and negative data achieved in this case better results than k-NN
learning only from positive examples. On average, the F'1 measure for Bayes was
0.55 while for k-NN it was 0.44.

6.2 Ranking the Newsgroups

The following two tables demonstrate results obtained using other dataset. For
the 20 Newsgroups, the results depicted in Table 10 are very similar to the
Reuters data. Moreover, in the case illustrated by Table 9, Bayes provided even
much better results (0.90) on average than k-NN (0.36) that was inferior.

6.3 Ranking the Medical Dataset GLALL

Unlike the previous data, the medical dataset GLALL gave rather different out-
comes. The number of nearest neighbors played the main role, and the best
results were obtained for 1-NN. Compared with the results for other datasets,
5-NN provided the worst results. In addition, the dependence on stop-words as
well as on encoding was quite negligible. Surprisingly, in the case of GLALL,
k-NN’s F'1 measure was slightly better: 0.73 in comparison with 0.68 for Bayes.
This result is in Table 11.



Mining Relevant Text Documents Using ... 37

7 Conclusions

The experiments with real data from three various domains revealed that users
can successfully employ even a relatively simple algorithm as k-NN trained only
by positive examples. If a user is interested only in a small part of relevant,
however as significant as possible data, this algorithm is capable to mine the
requested text documents with very high precision. The best achieved precision
values, where the requested number of documents was 10, were 88% for the
standard Reuters dataset, 87% for the 20 newsgroups, and 93% for the special
medical dataset GLALL. In addition, GLALL had significantly lower decrease
of precision (from 0.93 to 0.68) than the other datasets: 0.88 to 0.33 for Reuters,
and 0.87 to 0.11 for 20 Newsgroups; the reason is probably in the higher GLALL’s
baseline.

The k-NN’s outcomes were compared with the naive Bayes classifier, which
expectedly gave mostly better results, except for GLALL. On the other hand,
Bayes requests both positive and negative examples for its training. The remain-
ing problem is that it is not easy to predict which algorithm and its parameters
can provide the best results because the results were rather different. Testing
with more real data could bring more accurate answers, and this is the aim of
the future work.
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Table 6. The precision values for the Reuters dataset based on different settings for the
neighbor number k, frequency (f) or binary (b) encoding, and number of stop-words

For the first 10 documents For the first 50 documents
Precision Neighbor Encoding Stop-word|Precision Neighbor Encoding Stop-word

value number kK forb number | value number k forbd number
0.88 5 f 200 0.77 5 f 100
0.88 5 f 300 0.76 5 f 300
0.87 5 f 100 0.76 5 f 200
0.86 1 f 100 0.75 3 f 100
0.86 1 f 200 0.74 3 f 200
0.85 1 f 300 0.74 3 f 300
0.85 3 f 100 0.70 1 f 300
0.85 1 f 0 0.69 1 f 100
0.84 3 f 200 0.69 1 f 200
0.84 3 f 300 0.58 1 f 0
0.80 1 b 300 0.44 1 b 300
0.80 1 b 200 0.44 1 b 0
0.79 1 b 100 0.43 1 b 200
0.78 1 b 0 0.42 1 b 100
0.58 3 f 0 0.40 3 f 0
0.47 3 b 0 0.33 5 f 0
0.46 5 f 0 0.32 3 b 0
0.42 3 b 100 0.28 3 b 300
0.41 3 b 300 0.28 5 b 0
0.41 3 b 200 0.27 3 b 200
0.40 5 b 0 0.27 3 b 100
0.34 5 b 300 0.23 5 b 300
0.34 5 b 200 0.22 5 b 200
0.33 5 b 100 0.21 5 b 100

Table 7. The comparison of the F1-measure for Reuters

Document Fl-measure F1l-measure
1D for Bayes for k-NN

1 0.85 0.83
2 0.63 0.36
3 0.63 0.44
4 0.56 0.34
5 0.65 0.46
6 0.48 0.35
7 0.53 0.55
8 0.47 0.39
9 0.42 0.40
10 0.33 0.29
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Table 8. The precision values for the 20 Newsgroups dataset based on different settings
for the neighbor number k, frequency (f) or binary (b) encoding, and number of stop-
words

For the first 10 documents For the first 50 documents
Precision Neighbor Encoding Stop-word|Precision Neighbor Encoding Stop-word

value number kK forb number | value number Kk forb  number
0.87 5 f 100 0.76 5 f 200
0.84 5 f 200 0.75 5 f 300
0.83 5 f 300 0.75 5 f 100
0.81 3 f 100 0.71 3 f 100
0.76 3 f 200 0.70 3 f 200
0.73 3 f 300 0.68 3 f 300
0.59 1 f 100 0.58 1 f 100
0.54 5 f 0 0.51 1 f 200
0.53 3 f 0 0.49 1 f 300
0.51 1 f 0 0.34 5 f 0
0.50 1 f 200 0.34 3 f 0
0.47 1 f 300 0.33 1 f 0
0.33 1 b 300 0.13 1 b 300
0.32 1 b 200 0.13 1 b 200
0.31 1 b 100 0.12 3 b 300
0.28 3 b 100 0.12 3 b 200
0.25 3 b 200 0.11 5 b 300
0.23 3 b 300 0.11 5 b 200
0.21 1 b 0 0.09 1 b 100
0.18 5 b 100 0.09 3 b 100
0.17 3 b 0 0.09 5 b 100
0.16 5 b 200 0.07 1 b 0
0.14 5 b 300 0.06 3 b 0
0.11 5 b 0 0.06 5 b 0

Table 9. The comparison of the F1-measure for 20 Newsgroups

Document Fl-measure F1-measure|Document F1-measure F1-measure
ID for Bayes for k-NN 1D for Bayes for k-NN
1 0.91 0.33 11 0.97 0.52
2 0.91 0.41 12 0.94 0.41
3 0.97 0.94 13 0.70 0.14
4 0.86 0.28 14 0.94 0.28
5 0.82 0.21 15 0.93 0.26
6 0.95 0.37 16 0.94 0.44
7 0.85 0.27 17 0.91 0.31
8 0.86 0.25 18 0.97 0.51
9 0.86 0.24 19 0.91 0.28
10 0.93 0.33 20 0.87 0.28
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Table 10. The precision values for the GLALL dataset based on different settings for
the neighbor number k, frequency (f) or binary (b) encoding, and number of stop-words

For the first 10 documents For the first 50 documents
Precision Neighbor Encoding Stop-word|Precision Neighbor Encoding Stop-word

value number k& forb number | value number k forbd  number
0.93 1 b 300 0.79 1 f 0
0.92 1 b 200 0.77 1 f 100
0.92 1 b 100 0.75 1 f 300
0.92 1 b 0 0.75 1 f 200
0.90 1 f 300 0.73 3 f 0
0.90 1 f 200 0.73 1 b 200
0.90 1 f 100 0.73 1 b 100
0.90 1 f 0 0.73 1 b 0
0.84 3 f 0 0.72 5 f 0
0.83 3 b 0 0.72 3 f 100
0.81 5 f 0 0.72 1 b 300
0.81 3 b 100 0.71 3 f 200
0.80 3 b 300 0.70 5 f 100
0.80 3 b 200 0.70 3 f 300
0.79 5 f 300 0.68 5 f 200
0.79 3 f 200 0.67 5 f 300
0.78 5 f 200 0.64 3 b 0
0.78 5 f 100 0.63 3 b 200
0.78 3 f 300 0.62 3 b 100
0.78 3 f 100 0.61 5 b 0
0.75 5 b 0 0.61 3 b 300
0.72 5 b 100 0.59 5 b 300
0.69 5 b 300 0.58 5 b 200
0.68 5 b 200 0.58 5 b 100

Table 11. The comparison of the F1-measure for GLALL

Document Fl-measure Fl-measure
ID for Bayes for k-NN
1 0.68 0.73
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Abstrakt. Uspésnost kazdého kli¢ového algoritmu zavisi také na mnoha
dalsich podptrnych algoritmech. Ukazalo se, Ze problém redukce dimenze
bindrniho prostoru pomoci faktorového rozkladu binarnich matic (napf.
redukce dokument-term incidenéni matice) je hodné zavisly na moznosti
provadét pseudo-déleni obecnych binarnich matic. Pfispévek predstavuje
feSeni tohoto problému.

Kli¢ova slova: binarni matice, pseudo-déleni, bindrni faktorové analyza, slozitost

1 Uvod

Uspésnost kazdého kli¢ového algoritmu zavisi také na mnoha dal$ich podptirngch
algoritmech. Ukéazalo se, ze problém redukce dimenze bindrniho prostoru pomoci
faktorového rozkladu bindrnich matic (napf. redukce dokument-term incidenéni
matice) je hodné zavisly na moznosti provadét pseudo-déleni obecnych bindrnich
matic.

Binérni prostory jsou obdobou vektorovych prostort, jejich studium a rtizné
druhy analyz bindrnich dat (bindrnich analyz) ¢asto nemohou pouzivat znamé
algoritmy linearni algebry, nebot binirni data vyzaduji pro dosaZeni smyslupl-
nych vysledku analyzy specificky pfistup. Jednim z pfikladd je binarni faktorova
analyza (BFA), coZ je analyza snazZici se o vyjadfeni skrytych vztaht mezi zkou-
manymi objekty/veli¢inami tim zptisobem, Ze tyto rozdéli do libovolné se prekry-
vajicich shlukt vzdy obsahujicich podobné nebo podobné se chovajici objekty.
(Vice o BFA viz [1], [2], [3], [4].)

BFA je ¢isté binarni metodou pouzivajici vyhradné booleovskych operaci
(které je mozno vyjadfit urc¢itou kombinaci booleovského souctu, soucinu a ne-
gace). Neni tedy linedrni, a proto pro jeji vipocet nelze pouzit bézné faktorizaéni
metody zaloZené na linearni algebfe.

BFA se také odlisuje od jinych bindrnich shlukovacich metod tim, Ze umoz-
nuje libovolné prekryvani shlukti, ¢imz umoznuje dosdhnout mnohem lepsich
vysledki nez jiné binérni nebo dokonce linearni metody.

Vypocet BFA stoji na provadéni velkého mnoZstvi operaci na binarnich Cis-
lech, binarnich vektorech a binarnich maticich. Jednou z problematickych ope-
raci, které se dfive BFA algoritmy snazily vyhnout, je binidrni maticové pseudo-
déleni, kdy se snazime najit jeden z Ciniteld pfi znalosti druhého cinitele a vy-
sledného soucinu. Pravé na feSeni tohoto problému je zaméren tento prispévek.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 41-50, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2 Pseudo-déleni binarnich matic

Jak bude predvedeno v dalsi kapitole, pseudo-déleni binarnich matic je u mnoha
algoritmi pro feseni BFA dilezitou, nékdy i klicovou operaci, nebot ndm prede-
vsim umoznuje stanovit kvalitu dil¢iho ¢i kandidatniho feSeni rozkladu binarni
matice na booleovsky soucin dvou binarnich matic.

2.1 Pouzita notace

V textu se budeme pohybovat v oblasti binarni algebry. VSechny matice jsou
tedy binarni, tj. obsahuji jen nuly a jednicky. Operace na maticich, vektorech i
skaldrech jsou bindrni (booleovské). Operace ,nasobeni“ ® a ,soucet @& tedy
chapeme booleovsky, na pocitaci jim odpovidaji AND a OR. Pfi omezeni na pouze
binarni hodnoty je pak u téchto operaci jediny rozdil oproti klasické aritmetice:
1®1=1. Viz tabulka 1.

Tabulka 1. Binarni operatory.

©l0]1 @01
0100 001
1101 111

Pro zptehlednéni vzorci a algoritmi pouzivame zjednodusenou notaci vSude
tam, kde nemtize dojit k zdméné vyznamu. Napriklad malym a s dvéma indexy
a;; automaticky chapeme prvek na pozici fadku ¢ a sloupci j matice oznacené
velkym pismenem A. malym a; s jednim indexem znacime fadkovy vektor matice
A. VSechny indexy jsou ¢islovany od jednicky. Binarni operace kombinujeme i
s klasickou aritmetikou vSude tam, kde je to vhodné pro lepsi srozumitelnost.

V situacich, kde by k zaméné vyznamu dojit mohlo, ddvame na notaci velky
pozor. Napfiklad rozliSujeme klasickou sumu ), kterd vSechny argumenty se-
¢te klasickym souétem +, a bindrni sumu \/, kde argumenty s¢itdme bindrné
operatorem .

2.2 Definice problému pseudo-déleni

Je dana matice X typu n X p a matice A typu m x p. Hledame matici F typu
n x m tak, aby platila pfiblizna rovnost

Kinxp] & Finxm] © Apmxp]

Pfitom hledame takovou matici F, aby odchylka dana hodnotou funkce discre-
pancy d, udavajici pocet rozdilnych bitd mezi soucinem F ® A a datovou matici
X, byla co nejmensi.

A~

X=FOA
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n p
=22l =i
i=1 j=1

Jelikoz maticovy soucin F ® A neni komutativni operaci, je vhodné poznamenat,
ze hledame levou matici sou¢inu F, zatimco pravou matici A zname.

2.3 Naivni FeSeni

Nejjednodussim algoritmem je postupné zkouseni vsech moznosti. Prace zaby-
vajici se bindrni faktorovou analyzou kdysi skute¢né byly omezeny na toto slepé
hledani matice F, ¢asova vypocetni slozitost je vak fadu 2VV. To omezuje prak-
tickou pouzitelnost tohoto algoritmu na velmi malé matice.

2.4 Vypocet po radcich

Vypodet po Fadcich byl poprvé predstaven v préaci [3]. Zatneme rozepsanim
vzorce pro nasobeni matic.

m

\/ (fir © ax;y) (1)
Vyjadiime-li matice pomoci Fadkovych vektora X = [z1,...,z,] a A = [a1, ..., an),
muzeme vzorec 1 prepsat takto

m

\/ (fir © ar) (2)

Podobné mizeme odchylku d vyjadrit jako sumu fadkovych odchylek

7 vzorce 2 je vidét, ze pro vypocet i-tého fadku matice X potfebujeme znat jen
i-ty fadek matice F. To samoziejmé plati i opacné: Matici F miizeme hledat po
fadcich s vyuzitim vzdy jen jednoho odpovidajiciho fadku matice X. Postupné
tedy do kazdého faddku dosazujeme vSechny hodnoty (bitové zakédované do &isel
0 az 2™—1) a pocitdme odchylku d; pro dany radek i.

2.5 Vypocet Fadku zatFfidovanim

Dale se zaméfime na vypocet jednotlivého Fadkového vektoru f;, zde popsany
postup tedy opakujeme pro vSechna i € [1,n]. Kli¢em tspéchu je vhodna inter-
pretace vzorce 2. Kazdy fadek x; musime chapat jako binarni vektorovy soucet
néjaké podmnoziny fadka z A. To, zda konkrétni fadek ay, je v této podmnoziné
obsaZen, je ur¢eno hodnotou bitu f;;. Nasim cilem je co nejrychleji najit tuto
podmnozinu, ¢imz vypocéteme hodnotu celého Fadkového vektoru f;.
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Nejprve pro kazdy fadek aj spocitame pocet odchylenych biti, tj. téch, pro které
pri obsazeni aj v hledané podmnoziné plati jeden z téchto dvou vztaht:
Pozitivni odchylka: a; =0 a x;; =1

Negativni odchylka: a; =1 a x;; =0

Pozitivni a negativni odchylky pocitame vzdy jako sumu vSech odchylek stejného
typu pro radkové vektory z; a ag.

Negativni odchylka je velmi nepiijemnad; zpisobuje, Ze jednickovy bit, ktery se
takto generuje tam, kde byt nema, jiz nelze nijak odstranit. Binarni soucet jed-
nicky s libovolnym poctem libovolnych dalsich hodnot je vzdy roven jedné.

Naopak pozitivni odchylka neptisobi problémy, nebot chybéjici jednicku mii-
zeme do bitu z;; dosadit pfidanim dalsiho fadku z A.

Velmi vyhodné je vyuzit paralelnich booleovskych vypocetnich instrukci, které
obsahuji iplné vsechny mikroprocesory a jsou podporovany i ve vyssich progra-
movacich jazycich. Jedna se o klasické operace and, or, not a xor nad celoci-
selnymi datovymi typy (integer). Mame-li matice v paméti ulozeny po fadcich
tak, ze po sobé jdouci bity na Ffadku matice odpovidaji po sobé jdoucim bitim
v paméti poéitace, mizeme vypocet vyrazné urychlit. (Pofadi ulozeni matico-
vych fadkt v paméti pocitade v8ak rozhodujici neni.) Naptiklad béZné procesory
typu x86 umoznuji snadno pocitat se 32 bity. Nas algoritmus je proto zdmérné
navrzen tak, aby vSechny jeho ¢asti pracovaly s fadkovymi vektory o délce 32
bitid, pfiéemz vyuziti vSech téchto 32 bitl neni povinné (pro vektory kratsi nez
32 bith zistdvaji ostatni pamétové bity vynulované). Kéd v pseudo-jazyku po-
uzivé klasické pocitacové znaceni Fadkovych vektort (X[i] je vektor x;, A[k] je
vektor ay, atp.) a operaci mezi nimi.

Pro v8echny ¥adky A[k] {

match = A[k] AND X[i]

if (match==0) {
//tadky nemaji Z&dné odpovidajici jednickové bity
//tento fadek rovnou zahodime (neni pot¥eba nikde pamatovat)

} else {
//match nyni obsahuje odpovidajici si jednickové bity
//dale zjistime, jakou odchylku vytvafeji ostatni bity
goodbits = polet_nenulovych_bitd(match)
negative_d = polet_nenulovjch_bita(A[k] AND NOT X[il)

if (negative_d==0) {
//negativni odchylka je nulovd --> tento fadek urcité& pouzijeme
pfidej A[k] mezi vybrané Fadky
goodsum = goodsum OR A[k]
} else if(goodbits > negative_d) {
//¥adek generuje jistou negativni odchylku,
//ta je v8ak men8i neZ polet odpovidajicich si jednicek
//proto si ¥adek dame do seznamu kandidatd
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p¥idej A[k] mezi kandidatni Fadky
} else {
//¥adek generuje vic negativnich odchylek, neZ shodnjch bitd
//proto jej miZeme rovnou zahodit
3
}
}

Dulezitou soucasti tohoto kédu je funkce poet_nenulovych_bitd (). Tato ope-
race neni nativné podporovdna mikroprocesorem (coz je s podivem), takze jeji
implementaci nejlépe zajistime vyhledavaci tabulkou — piredpocitame si tabulku
(pole), obsahujici na kazdé pozici i hodnotu odpovidajici poétu jednicek v bi-
tové zakédovaném éisle i. Tabulka miize mit napiiklad 28 = 256 hodnot, funkéni
hodnotu 32bitového vektoru pak spocitame jako soucet funkénich hodnot Etyf
osmibitovych vektori. Toto FeSeni je velmi rychlé a pamétové nendrocné.

Vyse uvedeny algoritmus tedy roztiidi fadky aj do tii skupin:
Vybrané: Ty urcité budou soucasti hledané podmnoziny.
Vytazené: Ty soucasti podmnoziny uréité nebudou.
Kandidatni: Ty se ztGcastni dalsiho vypoctu.

Nyni tedy uz mame uréitou mnozinu radkd A, které negeneruji zadnou nega-
tivni odchylku, takze jejich obsazeni v hledané podmnoziné je urcité bezpecné.
Superpozici téchto radku tedy odecteme od z; a dale budeme pokracovat jen se
zbyvajicimi bity, ozna¢me si je rest.

rest = X[i] - goodsum
if (rest==0) hotovo!

Je-li rest=0, vypocet je u konce, nebot jsme nasli pfesné vyjadreni z; pomoci
superpozice podmnoziny fadkt z A. Vektor f; je pak roven superpozici vybranych
radkt z A.

fi= \/(aj : aj je mezi vybranymi Fadky)
Coz miizeme zapsat také v pseudo-jazyku

if (rest==0) {
F[i] =0
pro vSechny vybrané_A[j] {
F[i] = F[i] OR vybrané_A[j]
}
return F[i]; //hotovo!
}

Je-li rest nenulové, pokracujeme dal. Nejprve omezime vSechny kandidatni
fadky na bity neobsazené v goodsum.
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pro vi8echny kandidatni_A[j] {
kandidatni_A[j] = kandidatni_A[j] AND rest
}

Mezi nimi pak hledame takovou podmnozinu, jejiz odchylka d od vektoru rest je
minimalni. To uz opravdu musime provést zkousenim vsech kombinaci, po¢itame
zde jiz obycejnou d jako pocet rozdilnych bitt mezi dvéma vektory.

d[k] = pocet_nenulovyjch_bitt(A[k] XOR rest)

Hlavni vliv na rychlost této posledni fize vypoctu ma pocet kandidatnich radkia.
Nastésti se pii experimentech ukézalo, ze pocet kandidatnich radkd je obvykle
velmi nizky, drtiva vétsina radkt z A totiz pfimo padne mezi vybrané ¢i vyfazené
radky.

3 Analyza slozitosti

Pokusme se nyni formalné vyjadrit ¢asovou sloZitost algoritmu predstaveného
v predchozi kapitole. Obycejné slepé hledani matice F ma fadovou slozitost
O(2™ - nmp) ~ O(2™™), nebot musime vyzkouset vSechny bitové kombinace
O(2"™) a u kazdé pak provést maticovy soucin s vypoctem odchylky O(nmp).

P1i hledani matice F po fadcich jiz dosahneme zna¢ného zrychleni — takto
upraveny algoritmus mé totiz fadovou slozitost jen O(n - 2™ - p) ~ O(2™), nebot
pro kazdy tadek datové matice O(n) opakujeme prohleddni vSech podmnozin
O(2™) s porovnanim viéi datové matici O(p).

Rychlost naseho vysledného algoritmu je vSak jesté vyssi a zavisi predevsim
na poctu rfadkd z A, které vyjdou z prvni ¢asti algoritmu jako kandidatni a za-
Castni se tak jeho druhé ¢asti. Zrychleni je pfitom o to vétsi, ¢im méné je téchto
kandidatnich fadkt. Pomér zrychleni vi¢i pivodnimu algoritmu je vSak neline-
arni, nebot se jedna o zmensovani hodnoty mocniny N ve vzorci 2. Protoze
tento vztah nelze vyjadrit obecné, rozhodli jsme se analyzovat chovani algo-
ritmu na redlnych vypoctech. Zméfili jsme celkové pocty vybranych, vytazenych
a kandidatnich radkid. Namétené hodnoty a jejich pomér ukazuje tabulka 2.

Béhem experimentti v redlném prostiedi byly zpracovany vice nez dvé mi-
liardy maticovych radkt. Nasi snahou bylo zahrnout rovnocenné mnozstvi vy-
poc¢ti na tfech algoritmech (geneticky algoritmus GABFA, konceptudlni svazy,
blind search BFA), podrobnosti o téchto algoritmech vyuzivajicich pseudo-déleni
binarnich matic jsou v dalsi kapitole. Pfedevsim se ukazalo, Ze je obrovsky roz-
dil mezi pocty provedenych pseudo-déleni. Drtivou vétSinu vypoctl pripadlo na
algoritmus blind search, naopak pod algoritmus konceptudlnich svazi spada jen
jedno promile z celkového poctu vypoctu.

Podil kandid4tnich f4dki na celkovém poctu je 7.55%. Jelikoz vSak nejdilezi-
t&jsi algoritmus, kde se pseudo-déleni pouzivé, je geneticky algoritmus GABFA,
berme radéji za smérodatnou hodnotu podilu 11.79%. Hodnota udéva, Ze na-
misto pivodni slozitosti fadu O(2™) mé novy algoritmus v pramérném piipadé
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Tabulka 2. Vysledky experimenti. Tabulka uvadi podily vybranych, vyfazenych a
kandidatnich fadka A na celkovém poctu vice nez dvou miliard vypocti.

radky matice A

vybrané‘ Vyf"azené‘ kandidétni‘ celkem
Geneticky algoritmus GABFA:
(provedeno vicero méfeni) 2 573 961 1228 738| 3022 301
1 560 609 833 598| 1 550 793
540 595 348 354| 1166 051
10 452 173 928 50 620
7 834 175 419 51 747
12 990 192 808 59 202

1914 331] 34 034 944| 2 309 925
1604 040] 29 477 802| 1 767 758
8 224 812 66 465 591 9 978 397| 84 668 800

9.71% 78.50% 11.79%
Konceptualni svazy:
331068 1918156 45726 2 294 950
14.43% 83.58% 1.99%

Blind search BFA:
10 177 140(1 839 111 783(147 242 916|1 996 531 839
0.51% 92.12% 7.37%

celkem:
18 733 020|1 907 495 530({157 267 039(2 083 495 589
0.90% 91.55% 7.55%

slozitost fadu O(2°-1179). V nejhorsim piipads je slozitost stdle O(2™), ale re-
alné je mezi ptvodnim a novym algoritmem propastny rozdil', a to tim vétsi,
¢im vétsi je pocet faktort. Napiiklad pii vypoctu 35 faktord se méni vypocetni
¢asy z jednotek dnd na jednotky sekund. (Porovnavame zde jiz ¢asteéné opti-
malizovany vypocet po fadcich s nasim algoritmem.) Dvé miliardy Fadkt, které
jsou zahrnuty do zde uvedenych experimenti, byly nasim algoritmem zpracovany
béhem nékolika desitek sekund.

Neméné dilezity je také fakt, ze veskeré vypocty provadime pomoci para-
lelnich booleovskych instrukei, coz na béznych pocitacich s procesory typu x86
znamend vypocet 32 hodnot v jednom priichodu algoritmem. Z toho divodu
jsou také nejdulezitéjsi casti algoritmt uvadény v pseudo-kédu, coz je mnohem
jednodussi, nez pouzivani klasické algebraické notace.

4 Aplikace algoritmu

V této kapitole predstavime nékolik algoritmui, kde se pseudo-déleni binarnich
matic uplatni. VSechny navic maji jednu spole¢nou vlastnost (neboli ,spolecny

! Srovnejte napiiklad s fenoménem algoritmu Quick sort.
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faktor“): Jsou pouzivany k redukci dimenze bindrniho prostoru, extrakei pii-
znaku a vyhledavani shluka ¢i faktor v bindrnich datech.

4.1 Blind search BFA

Jak jiz bylo zminéno, algoritmem nejvice zdvislym na pseudo-déleni binarnich
matic, je Blind search BFA (viz [3], [4]). Tento algoritmus postupné prochdzi
uplné vSechny kombinace bitovych hodnot pro matici A a pro kazdou tako-
vou kandidatni matici poéita pseudo-podil X/A. Kandid4tnich matic je opravdu
hodné, proto se nelze divit obrovskému poc¢tu opakovani pseudo-déleni, ¢asto i
mnohem vétsich fad{ nez miliardy, na které jsme narazili béhem vyse uvedenych
experimentt (viz tabulka 2).

Jako konkrétni piiklad zde uvedme datovou sadu p3 (matice o rozméru 100 x
100), kterou jsme dlouho povazovali za problematickou, nebot vypocet BFA na
ni trval 7 a pul dne. Po pfechodu na novy algoritmus pseudo-déleni je vypocet
hotov na stejném pocitaci za pouhych 8 sekund.

4.2 BFA pomoci konceptualnich svazu

Dal8im algoritmem pouzivajicim pseudo-déleni je vipocet BFA pomoci pfevodu
na problém stavéni konceptuélnich svazt (viz [4], [5]). Tento algoritmus se snazi
pro vypocet BFA vyuzit fadu znalosti z formélni konceptuélni analyzy (FCA).
Ty jsou v poslednich letech stredem vyzkumu mnoha védci, takze v této oblasti
miizeme najit mnoho zajimavych algoritmi. (BFA je narozdil od FCA nehie-
rarchickou analyzou.) Jak ukdzaly experimenty, algoritmus provadéjici pfevod
vysledki FCA na vysledky BFA vystac¢i s pomérné malym mnozstvim pseudo-
déleni (pouhé jedno promile poctu, ktery byl nutny pro vypocet stejného pro-
blému metodou Blind search). Také je zajimavé, ze pouze 1.99% radkt spada
do kandidatnich, takze skutecna slozitost naseho algoritmu pseudo-déleni se zde
méni z exponencialni na de facto linedrni.

4.3 GABFA

Geneticky algoritmus GABFA je dal$im moZnym zpusobem, jak fesit problém
BFA. Narozdil od vySe uvedenych algoritmii, pribéh tohoto algoritmu zavisi na
nahodnych ¢islech, takze podily kandidatnich radkt na celkovém poctu, stejné
jako samotny celkovy pocet vypoctt se v jednotlivych pripadech méni. I pfi opa-
kovaném zkouseni GABFA na identickych datech ndm vychazely pokazdé velmi
rozdilné hodnoty. Zatimco samotny algoritmus GABFA nakonec vzdy dospél ke
stejnému (a spravnému) feSeni, vypocty pseudo-déleni, které k tomu potfebo-
val, se v jednotlivych pfipadech velmi lisily. Proto jsme experimenty nékolikrat
zopakovali a vyslednd hodnota 11.79% kandidétnich radkd je jejich vazenym
priamérem.
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4.4 Lzivé atraktory neuronové sité

Vyzkum, ktery byl v poslednich 10 letech provadén na ruské akademii véd vedl
k zavéru, ze lidsky mozek provadi mimo jiné operace odpovidajici binarni Hop-
fieldové siti (viz [6]). Jednim z vysledkd tohoto vyzkumu je pak modifikovand
Hopfieldova neuronovd sit, ktera umi provadét vypocdet BFA. Vyhodou tohoto
algoritmu je pfedevsim fakt, Ze tato sit dokdze zpracovat mnohem vétsi datové
sady nez predeslé algoritmy. PTi spravném nauceni sité odpovidaji hledané fak-
tory atraktortim sité. (Atraktor je stav, do néhoz sif konverguje po pocateéni
néhodné inicializaci.)

Vypocet této sité muze fungovat i bez pseudo-déleni binarnich matic. Ne-
pfijemnym problémem jsou vSak 17ivé atraktory (spurious attractors), které se
v Hopfieldovych sitich pfirozené objevuji. Jsou to stavy, do kterych sif v né-
kterych pfipadech konverguje, aniz by tento stav odpovidal faktoru. Zde se pak
muze uplatnit pseudo-déleni binarnich matic. Pomoci pseudo-déleni totiz velmi
snadno spoc¢itdme matici F, kterou jinak neuronovd sit vypocitat nedokéze. Lzi-
vym atraktoriim (chybnym fadktim matice A) pak odpovidaji nulové sloupce
matice F. Nutno podotknout, Ze neni znama zadna jinad automatickd metoda
detekce 1zivych atraktort v tomto typu neuronové sité.

5 Shrnuti

Pfedstaven byl novy algoritmus pro pseudo-déleni binarnich matic, ktery nabizi
masivni vyuziti v binarni faktorové analyze. Analyza slozitosti ukdzala, Ze v nej-
horsim p#ipadé ma novy algoritmus éasovou slozitost fadu O(2™), stejné jako
algoritmus ptivodni. Primérna vypodetni slozitost je vSak priblizng O(20-1179m)
coz je o mnoho lepsi. Praktické experimenty ukazaly, ze novy algoritmus redukuje
mocninu ve vyrazu slozitosti zhruba 9x, ¢imz dosahuje nesrovnatelné lepsich vy-
sledkii. Naptiklad pti vypoctu 35 faktord se méni vypocetni ¢asy z jednotek dnt
na jednotky sekund. P¥inos algoritmu pro praxi byl dolozen nékolika ukazkami
jeho aplikace.
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Annotation:
Binary Matriz Pseudo-Division and its Applications

The level of success of each important algorithm depends also on its several
support algorithms. Dimension reduction of a binary space using binary factor
set (e.g. reduction of a document-term matrix) is very dependent on the ability
to pseudo-divide generic binary matrices. This paper presents the algorithm for
this kind of pseudo-division.

The presented algorithm seems to be very good. Its time complexity is O(2™)
in the worst case, which is the same as the old simple algorithm has. This is
the worst case, but the average time complexity of our algorithm is approx.
O(20-1179m) " and that’s significantly better. We also presented the benefits of
our algorithm on practical examples.
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Abstrakt. Prispevok sa zaobera individudlnym ziskavanim znalosti vo forme
symbolov v komunite mobilnych robotickych agentov a negotiativnym
prenosom tychto znalosti. Symboly reprezentujiice prostredie vytvaraju
jednoduchy komunikaény jazyk, ktory sa u jednotlivych agentov moéze liSit.
Uvadza sa struény prehlad reprezentacie jednoduchych tloh a udalosti vo
forme symbolov a moznosti ich spajania do modelov komplexnejsich uloh a
udalosti. Popisuje sa mechanizmus prenosu individualnych znalosti v skupine
agentov, kde kazdy z agentov ma k dispozicii len ¢ast’ znalosti potrebnych pre
splnenie definovanej ulohy. Na zaver sa uvadza vysledok zakladného
experimentu zamerané¢ho na sledovanie vplyvu kolektivneho prenosu znalosti
na shopnosti jednotlivych agentov splnit’ definovana tillohu.

KPucové slova: kognitivny agent, multi-robotické systémy, evolucna
lingvistika, prenos znalosti

1 Uvod

Jeden z najznamejsich a vel'mi zlozitych problémov v oblasti umelej inteligencie, ale
aj kognitivnych vied vo vSeobecnosti, je odpoved’ na otazku: ,,Je pre umely systém
mozné ziskat’ vyznam zdanlivo bezvyznamnych symbolov len na zaklade interakcie
s realnym prostredim? Ak &no, ako?. Tento problém je najcastejSie referovany, ako
tzv. problém ukotvenia symbolu (symbol grounding problem). Pre agentov, ktory
v nejakej forme ,,uvazuju“ o svojom prostredi alebo pouzivaju koncepty popisujuce
dané prostredie, je zvy€ajne problém ukotvenia symbolu potrebné riesit’.

Praca, ktorej Cast’ je prezentovana v tomto prispevku, sa zaoberd moznym rieSenim
problému formovania pouzitelnej symbolickej reprezenticie prostrednictvom
interakcii s prostredim a moZnostami pouZitia takto ziskanej reprezentacie. Znalosti
robotickych agentov pouzitych vtejto praci su ziskané v procese ucenia a st
reprezentované symbolmi, priCom tieto symboly mézu priamo predstavovat’ pojmy
jednoduchého komunikacného jazyka vytvoreného medzi agentom a jeho
Casti, z ktorych je kazdy symbol (koncept) zlozeny: (1) referent — redlne objekty
v prostredi (kontext), na ktoré symbol referuje, (2) vyznam, ktory symbol nesie a (3)
forma — oznacenie, reprezentativine meno symbolu.

Vzhladom na mozZnost, Ze rdzni agenti mohli nadobudnit znalosti v procese
konzultacii s ré6znymi inStruktormi, dochadza k situécii, kedy si symboly z rovnakych

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 51-62, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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domén reprezentované réznymi formami, teda, kazdy z agentov moze mat’ vyvinuty
jazyk pouzivajuci odlisné pojmy pre rovnaké udalosti v danej doméne. Pri skupinovej
kooperacii vyzadujicej komunikaciu takychto agentov potom dochadza k situécii,
kedy si agenti nie st schopni porozumiet’, pretoze kazdy z nich pouziva odli$ny jazyk.
V takomto pripade vznika potreba stabilizacie spolo¢ného slovnika takejto skupiny
agentov. Moznym rieSenim tohto problému je pouzitie tzv. jazykovych hier, ktoré
umoziiuju skupinova stabilizaciu slovnika spolo¢ného pre celii skupinu agentov,
pricom spoloény slovnik, lexikon, vznika v procese skupinovej negociacie informacii
o jednotlivych pojmoch jazykov agentov (napr. [3]). Dal§im problémom, ktory
vznika pri potrebe kooperativnej timovej akcie je, Ze znalosti v komunite agentov st
distribuované, to znamen4, ze ziaden z agentov neméa kompletné informacie potrebné
na splnenie pozadovanej tlohy. V tomto pripade vznikd potreba prenosu
individualnych znalosti o ¢iastkovych modeloch tloh, pomocou ktorych je mozné
dosiahnut’ rieSenie pozadovanej cielovej Glohy.

V nasledujucich castiach textu bude strucne popisand zakladnad pouzitd riadiaca
architektira vyuzivajica ,,ukotvené“ symboly a samotné rieSenie problému prenosu
individualnych znalosti o ¢iaskovych tlohach v komunite agentov operujucich
v spolo¢nom prostredi.

2 Popis riadiacej architektury

Riadiaca architektura pouzita v tejto praci je tvorend hierarchiou piatich znalostnych

urovni:

e Uroveii operacnych a situacnych symbolov: Jednoduché modely situacii a rieseni
trivialnych uloh. Jednotlivé symboly su ziskavané v procese ucenia pomocou
demonstracie Tudskym instruktorom. Vyznam symbolov je ukotveny v readlnom
prostredi prostrednictvom percepénych informécii.

o Uroveii meta-symbolov: Komplexné koncepty vytvorené definiciou hierarchii uz
existujucich opera¢nych symbolov (subsumpcné siete) a situacnych symbolov
(komplexné situécie reprezentované AND/OR grafimi).

o Uroveit operacnych stratégii: Interpret pravidlového systému obsahujici
mnozinu komplexnych stratégii reprezentovanych produkénymi pravidlami, kde
predpokladova cCast’ je tvorena logickou kombinaciou situacnych symbolov (resp.
situacnych meta-symbolov) a doésledkova cast’ obsahuje operacny symbol,
subsumpcnu siet, resp. d’al$iu operacnt stratégiu. Operacné stratégie mozu byt
vo forme pravidiel explicitne definované, ale mézu byt ziskané aj v procese
ucenia konzultovaného s inStruktorom.

o Uroveit multi-agentovej kooperdcie: Umozituje pouzitie uvedenych znalostnych
urovni pri timovej préci, ale boli navrhnuté aj mechanizmy pre rdzne typy
prenosu znalosti medzi agentami.

Tento prispevok sa zaobera prave moznostami prenosu znalosti v komunite agentov,
na urovni jednoduchych symbolov, preto v nasledujucich Castiach textu bude uvedeny
struény popis reprezentacie symbolov a moznosti prenosu takto ziskanych znalosti.
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Prehlad navrhovanej architektary je  schematicky ilustrovany  formou
konekcionistickej siete na Obr. 1.
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Obr. 1. Schematicky prehl'ad riadiacej architektury.

3 VSeobecny model symbolu

Uroveii operaénych a situaénych symbolov je najniz§ou uroviiou navrhovanej
architektury. Tato iroven v pripade operacnych symbolov umoziuje ucenie sa riesit’
jednoduché ulohy prostrednictvom priamych senzo-motorickych prepojeni, v pripade
situa¢nych symbolov je mozné ulit’ sa rozpoznavat jednoduché situdcie/udalosti,
ktoré mozu vzniknit' pocas interakcie robota s okolim. V oboch pripadoch su
jednotlivé modely tloh, resp. situacii/udalosti realizované, ako asociacné siete. V
pripade senzo-motorickych, resp. operacnych symbolov st senzorické informacie
priamo prepajané na zodpovedajuce motorické akcie. Architektira operacnych a
situaénych symbolov je identickd, az na to, Ze situané symboly neobsahuju
prepojenie na motoriku.

Ucenie sa oboch typov symbolov je realizované pomocou uciacich prikladov
generovanych c¢lovekom-instruktorom v procese demonstracie. Pocas ucenia, v
kazdom kroku demonstracie instruktor pouzije nejakli motorickt akciu, demonstracia
je teda realizovana, ako teleoperované riadenie robota. Jeden uciaci priklad potom
obsahuje dve zlozky:
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e aktualny senzoricky vstup reprezentovany aktudlnou percepcnou kategoriou, kde
percepcna kategoria predstavuje pripad aktivacie senzorickych receptivnych poli,

e aktualnu motoricku reakciu.
KedZe je tento model ulohy/situacie chapany, ako symbol, podl'a definicie symbolu
by mal byt’ zloZeny z troch vzajomne prepojenych sucasti: (1) formy, (2) referencného
objektu a (3) vyznamu. Novy symbol vznikéd vzdy na poziadavku ¢loveka-instruktora
a je prioritne definovany unikatnym ndzvom ulohy/situacie, ktory reprezentuje formu
daného symbolu. Vyznam a referencia s reprezentované, ako mnoZzina naucenych
asociacnych pravidiel zodpovedajicich modelu ucenej Glohy/situécie.
Jednotlivé asocia¢né pravidla su zakladnymi stavebnymi prvkami symbolov. Pre oba
typy symbolov je zakladom asociaéného pravidla percepénd kategoria. Kazda
percepéna kategoria je prakticky modelom jednej konkrétnej situacie, ktora sa
vyskytla pocas interakcie robota s prostredim, je vytvorend kombinaciou prvkov
receptivnych poli a zodpoveda referencnej Casti symbolu. Mnozina percepénych
katego6rii vytvara vyznamovu Cast' symbolu. Symbol je teda vytvoreny pomocou
asociacii prvkov receptivnych poli na zodpovedajuce situacie reprezentované
percepénymi kategériami. V pripade operacnych symbolov sa navySe na jednotlivé
percepcné kategérie napdjaju motorické  akcie pouzité v danych situaciach
in$truktorom.
V tejto praci (podobne, ako napr. v [8]) nie je symbol, podla definicie, uplny. Chyba
tu totiz priame napojenie na referenény objekt. Referencné objekty, resp. v tomto
pripade, vSeobecnejsie, referencné situacie st reprezentované len vo forme prvkov
receptivnych poli vytvarajucich percepcné kategorie. Tato vdzba nie je sice priama,
ale postacuje pre identifikaciu referencného objektu. Aj napriek tomuto ohranic¢eniu
predpokladdme, ze symbol reprezentujici model Ulohy je moZzné povaZzovat za
ukotveny.

Uciaci proces je mozné Uplne zjednoduSene popisat’ tak, Ze pri uceni sa situanych

symbolov sa zapamitavaju isté charakteristické situacie prezentované v procese

demonstracie, v pripade operacnych symbolov sa na zapaméitané situdcie navyse
napajaju akcie pouzité inStruktorom v tychto situdciach. U€iaci proces si, samozrejme,
nevyzaduje uchovanie vSetkych prezentovanych situacii. Percepéné kategorie

(situdcie) su uciacim algoritmom zhlukované a produktom zhlukovania su len

prototypy percepcnych kategorii. Podl'a [2] je mozné definovat’ tri zakladné fazy

procesu ukotvenia symbolu:

e  Jkonizacia: proces prevodu senzormi ziskanych analdégovych udajov do tzv.
ikonickych Struktir. V tejto praci je prevod na ikony rieSeny na Girovni percepcie,
ikonické Struktiry zodpovedaju receptivnym poliam, ktorych aktivacia vytvara
percepéné kategorie.

o  Diskrimindcia: schopnost porovnat dva senzorické vstupy uréit mieru
podobnosti, resp. rozdielnosti tychto vstupov. V tejto praci je diskriminacia
kl'aicovou fazou ,ukotvenia“ symbolov aje realizovand, ako mechanizmus
zhlukovania percepcnych kategorii.

o Identifikdacia: schopnost’ rozpoznat, ¢i konkrétny senzoricky vstup zodpoveda
symbolu. V tejto praci faza identifikacie vyuziva diskrimina¢ny mechanizmus pre
urCenie podobnosti aktudlnej situacie s moznymi situdciami zodpovedajucimi
symbolu. Vystupom identifikdcie je symbol (resp. vSeobecne, mnoZina
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symbolov) obsahujuci kategoriu, ktora najviac zodpovedd aktuadlnemu
senzorickému vstupu.

V procese ukotvenia symbolu navrhovanom v tejto praci je prakticky nemozné
oddelit’ diskrimina¢ny mechanizmus od mechanizmu identifikacie. Fazu identifikéacie
je mozné interpretovat’ v kontexte navrhovanej architektiry dvoma spésobmi:

e V procese ucenia, ktory je zalozeny na kategorizacii percepnych informacii je
potrebné identifikovat’ pomocou diskrimina¢ného mechanizmu najblizsi prototyp
symbolu k aktualnemu senzorickému vstupu. Pokial’ nie je aktudlna senzoricka
informécia dostato¢ne podobna so ziadnym prototypom (identifikacia bola
nelspesnd), vytvori sa novy prototyp. Pokial bola identifikidcia tuspesna,
identifikovany prototyp sa aktualizuje pomocou aktudlnej senzorickej informacie.

eV procese samostatného pouzivania symbolu robotom je identifikacia pouzita:

0 V npripade aktudlne pouzivaného opera¢ného symbolu na urcenie
najpravdepodobnejsSej reakcie napojenej na prototyp najpodobnejSi s
aktualnym senzorickym vstupom.

0 V pripade situatnych symbolov je potrebné identifikovat’ vSetky situécie,
ktoré zodpovedaju aktudlnej senzorickej informacii. To znamena, pre vSetky
situaéné symboly sa identifikuju najpodobnejSie prototypy. Symboly tych
prototypov, ktoré spiiiaju nejaké vopred definované kritérium podobnosti sa
oznacia za aktivne. Mnozina aktivovanych situacnych symbolov potom
komplexne popisuje aktualnu situaciu v okoli robota.

Nasledujuca cast’ prispevku sa bude zaoberat moznostami prenosu individudlne
ziskanych znalosti v time agentov na urovni opera¢nych a situa¢nych symbolov.

4 Jazykové hry

Pojem jazykovych hier bol predstaveny Ludwigom Wittgensteinom (1958).
Wittgenstein nazyval jazykovou hrou prakticky kazdé pouzitie jazyka. Vyznam
jazykovej hry priamo zavisi od toho, akym spdsobom je jazyk pouZivany.
Wittgenstein navrhol niekol'ko typov jazykovych hier, ako napr. davanie pokynov a
ich plnenie, popis vyskytov objektu alebo popis jeho rozmerov, konstrukcia objektu z
jeho popisu, oznamovanie vyskytu udalosti, uvazovanie o udalosti, a pod. Na zaklade
Wittgensteinovej inpiracie bolo vyvinutych niekol’ko $pecialnych variant jazykovych
hier, ktoré boli implementované najcastejSie v oblasti mobilnej robotiky. Ako priklad
je mozné uviest tzv. diskriminacnu hru [5], imitacnu hru [1], pozorovaciu hru [4],
odhadovaciu hru [7), identifikacnu hru [8] a mnohé d’alSie.

V kontexte tejto prace je pojem jazykovej hry chépany, ako systém interakcii medzi
agentami, ktori pouzivajui nejaky jazyk za ucelom komunikacie uritych informécii o
externom svete, ale aj o jazyku samotnom. Jazykova hra je vymedzena vopred
ur¢enymi pravidlami, ktoré definuju: ¢o moze byt povedané, ktory agent moze
hovorit a kedy, ¢o je vysledkom reakcii agentov, aké formy nelingvistickych
informécii mézu byt pouzité (pod pojmom nelingvistickd informécia sa chape napr.
zameranie pozornosti na nejaky objekt alebo situdciu v prostredi, ktora bude
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predmetom komunikacie alebo komunikacia nizkouroviiovych informacii, napr.
ikonickych popisov etalonov kategorii, lingvisticka informacia méze byt napr. forma
reprezentujiica symboly), a pod.

Ak komunita agentov operuje v spolo¢nom prostredi a riesi problémy v spolo¢nej
doméne, s vysokou pravdepodobnostou ziskava informacie o rovnakych udalostiach a
akciach pre danu doménu, resp. prostredie. Ak je kazdy agent usmeriiovany inym
instruktorom, dochadza k situécii, kedy sa individualne znalosti agentov o rovnakych
modeloch rieSenia loh (opera¢né symboly), resp. rovnakych udalostiach (situacné
symboly) lisia. Tieto znalosti su rozneho charakteru, kazdy z agentov ma o urcitom
modeli rieSenia ulohy, resp. urcitej udalosti r6zne informacie v zavislosti od toho, v
akom kontexte dané znalosti ziskal. Komunikacia o znalostiach prebieha na trovni
operacnych a situaénych symbolov, pretoze tieto symboly su nosi¢om zakladnych
pojmov. VysSie urovne riadiacich a rozhodovacich Struktar agentov su priamo
naviazané na operacné a situacné symboly.

Pre jednu situaciu, resp. jeden model rieSenia ulohy mdze mat viacero agentov
vytvoreny zodpovedajuci symbol, takéto symboly, ked’ze boli ziskané individualne,
sa u kazdého agenta budt s vysokou pravdepodobnostou lisit’ jednak svojim obsahom
a jednak formou, napriek tomu, Ze reprezentujui prakticky ti istd vec. Tato situdcia
vyplyva z prirodzenej schopnosti agentov ziskavat' informacie o prostredi a je
typicka.

Problém nastava az na urovni multi-agentove]j kooperacie, pokial’ je potrebné, aby
agenti o svojom prostredi a tlohach, ktoré vedi k celkovému rieSeniu, vzajomne
komunikovali. Cielom jazykovej hry navrhovanej v tomto prispevku je prave prenos
znalosti 0 pozorovanych udalostiach a modeloch ¢iastkovych tloh..

4.1 Vseobecny scenar jazykovej hry

Scenar jazykovej hry implementovany v ramci tejto prace je zovSeobecnenim a

prispevok stiastou, boli vyvinuté dva zakladné scenare jazykovych hier:

o Koordinovany (off-line) scendar: Umoznuje stabilizaciu spolo¢ného slovnika
a/alebo prenos znalosti prostrednictvom moderovaného dialogu bez interakcie
s realnym prostredim. V tomto pripade plni jeden z agentov rolu koordinatora hry
a urcuje, ktory agent moze komunikovat’ a kedy.

e Nekoordinovany (on-line) scenar: Umoznuje stabilizaciu spolo¢ného slovnika
a/alebo prenos znalosti priamo pocas operacie timu v redlnom prostredi. Tento
scénar nedefinuje, kedy mozu jednotlivy agenti komunikovat’.

Tento prispevok je zamerany na popis moznosti prenosu znalosti priamo pocas

interakcie s prostredim. Kazdy z agentov sa snazi splnit’ pozadovanu cielova ulohu,

ktord si ale vyzaduje znalosti o ¢iastkovych ulohdch, pomocou ktorych je mozné
cielovii ulohu splnit. Cielova uloha je definovana, ako operacna stratégia
pozostavajica z pravidiel, ktorych dosledkovou castou su jednoduchsSie operacné
stratégie, subsumpcné siete alebo operacné symboly. Pre jednoduchost’ sa
predpokladd, ze je zndma Struktira pouzitych operacnych stratégii, subsumpcnych
sieti, znalosti o udalostiach v prostredi (situacné symboly) su tiez kompletné.
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Znalosti agentov sa liSia len na Grovni opera¢nych symbolov, pomocou ktorych st
subsumpcné siete a stratégie vytvorené. Dané opera¢né symboly mozu obsahovat
nekompletné informdcie, pripadne moézu tieto informacie uplne chybat’.
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Obr. 2. Vseobecna struktura procesov a datovych tokov jedného komunika¢ného

aktu.

V prezentovanej implementécii jazykovej hry prebieha komunikécia prakticky len v

pripade situacie, kedy agent potrebuje pouzit’ jeden alebo viac alternativnych modelov

trividlnych tloh (st reprezentované operacnymi symbolmi), ale nema znalosti o tom,
ako dany model (modely) pouzit.

Nekoordinovany scendr vyuziva tri zakladné fazy komunikacie:

o Identifikacia problému: Pokial dojde k situdcii, ktora si vyzaduje pouZitie
jedného alebo viacerych alternativnych operaénych symbolov a tieto symboly
neobsahuju informdcie o tom, ako reagovat’ v danej situdcii, agent vytvori model
lokéalneho problému a komunikuje ho ostatnim agentom v time.

o  Generovanie rieSenia: Agenti po prijati takejto Ziadosti o pomoc sa pokusia
vytvorit odpoved’ obsahujiicu rieSenie problému, tito odpoved’ je opit
komunikovana celému timu.

e Adaptacia znalostnych Struktur: Po prijati rieSenia sa kazdy z agentov pokusi
rozs$irit’ vlastné znalostné Struktiry o nové informacie o rieSeni dan¢ho problému.
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Ku komunika¢nym aktom dochadza nekoordinovane a celd sekvencia je spustena
prvou fazou, teda identifikovanym problémom. Vsetky fazy komunikicie budd
podrobnejsie popisané v nasledujicej Casti textu.

Vseobecna Struktira procesov a datovych tokov jedného komunikacného aktu je
ilustrovana na Obr. 2.

4.2 Ildentifikacia probému

Problém vznika vtedy, ked’ agent nie je schopny reagovat’ na aktudlny stav prostredi
ziadnou motorickou akciou, teda v situdcii, kedy si aktudlne aktivna operacna
stratégia alebo subsumpcna siet’ vyzaduje pouzitie operacného symbolu, ktorého
Strukttira asociacnych pravidliel neobsahuje znalosti, ako reagovat’ na aktualny stav v
prostredi. Aktualny stav v prostredi je reprezentovany aktualnou percepcnou
kategoriou. Vo vSeobecnosti, operaény symbol, ktory ma byt pouzity nie je schopny
generovat’ odozvu vtedy, ked jeho Struktira neobsahuje asociacné pravidlo, ktoré s
istou toleranciou mapuje aktudlnu percepénti kategériu na konkrétnu motorickl
reakciu. Struktira znalosti pre tlohu reprezentovanii danym symbolom teda nie je
kompletna. V tomto pripade agent vygeneruje spravu formulovanu, ako ziadost' o
pomoc. Tato sprava obsahuje zoznam neznamych asociacnych pravidiel pre vsetky
operacné symboly, ktoré v danej situacii boli zodpovedné za generovanie motoricke;j
reakcie a neobsahovali potrebné asocia¢né pravidla. Sprava je zlozena z dvoch casti:
o Nelingvisticka cast informdcie: Aktualna percepcna kategoria, ktora zodpoveda
situdcii v prostredi, kedy vznikla potreba pouzit’ problémové operacné symboly.
e Lingvisticka cast informdcie: Obsahuje zoznam foriem danych operacnych
symbolov, ktory agent nie je schopny pouzit’.
Sprava o identifikovanom nedostatku v znalostnych Struktirach je komunikovana
kazdému agentovi v time.

4.3 Generovanie rieSenia

Kazdy agent, ktory prijal spravu o identifikovanom probléme sa pokusi vygenerovat’
odpoved’ obsahujucu mozné riesenie. Pre kazdy komunikovany symbol je potrebné
zistit’, €1 znalostni agenta obsahujii symbol so zodpovedajucou formou, pokial’ ano,
agent sa pokusi najst’ asociacné pravidlo, ktoré s definovanou toleranciou mapuje
komunikovanu percepcnt kategoriu na zodpovedajucu motoricku akciu. Pokial takéto
pravidlo existuje, je vlozené do zoznamu rieSeni a oznacené formou daného
opera¢ného symbolu. Pokial’ takto ziskand odpoved’ - zoznam rieSeni nie je prazdny,
agent bol schopny reagovat’ aspoii na jeden z problémovych operacnych symbolov a
odpoved’ je komunikovana opét’ vSetkym agentom v time, ktori v pripade potreby
adaptuju svoje znalostné Struktary pre dané symboly.

Dévod pre rozoslanie odpovede kazdému agentovi je zaloZzeny na predpoklade, Ze
podobna nekompletnost’ znalosti sa moze vyskytnit' aj u inych agentov, ako len u
jedného, ktory na problémovu situdciu narazil. Dosledkom tejto stratégie potom je, Ze
vSetci agenti, ktori v budicnosti s istou pravdepodobnostou na rovnakl
nekompletnost’ narazia si doplnia Strukturu znalosti uz v pripade prvého vyskytu
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daného problému. Teda, pre kazdy takyto problém prebehne komunikacia v time
préve raz.

Pokial’ ziaden z agentov na spravu nebol schopny reagovat nastava situdcia, kedy tim,
ako celok nemad indormaciu o spdsobe riesenia lokalnej tlohy, ¢o moze byt pri¢inou
neschopnosti splnit’ globalny ciel’.
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Obr. 3. Pociato¢ny a zavereCny stav simulacie.

4.4 Adaptacia znalostnych Struktir

Kazdy agent po prijati spravy o rieSeni identifikovanych problémov si v pripade
potreby rozsiri vlastné znalostné Struktiry o komunikované informécie. Pre kazdy z
komunikovanych symbolov sa zisti, ¢i znalosti s definovanou toleranciou obsahujt
asocia¢né pravidlo pre problémova percepénil kategoriu. Pokial’ takato asociacia
neexistuje, je do zodpovedajiiceho symbolu doplnena. Takymto spdsobom je mozné
predist’ situacii, kedy by agent nebol schopny reagovat' prislusSnym operacnym
symbolom na stav prostredia reprezentovany komunikovanou percepénou kategoriou.

Tabul’ka 1. Distribucia znalosti o deviatich ¢iastkovych ulohach (T #i) v time piatich
agentov (A #).

T#1 T#H T#3 TH#H T#HS T#He T#1 TH T#H

A#l 100% 0% 0% 0% 0% 0% 0% 0% 100%
A#2 0% 100% 0% 0% 0% 0% 0% 100% (0%
A# 0% 0% 0% 100% 0% 100% 0% 0% 0%
A 0% 0% 100% 0% 0% 0% 100% 0% 0%
A#S 0% 0% 0% 0% 100% 0% 0% 0% 0%




60 Peter Kostelnik, Adrian Téth

S Zakladny experiment

Pre experimentalne overenie moznosti prenosu znalosti v multi-robotickom time bola
pouzitd jednoducha uloha tzv. delivery task. Cielom ulohy bolo presunut’ objekty
umiestnené kdekol'vek v l'avej Casti prostredia na jedno operativne urené miesto v
pravej Casti prostredia, priCom prostredie obsahovalo prekazky, ktorym sa bolo
potrebné vyhybat’ (priklad pociato¢ného a cielového stavu rieSenia tlohy je na Obr.
3.). Ciel'ova tloha bola definovana, ako hlavna operacna stratégia zostavena z troch

g . . . . .

25‘1

MNumber of Messages
n w

i Al
D0 35000 40000 4B000 BOOOO

1 I i Y | LA TP

0 EOCO 10000 15000 20000 25000 300
Game [teration

Obr. 4. Pocet komunikaénych aktov v priebehu simulacie prenosu znalosti.

¢iastkovych operacnych stratégii, Styroch ¢iastkovych subsumpénych sieti a deviatich
opera¢nych symbolov. Ulohu bolo mozné sphit’ len s pouzitim vetkych deviatich
definovanych operacnych symbolov. V experimentoch bola pouzitd skupina piatich
agentov, kde kazdy z agentov mal kompletné znalosti o niektorych trividlnych
Glohach. Ziaden agent nemal znaosti o rieSeni vietkych tuloh, Ziadni dvaja agenti
nemali znalosti o rovnakej tlohe. Pociato¢na distriblicia znalosti v time je uvedena v
tabul’ke 1.

Cielom zékladného experimentu bolo overit, ako prenos individudlnych znalosti
pomocou jazykovych hier v ¢ase vplyva na shopnost’ timu agentov splnit’ cielovl
ulohu, ktort na zaciatku ziaden z agentov splnit’ schopny nebol.

V kazdom kroku simulacie bol u kazdého agenta sledovany pocet prijatych sprav, na
ktoré bol schopny odpovedat’. Pocet spracovanych sprav pre pat’ agentov pocas 50000
krokov simulédcie je ilustrovany grafom na Obr. 4. Podla vysledkov experimentu,
pocet komunikovanych problémovych situdcii konverguje v case k nule. Po
dostato¢nom pocte simulacnych krokov sa teda schopnost’ jednotlivych agentom plnit’
definované ulohy zlepsuje. Po dostato¢nom pocte krokov simulacie by mal byt kazdy
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z agentov schopny splnit kompletni Glohu samostatne. Problémom je, ze cas
potrebny na prenos znalosti je v zna¢nej miere zavisly od toho, s akymi situaciami
boli agenti pocas operacii v prostredi konfrontovani. Vzhladom na dynamiku
prostredia nie je mozné Cas potrebny na kompletny prenos odhadnut’ vopred.

6 Zaver

Napriek tomu, ze znalosti v komunite agentov su individudlne a distribuované, je
mozné v takejto skupine agentov po istom case o chybajicich znalostiach
komunikovat’ a vzajomne si ich rozsirovat. Vhodnym rieSenim tohto problému sa javi
byt’ koncepcia jazykovych hier. NavysSe, pomocou mechanizmov pre prenos znalosti
je mozné prispdsobit’ komunitu agentov tak, aby pri operacii v spolo¢nom prostredi
bolo umoznené distribuovanému zberu znalosti, ktoré st po Castiach zdielané v celej
skupine. Prenos znalosti vo vieobecnosti umoZituje za behu dopliiiat’ do znalostnych
Struktar aj také informacie o konceptoch prostredia, s ktorymi agent prakticky vobec
nemusi prist’ do priameho styku.
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Annotation:
Individual knowledge and its transfer in multi-robot team

In our work we provide the possible solution to the problem of formation of sufficient
symbolic world representation. We propose the hierarchic control architecture that
enables robot to create and use the symbolic model of the environment using the
incremental learning. In this submission we present the experience with so-called
language games implemented on the level of multi-robot interactions. Language
games are interactions between agents using some language in order to transfer some
knowledge about the external world. In this work, language games are used for
negoriative transfer of knowledge about the common task in the multi-robot team.
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Abstrakt. V dnesnim svété existuji stale vétsi kolekce dokumenti. Jed-
nou z moznosti, jak v té€chto kolekcich vyhledavat, je pouziti vektorového
modelu. V ¢lanku popisujeme postup k vylepseni odpovédi ziskané vek-
torovym dotazem, ve které jsou jednotlivé ziskané dokumenty sefazené
podle snizujicitho se koeficientu podobnosti. Navrhli jsme metodu pro
oddaleni nerelevantnich dokumentt od dotazu za pomoci dotazovani na
vyvoj tématu. K ziskani informaci o vyvoji tématu vyuzivame prohleda-
vani shlukt vytvorenych aglomerativnim shlukovanim.

Kli¢ova slova: shlukovani dokumentt, vyvoj témazu, pfesnost, uplnost, dotaz,
vektorovy

1 Uvod

V dneSnim svété existuji velké kolekce textovych dokumentt. S rozvojem in-
ternetu nabyvaji tyto kolekce stéle vétsich rozmérd. Proto byly vytvareny sys-
témy, které usnadriuji praci s témito kolekcemi (dokumentografické informacni
systémy). Mezi rysy téchto velkych kolekei patii jejich dynamicnost. Moderni
prehledy problematiky [2] se divaji na textové kolekce jako na statické. Uvolnéni
téchto pfedpokladi lépe odpovidd dnesnim pozadavkim [1].

Pro vyhledavani v kolekcich dokumenti existuji riizné systémy vyuzivajicich
booleovskych, vektorovych, pravdépodobnostnich a dalsich modeld k reprezen-
taci dokumenti, dotazt, pravidel a procedur umoznujicich urcit shodu mezi po-
Zadavkem uZivatele (dotaz) a dokumenty. Kazdy z téchto model obsahuje fadu
omezeni. Tato omezeni neumoziuji uzivateli nalézt vSechny dokumenty, které
oéekéava. Mezi ofekdvanymi dokumenty (relevantni dokumenty) nalezneme i do-
kumenty Spatné (nerelevantni) a nékteré relevantni dokumenty nejsou v seznamu
viibec obsazeny.

V préci popiSeme piistup k vylepsSeni vektorového dotazu pomoci shlukova-
cich metod a metod hledani vyvoje tématu. Cilem metod hledani vyvoje tématu
je k dokumentu, ktery zada uzivatel, vyhledat seznam dokumenti tématicky sou-
visejicimi se zadanym dokumentem. Prace navazuje na vysledky prezentované
na konferenci Znalosti 2004 [3] a workshopu DATESO 2004 [4].

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 63-74, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2 Hodnoceni efektivity

Zakladnimi ukazateli vyhledavacich systémi jsou [8]:

rychlost zpracovani pozadavkii,

uzivatelsky komfort, projevujici se zejména ve formé interakce se systémem,
zpusob kladeni dotazi a poskytovani odpovédi,

— schopnost poskytnout informace o relevantnich dokumentech.

Mira schopnosti poskytnout relevantni dokumenty se vyjadiuje pomoci téch-
to ukazatelt: koeficient presnosti — P a koeficient uplnosti — R.

Nyni si pfedstavime tabulku souvislosti, kterd ndm usnadni orientaci v defi-
nicich presnosti a tplnosti [9]. kde N je pocet dokumentii v celé kolekei, A respek-

relevantni|nerelavantni

ziskané ANB ANB B
neziskané ANB ANB B
A A N

Tabulka 1. Tabulka souvislosti

tive A piedstavuje relevantni respektive nerelevantni dokumenty a B respektive
B predstavuje ziskané respektive neziskané dokumenty po polozeni dotazu do
systému. Pak definujeme:

|AN B|
P=
Bl
|AN B
R =
Al

Koeficient uplnosti 1ze chapat jako pravdépodobnost, Ze relevantni dokument
byl vybran, koeficient pfesnosti jako pravdépodobnost, Ze vybrany dokument je
relevantni. Idealni pfipad by byl, kdyby oba koeficienty byly rovny 1. Ukazuje
se ale, ze tohoto idealniho pripadu nelze v praxi dosahnout.

K zjednoduseni informaci o efektivité systému byly vytvoreny metody, které
naméienou presnost a uplnost zobrazuji do 1-dimenzionalniho prostoru. Jednou
z nich je Van Risjbergova F-mira [6]:

1442  (1+p8°)RP  (1+3%)]|ANB]

Fg=1- P = = )
7 ELL" PP+R 32| Al + |B|

kde ( indikuje pomérovou dulezitost mezi piesnosti a uplnosti.
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3 Vektorovy model

Vektorovy model [8] dokumenti pochézi ze 70. let. Dokumenty a uzivatelské
dotazy jsou ve vektorovém modelu reprezentovany pomoci vektort.

Pokud bylo pro indexaci n dokumentd pouzito celkem m ruznych termu
t1...tm, potom je kazdy dokument d; reprezentovan vektorem:

di = (wﬂ,wig, e ,wim) y
kde w;; je vaha termu t; v dokumentu d;. Vaha s nejvétsi hodnotou odpovida
termu s nejvétsi dilezitosti.
Indexovy soubor vektorového modelu reprezentuje matice:

w11 W12 ... Wim
W21 W22 ... W2m

Wn1 Wnp2 .. Wpm

kde i—ty radek odpovidéa i—tému dokumentu, a j—ty sloupec j-tému termu.
Dotaz ve vektorovém modelu miiZzeme reprezentovat pomoci m—mistného vek-
toru vah:
q=(q1,q2: -+ qm),

kde ¢; € (0,1)™.

Na zakladé dotazu ¢ muzeme pro kazdy dokument d; spolitat koeficient
podobnosti. Tento koeficient si muZzeme predstavit jako ”vzdalenost” vektoru
dokumentu a vektoru dotazu. Pro vypocet podobnosti jsme pouzili kosinovou

miru: m
Zk:l (qrwir)

) =
VI (@) S (w)?

Dalsi informace o vektorovém modelu jsou uvedeny v [8].

sim(q,d;

4 Shlukova analyza

Ukolem shlukové analyzy je zjistit, zda mezi objekty existuji skupiny objektii se
stejnymi nebo podobnymi vlastnostmi. Tyto skupiny objekti se nazyvaji shluky.
My se zabyvame shlukovanim dokumenti, které se da rozdélit do dvou krok:
vytvofeni shluku a vyhledéni relevantniho shluku [5]. Spojovanim podobnych do-
kumentti do shlukti Ize dosahnout zvysSeni rychlosti vyhledavani ve vyhledavacich
systémech. Duvod, pro¢ se provadi analyza shlukt, je obsazen v tzv. hypotéze
o shlucich [8]:

Uzce vztaZené dokumenty sméruji k tomu, Ze jsou relevantni vici tymz po-
zZadavkim.

Procesu, pii kterém se hleda idealni rozklad mnoziny dokumentt do shlukd,
ve kterych jsou navzajem podobné dokumenty, se fika shlukovdni. Shluk je tedy
tvofen mnozinou navzajem si podobnych dokumentu.
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Metody shlukovani zaloZené na matici podobnosti

Tyto metody pracuji obvykle v ¢ase O(n?) nebo vyssim (n je poc¢et dokumenti).
Podobnostni matici Sim¢ pro kolekci C lze popsat takto:

Simu Simm N simln

S$iMma1 SiMag ... SiMay,
Sime = ) . . ;

S$1Mp1 SIMp2 - .. SIMpn,

kde i-ty fadek odpovida i-tému dokumentu a j-ty sloupec j-tému dokumentu.
U téchto shlukovacich metod se vytvaii hierarchie rozkladt zadanych doku-

mentt. V pribéhu vypoctu se vytvari shlukovaci hladiny, na kterych jsou body

spojovany do shlukd. Hierarchické metody se daji rozdélit do dvou skupin:

aglomerativni — Na startu téchto metod je kazdy dokument bran jako jeden
shluk, postupné se dokumenty spojuji (shlukuji) dohromady. Vypocet je
ukoncen v momenté, kdy vSechny dokumenty tvoii dohromady jediny shluk.

divizivni — Pracuji presné opacné nez aglomerativni metody. Na startu téchto
metod tedy tvori vsechny dokumenty jeden shluk. Shluky se postupné roz-
padaji az do chvile, kdy je kazdy bod samostatnym shlukem.

5 Vylepseni odpovédi ve vektorovém modelu

5.1 Definovani vyvoje tématu

Cilem hledani vyvoje tématu je k zadanému dotazu vyhledat seznam dokumenti
tématicky souvisejicich se zadanym dotazem. Dotazem se zde mysli, jak dotaz
zadany pomoci termti nebo také dokument, ktery je urcen za relevantni.

Ptikladem hledani vyvoje tématu mize byt nazev operac¢niho systému poci-
tace. Zadany dotaz bude pojednavat o nejnovéjsi verzi operac¢niho systému. My
tento dotaz chceme rozsitit o dokumenty, které budou postupné sledovat vyvoj
tohoto operac¢niho systému zpét do minulosti, k jeho prvnim verzim.

Vytvoreni hierarchie dokumentd pomoci shlukovani ndm napoméhd k zjis-
téni vyvoje tématu. Pfi zjistovani vyvoje, prochdzime hierarchii zdola-nahoru,
dokud nejsou splnény vyhledavaci kritéria, kterymi mize byt napiiklad pocet
dokumenti vracenych uzivateli, ¢i podobnost nové do vyvoje pridaného doku-
mentu s dotazem.

Shlukovani podobnych dokumentt do stejné ¢asti hierarchie shluki si ukaze-
me na umélé kolekci dokumentii. Umeélou kolekei jsme zvoli pro, Ze u ni umime
presné fict zda shlukovani probéhlo podle naseho ocekévani a zda lze pomoci néj
sledovat vyvoj dokumentii.

Umeéla kolekce obsahuje 55 dokumentt. Celkovy pocet termu je 550. Kazdy
dokument obsahuje 10 termt. Nazev dokument ma tvar yxz.txt, kde y znamena,

I 730

ze dokument obsahuje slova obsahujici posloupnost pismen yyyy, kde y € ’a’-’j
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Obr. 1. Dendogram vysledku shlukovani primérovou metodou

Ia? 030

a koncici postupné znaky ’a’-’j’. z udava, kolik slov navic za¢ind znakem 'X’.
Znak 'X’ je pridavan nejdiive ke sloviim koncicim pismenem ’a’; poté na ’b’ az
na ’j’.

Na obrazku 1 je vidét, ze dokumenty, jejichz nazev zacina na stejné pismeno,
se sloucily do spole¢ného shluku, ktery se dale rozpada do podshluki podle toho,
jak se méni obsah jednotlivych dokument.

Jako priklad si uvedeme termy nékolika dokumenti:

— Dx0: dddda ddddb dddde ddddd dddde ddddf ddddg ddddh ddddi dddd;

— Dx5: Xdddda Xddddb Xdddde Xddddd Xdddde ddddf ddddg ddddh ddddi
ddddj

— Dx10: Xdddda Xddddb Xdddde Xddddd Xdddde Xddddf Xddddg Xddddh
Xddddi Xddddj

— Bx5: Xbbbba Xbbbbb Xbbbbc Xbbbbd Xbbbbe bbbbf bbbbg bbbbh bbbbi
bbbbj

5.2 Algoritmus ziskani vyvoje tématu

Pro ziskani vyvoje tématu z hierarchie shlukti definujeme algoritmus TOPIC,
ktery pouziva pocet dokumenti ve vyvoji, jako omezujici kritérium.

Algoritmus TOPIC:

1. Urcéime pocet dokumentu, ktery chceme vratit.

2. Nalezneme listovy shluk obsahujici oznaceny relevantni dokument.

3. Postupujeme o uroven vys v hierarchii.

4. Provedeme postupny prichod vedlejsitho shluku. V prichodu nejdiive pro-
jdeme shluk vytvoreny na nejblizsi podhladiné. Kazdy dokument, na ktery
narazime, ptidame do vysledné kolekce. Pokud pocet dokumentt ve vysledné
kolekci je roven pozadovanému poc¢tu dokumentii, ukonc¢ime prohledavani.



68 Jan Martinovi¢, Vaclav Snésel
5. Pokracujeme bodem 3.

Priklad pfevedeného dendogramu 2 na vyvoj tématu je na obrazku 3. Vyvoj
je proveden pro dokument AX6 a pocet pozadovanych dokumentu je 5.

Obr. 2. Hierarchie dokumentu

AX9 AX10 AXS

CONES
@ (AX‘”D (A’”)

y

Vyvoj

Obr. 3. Vyvoj tématu pro dokument AX8 pomoci algoritmu TOPIC

5.3 Usporadani odpovédi ve vektorovém modelu

Odpovédi na dotaz ve vektorovém modelu je kolekce dokument, ktera je uspora-
dana podle koeficientu podobnosti dotazu a dokumentu. V této ¢ésti si predsta-
vime metodu, kterd méni toto usporadani pomoci informaci o vyvoji tématu zjis-
ténych ze shlukid dokumenti. Geometricky zména tohoto usporaddani znamené
oddaleni nerelevantnich dokumentt od dotazu a pfiblizeni dokumenti relevant-
nich. Pro tuto zménu uspofadani jsme navrhli dva algoritmy a pojmenovali je
SORT-ONE a SORT-EACH.
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Algoritmus SORT-ONE spoji kolekci ziskanou vektorovym dotazem s kolekci
vyvoje tématu tak, ze postupné pridava dokumenty z jedné a pak z druhé kolekce:

1. Provedeme vektorovy dotaz a ziskanou kolekci dokumenti oznacime C'y .

2. Vybereme dokument Dy, ktery nejlépe charakterizuje kolekci C'y, .

3. K dokumentu Dy nalezneme pomoci algoritmu TOPIC kolekci vyvoje Cr.
Pocet dokumenti ve vyvoji bude pro jednoduchost odpovidat poctu doku-
mentd v celé kolekci dokumenti.

4. Oznacime vyslednou setfidénou kolekci Cs a uréime pocet dokumenti, ktery
mé obsahovat - count.

5. Provedeme nésledujici t¥idéni:

vindex = 0 // index prvniho dokumentu v kolekci Cy
t-index = 0 // index prvniho dokumentu v kolekci Cr
while Cs neobsahuje count dokumentu do
while nedojde k pridani dokumentu do C's do
if Cg neobsahuje dokument Cy [v_indez] then
ptidej dokument Cy [v_index] do Cg
v_index = v_.index + 1 // pfesun na dalsi dokument
end
if C's obsahuje count dokumentd then
ukondi tiidéni
while nedojde k pridani dokumentu do C's do
if C's neobsahuje dokument Cr[t_index] then
pfidej dokument Cr[t_index] do Cg
t.index = t_index + 1 // pfesun na dalsi dokument pak
end
end

6. Kolekci Cg zobrazime uzivateli.

Algoritmus zévisi na vybéru dokumentu charakterizujiciho kolekci vysledku.
Tento dokument mize uzivatel vybrat sam z kolekce dokumentti, kterou mu
nabidneme po provedeni vektorového dotazu, nebo jej mizeme vybrat automa-
ticky. Pro automaticky vybér dokumentu jsme navrhli nasledujici metodu:

— Metoda DOC-FIRST:
Jako reprezentant se vybere dokument s nejvétsi hodnotou koeficientu po-
dobnosti k dotazu.

Algoritmus SORT-EACH, pfesune dokumenty v kolekci ziskané vektorovym
dotazem tak, aby dokumenty ze stejného vyvoje tématu byly za sebou:

1. Provedeme vektorovy dotaz a ziskanou kolekci dokumentt oznacime Cly, .

2. Oznacime vyslednou setiidénou kolekci C's a uréime pocet dokument, ktery
mé obsahovat - count.

3. Urcime, kolik rozsifujicich dokumentd méa obsahovat vyvoj tématu k zada-
nému dokumentu. Tuto hodnotu oznacime level.
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4. Provedeme nésledujici t¥idéni:

foreach dokument Dy v Cy do
if Cs je prazdna then
vloz Dy do kolekce Cg
goto Continue
end
K dokumentu Dy nalezneme pomoci algoritmu TOPIC
kolekci vyvoje Cr. Pocet dokumentt ve vyvoji
bude level + 1 (dokument Dy/).
foreach dokument Dt v Ct mimo dokument Dy do
if dokument Dt je v Cs then
zatad dokument Dy za Dt do Cg
goto Continue
end
end
if nebyl dosud dokument Dy zafazen then
vloz Dy do kolekce C's
label: Continue
end

5. Kolekci Cg zobrazime uzivateli.

6 Testovani

6.1 Postup testovani

Pro testovani jsme pouzili kolekci dokumentii nazvanou ”Medlars Collection”
(dostupnou na ftp://ftp.cs.cornell.edu/pub/smart). Kolekce obsahuje 1033 ang-
lickych abstrakt® z oblasti mediciny (velikost 1.03 MB). Dale kolekce obsahuje
sadu 30 dotazt, z nichz jsme vybrali 24, které na vektorovy dotazu vraceji ale-
spon 100 dokumentii.

Vytvofili jsme indexy shlukd dokumentt pomoci riznych metod shlukovani
lisicich se v metodé prepoctu matice podobnosti. Pouzité metody byly tyto:
nejblizsiho souseda, nejvzdalenéjsiho souseda, Wardova, primeérova a metoda
medidnova.

Definovali jsme néasledujici testovaci metody pro upravu vektorového vy-
hledavani:

— SORT-ONE s DOC-FIRST (déle S-FIRST):
Vysledek vektorového dotazu je upraven pomoci metody SORT-ONE
s metodou vybéru dokumentu DOC-FIRST.
— SORT-EACH s level=2, s level=6 a s level=10 (ddle S-LEV2, S-LEV6
a S-LEV10):
Vysledek vektorového dotazu je upraven pomoci metody SORT-EACH
s level=2, s level=6 nebo s level=10.
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— Rozsifeni pomoci KLD (déle E-KLD):
Nalezneme metodou UP-DONW-2 (viz. [3]) shluk nejvice podobny dotazu.
V tomto shluku pomoci metody KLD (viz. [3]) nalezneme 5 rozsifujicich
termii a pfidame je k puvodnimu dotazu. Pomoci tohoto nového dotazu
provedeme vektorovy dotaz.

Pro vytvorené hierarchie shluki jsme provedli nasledujici test s kazdou vyse
uvedenou metodou:

1. Metodu jsme provedli na kazdém z 24 dotazt.

2. Pro kazdy vysledek dotazu jsme spocitali hodnotu pfesnosti a tplnosti a z -
nich F-miru s § = 1 pro prvnich 5,10, ... 100 ziskanych dokumenti.

3. Vypocitali jsme primérnou hodnotu F-miru ze vSech dotazi pro prvnich
5,10, ... 100 ziskanych dokument.

6.2 Zhodnoceni vysledku testovani

Vector ——
x S-LEV2 -~

55 ; ‘ S-LEV6 - |
- SLEVI0 8

Prumer F-Miry

10 2‘0 310 4‘0 5;0 6:0 7‘0 8‘0 9‘0 100
Dokumentu

Obr. 4. Srovnani vektorového dotazu s metodami S-LEV2, S-LEV5 a S-LEV6 u indexu

vytvoreného metodou prumeéru.

Testy jsme provedli s metodami S-LEV2, S-LEV6 a S-LEV10, které provadi
preskladéni vysledku vektorového dotazu podle vyvoje dokumentii zjistovaného
ve shlucich. Ukazalo se ze pomoci tohoto postupu lze dosdhnout zlepseni az
k 22% F-miry oproti ptivodnimu vektorovému dotazu. Toto zlepSeni se proje-
vuje v testech provedenych u prvnich 10-30 dokumentt. Vzajemnym srovnanim
jednotlivych metod jsme zjistili, Ze nejlepsich vysledkt se dosahlo u metody S-
LEV6. ZhorSeni u metody S-LEV10 Ize pfisoudit velikosti kolekce dokumenti,
kdy pii 1033 dokumentech, shluky které obsahuji samostatna téma jsou malé.
Priklad grafu srovnévajiciho jednotlivé metody u indexu vytvoreného metodou
pramériu je na obrazku 4. Procentualni vylepseni F-miry metodou S-LEV6 oproti
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puivodnimu vektorovému dotazu u jednotlivych shlukovacich metod je uvedeno
na obrazku 5. Je zde patrné, Ze nejlepsi vysledky se dosahuji opét u metody
prumérid. Dale se jako vhodna jevi metoda nejvzdalenéjsiho souseda a Wardova
metoda.

24% prvnich 10 dokumentu

s prvnich 15 dokumentu
2206 |- prvnich 20 dokumentu
prvnich 25 dokumentu
20% - prvnich 30

16%

8%
6%

2%

. | | | |
Average Complet Median Single Wards

Obr. 5. Srovnéni shlukovacich metod s metodou S-LEVG6.

Dalsim testem, ktery jsme provedli bylo srovnani vyse uvedenych testii u me-
tod S-LEV6 a E-KLD. Jako pfiklad uvadime graf na obrazku 6. Z grafu je patrné,
ze vysledky obou metod jsou srovnatelné. U metody S-LEV6 oproti E-KLD ne-
musime provadét prohledavani stromu shluki.

Vector
E-KLD
S-LEV6

Prumer F-Miry

10 20 30 40 50 60 70 80 90 100
Dokumentu

Obr. 6. Srovnani vektorového dotazu s metodami E-KLD a S-LEV6.



Vyuziti vyvoje tématu pfi vylepseni odpovédi vektorového dotazu 73

7 Zavér

Z vysledkt provedenych test vyplyva, Zze pomoci metod, které preskladavaji
vysledek vektorového dotazu za pomoci vyvoje tématu zjistovaného v hierar-
chiich shlukii 1ze dosdhnou az 22% zlepSeni F-miry. Vyraznéjsi zlepseni oproti
pivodnimu vektorovému dotazu se nejvice projevuje v prvnich 10-30 ziskanych
dokumentech.

7 popsanych shlukovacich metod se ukazaly nejlepsi metody, u kterych ne-
dochéazi ke tvorbé Tetézct. V pripadé, ze pti vytvareni hierarchie shlukt dochazi
k tvorbé retézu je velikost indexu velka. Nejlepsi se jevi vytvareni hierarchii
shlukid pomoci metody priméri, kterd v nami provedenych testech dosahovala
nejlepsich vysledki.

V dal$im vyzkumu bychom chtéli provést srovnani shlukovacich metod, které
provadi shlukovani celé kolekce dokument a metod, které provadi shlukovani az
po provedeni dotazu s kolekci dokumentit, které dany dotaz vrati [7,10]. Déle se
chceme vénovat redukci ¢asové slozitosti vypocétu shlukd pomoci metod ndhodné
projekce [11].
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Anotation:
Using topic evolution to improve result of vector query

There are large collections of documents in today’s world. One way as in
those collections search is by using vector model. This article described the
approch to improve result of vector query. In vector query are documents sorted
by similarity to query. We are proposed method for distancing of nonrelevant
documents from the query, with the help of questioning on the topic evolution.
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Abstrakt. Rozhodovaci stromy jsou ¢asto vyuzivany pro svou jedno-
duchost a vizualizaci. Ve vétsiné pripadd jsou vsak studovany stromy
s diskrétni cilovou proménnou. Pro mnohé metody existuje i rozsifeni
na spojitou cilovou proménnou. V pripadé spojitych proménnych nas
obvykle zajimé nejen stfedni hodnota ¢i jiny ukazatel, ale zejména dis-
tribuce. Tento prispévek definuje Gpravu algoritmu pro uéeni rozhodo-
vaciho stromu pravé s ohledem na distribuci spojité proménné. Druhou,
neméné podstatnou ulohou pfi pouziti spojité cilové proménné, je vizu-
alizace, ktera je zpravidla pro spojité proménné v béznych SW vyfeSena
tak, ze do uzlu je vepsdn pocet pozorovani, primér a smérodatnd od-
chylka. Opét, obvykle nas zajimaji nejen tyto tfi udaje, ale jaka je v
uzlu distribuce cilové spojité proménné. Prispévek navrhuje také vizua-
lizaci spojité proménné pomoci histogramti a moznosti vyuziti znalosti
distribuce v uzlech pro predikci®.

Kli¢ova slova : rozhodovaci stromy, cilova spojitd proménnd, distri-
buce, vizualizace.

1 Uvod

Zékladem vytvareni rozhodovacich stromt je tzv. hladovy (greedy) p¥istup, ktery
za¢ind s celym souborem a hled4 nejlepsi atribut pro déleni (maximalizuje? se
tzv. délici kriterium — splitting criterion). Po rozdéleni na dvé & vice ¢4sti® se po-
stupuje stejnym zpusobem na jednotlivych ¢astech az do dosazeni zastavovacich
kriterii (stopping criteria).

V zékladnich variantach se vyskytuje kategoridlni cilova proménna a kate-
gorialni prediktory. Vétsina zakladnich metod byla pfizptisobena pro préaci se
spojitymi prediktory spocivajici obvykle v rozdéleni mnoziny podle hodnoty spo-
jitého atributu na dvé kategorie v zavislosti na tzv. délicim bodu (cutoff point).

! Tato prace byla podporovana projekty GACR 201/05/0325: Nové metody a nastroje
pro dobyvéni znalosti z databazi a VSE - IGA 17/04: Vyuziti metod znalostniho
inZzenyrstvi pro aplikace a rozvoj systému LISp-Miner

2 v nékterjch piipadech se dané kritérium formalné minimalizuje, to lze vSak prevést
na maximalizaci opa¢né hodnoty

3 z4visi na konkrétnim algoritmu

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 75-83, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.



-3
(=)

Petr Masa

if neni dosazeno zastavovacich kritérii
spocti pro atributy a1, ..., am hodnotu déliciho kritéria sc(ai),...,sc(am)
vyber atribut a; s nejvyssi hodnotou sc(a;) (tj. sc(a;) > sc(a;)Vy)
rozdél mnozinu vsech pozorovani na casti dle hodnoty atributu a;
na kazdé ¢asti opakuj stejny postup
else
z dané mnoziny utvor list
end if

O NS ok W

Obrazek 1. Hladovy algoritmus pro uceni rozhodovaciho stromu

Tento bod je vybiran tak, aby bylo délici kriterium maximalizovano. Ptizpiso-
zmeénu déliciho kritéria. Také nékteré rozsifené komercni implementace rozhodo-
vacich stromii neobsahuji podporu pro spojitou cilovou proménnou. Podivejme
se na problém spojité cilové proménné podrobnéji. Pro kategorialni cilovou pro-
ménnou muzeme odhadovat cilovou kategorii (klasifikace) ¢i sledovat pocty pro
jednotlivé kategorie v jednotlivych listech (objevovani znalosti). P¥i pouziti spo-
jité proménné muzeme opét odhadovat hodnotu cilové proménné (zpravidla vsak
pruameérem, coZ vede na omezenou mnozinu predikovanych hodnot) ¢ sledovat
charakteristiky cilové proménné v jednotlivych listech. Pro spojité proménné
je zpravidla u list uveden primér, pripadné smérodatnd odchylka. V lepSim
pripadé je v listech uvedena jedna ¢i nékolik jinych charakteristik, naptiklad
median ¢i modus, pripadné je pfidana vizualizace zaloZena na zakladé nékterych
z uvedenych veli¢in (napf. normélni kiivka z priméru a smérodatné odchylky
¢i zjednoduseny boxplot). Charakterizuji vSak tyto zdkladni ukazatele hodnoty
cilové proménné opravdu vystizné? V dalsich ¢astech se budeme snazit ukézat,
ze cilem (zejména pro objevovani znalosti ¢i vizualizaci stromu) by mélo byt
hledani distribuce cilové proménné, nikoliv jeji jediné charakteristiky. Také bude
navrzen postup, jak 1ze daného cile dosdhnout.

2 Prumér neni vse

Priameér neboli stfedni hodnota je zakladni charakteristika spojité veliciny. Je
pravdépodobné nejrozsifenéjsi a casto i jedinou pouzivanou charakteristikou. Ci-
lem by vSak nemélo byt hledat pravé primer, ale rozlozeni atributu (distribuci).
Podivejme se na nasledujici ptiklad, prevzaty z [4]. Mé&jme 4 populace a u nich
budeme sledovat pramérny plat (viz obrazek 2). Prvni z nich (a) je statistické
normalni rozloZeni plati (pokud by existovala jedind ¢innost). Kdo dgla vice
prace, mé i vice penéz. Primérny plat je 10 000 K¢. Druhou z nich (b) je uto-
picky komunismus. VSichni maji stejny plat. Opét je primeérny plat 10 000 K¢.
Tteti (c) je realny komunismus dle hesla vSichni jsou si rovni a néktefi jsou si
rovnéjsi. Standardni lidé maji standardni konstantni plat a ,rovnéjsi“ lidé maji
plat 50 000 K¢&. Primér je opét 10 000 K¢. Koneéné ¢tvrta distribuce (d) zné-
zornuje realné, silné asymetrické rozlozeni platii. Opét je pramér 10 000 K¢é. Zde
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Rozlozeni plati ve étyfech populacich. Primér je ve vsech pripadech

Obrazek 2.

10 000 K¢.
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mame ¢tyfi rizné populace, s naprosto rozdilnymi charakteristikami, avsak pri-
mér je stejny. To, co bychom méli hledat, neni primeér, ale distribuce. Pro dalsi
analyzy budeme uvazovat data ve struktufre, jak je naznaceno na obrazku 1. Pro

Tabulka 1. Ukazka struktury dat

’ Segment \ Plat

ALLSAME (10 000,00
NORMAL | 9 432,50
ALLSAME |10 000,00
ALLSAME (10 000,00
REAL 4 254,30
SOMEMORE|50 000,00
SOMEMORE| 9 595,96

kazdy ze 4 segmenti budeme mit 500 pozorovani, jejichz prameér je 10 000 K¢ a
jejichz distribuce je znazornéna na obrazku 2.

V predchozim odstavci jsme si ukazali, ze primér jakozto jedina charakteris-
tika neni vSe. V nékterych pripadech je kromé primeéru uvadéna i smérodatna
odchylka, ktera je nejéastéji pouzivanou mirou vzdalenosti od priméru?. Pokud
pouzijeme spolu s primérem i smérodatnou odchylku, neziskame tim principialni
zlepSeni, nebot ze dvou charakteristik je jednoznaéné definovana jen distribuce
z nejvyse dvou hodnot. Tedy mohli bychom ukazovat podobné piiklady.

3 Uceni rozhodovacich stromu podle distribuce

Pro uceni rozhodovacich stromi lze pouzit standardni greedy algoritmus uvedeny
v uvodu tohoto pfispévku s tim, Ze jako délici kritérium je brana mira odliSnosti
distribuci.

Miru odliSnosti zalozime na (p-)hodnoté Kolmogorovova-Smirnovova (KS)
testu pro dvé distribuce (budeme délit soubor na dvé ¢asti). KS test je ve statis-
tice vyuzivan jako test shody dvou distribuci. Testova statistika je dana vztahem

Dm,n = sup ||Fm(l') - Gn(.’ﬁ)H,

kde F,(z) a Gy, (z) jsou empirické distribu¢ni funkce pro prvni a druhou skupinu.
Jejich vypocet je velmi jednoduchy — pro dané x ji spocitame tak, Ze vydélime
pocet pozorovani nabyvajici hodnotu cilové proménné mensi nebo rovnu z po-
¢tem pozorovani (v8e v ramci dané skupiny — potencidlniho uzlu).

Pouziti pfimo hodnoty D,, ,, vSak preferuje rozdéleni na velmi malou mno-
zinu a zbytek. Proto zahrneme do déliciho kriteria opravu pro pomér velikosti

4 smérodatna odchyla je odmocnina ze stiedni ¢tvercové vzdalenosti od priumeéru
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jednotlivych skupin. Tato oprava je prevzata z aproximace p-hodnoty KS testu®
vychazejic ze Smirnovovy véty (viz [3]). Délici kriterium Sp je definovano jako
mn mn
Sp=D? ——— = (sup ||Fn(z) — Gn(z)|)?——
p= D2 = (sup [P () — G )P
kde m, n je poCet prvki v porovnavanych skupinach — potencialnich uzlech. Toto
kriterium se snazime maximalizovat.

Visledné stromy budou binarni. Délime-li podle nomindlniho atributu s vice
kategoriemi, vyzkousime vSechny moznosti rozdéleni na dvé skupiny a vybereme
to déleni, kde je hodnota kritéria nejvyssi.

Tento postup lze upravit i na nebinarni stromy. K tomu lze zaujmout dveé
strategie.

1. Pokud délime podle atributu a; a dalsi déleni v nékterém listu podle stejného
atributu a; je dostateéné vyznamné (pouzijeme stejny statisticky test), ma
smysl toto déleni zahrnout jiz na vyssi Groven, ¢imz ziskdme obecné n-arni
strom.

2. Dany list rozdélime podle vsech hodnot nejvyznamnéjsi proménné a na za-
kladé stejného statistického testu slucujeme ty kategorie, kde jsou distribuce
shodné.

Podivejme se zde na jednu zajimavou vlastnost naseho kritéria. Uvedené
kriterium nabyva nejvyssi mozné hodnoty pravé tehdy kdyz dochazi k separaci
hodnot cilového atributu, tj. existuje v tz. hodnoty cilové proménné v jednom
uzlu jsou vétsi nez v a hodnoty cilové proménné ve druhém uzlu jsou mensi nez
~. Tato vlastnost lze snadno odvodit z definice kritéria. Dale plati, Ze ¢im blize
je hodnota daného kritéria svému maximu, tim méné je treba vynechat prvki,
aby k separaci hodnot cilového atributu doslo.

4 Srovnani s jinymi metodami

Uvazujme nas dataset s proménnou urcujici typ populace a hodnotami pro jed-
notlivé populace. Podivejme se, jak se na ném zachovaji standardni metody
(budeme uvazovat CART a CHAID) v konkrétni SW implementaci®.

Nekteré metody provedou d€leni, jiné nikoliv, v zavislosti na délicim kritériu,
které pouzivaji. Napriklad CART pouziva jako délici kriterium pro spojité cilové
proménné nejvétsi redukei v souctu ¢tverci. Proto lze nalézt protipriklad, kdy
budou distribuce principialné odlisné, avsak nedojde k déleni. V piispévku byl
pouzit Kolmogoroviiv-Smirnoviv test, ktery zkouma pravé odlisnost distribuci.
Proto je dané kritérium optimalni (z hlediska greedy algoritmu), pokud je nasim
cilem sledovat rozdéleni (distribuci) cilové proménné.

5 a je tedy teoreticky korektni pro velkd m,n — to vSak neni na zivadu, nebot to
odpovida pozadavku na minimalni pocet prvka v kazdém uzlu

6 byl pouzit SW balik Statistica, verze 6; v jinych SW balicich dojdeme k obdobnym
vysledkim



80 Petr Masa

Tabulka 2. Standardni metody v SW baliku se standardnim nastavenim

’Metoda\ Vysledek
CART |dvé déleni, profezani vede zpét na 1 list
CHAID nedojde k déleni

Na redlnych datech se éasto stavd, ze nejrozsirenéjsi kriteria CHAID a CART
voli stejné atributy pro dé€leni, zejména na nejvyssich arovnich. Volba hodnoty,
podle které se déli do jednotlivych list v ptripadé spojitého prediktoru, se vSak
lisi. Jen ve specifickych pfipadech jiné voli atributy pro déleni. Podobné je tomu
i v pfipadé navrzeného kriteria. Na nejvyssich trovnich se obvykle voli stejné
atributy, podle kterych se bude délit”. K odlisnym a uziteénym vysledkéim do-
chazi, pokud cilovd proménnd nabyva v obou potencidlnich listech podobnych
hodnot, avSak s jinou distribuci (napf. opaéné sesikmené).

V uvedeném modelovém piikladé je uvazovana smés distribuci. V redlnych
datech se casto tato modelova situace vyskytuje — kategoridlnim atributem dobie
odlisujici distribuce byva segment zdkazniki. Kazdy segment ma pak jinou dis-
tribuci cilové proménné, i kdyz nékteré ukazatele (jako napf. priamér ¢i rozptyl)
jsou podobné. Prikladem miuze byt vyse uc¢tu za telefonni sluzby u operatora.
Existuje segment zakazniki, ktefi maji sjednany néjaky tarif s volnymi minu-
tami a jejich utrata se rovnd préavé mésiénimu pausalu (volné minuty nejsou
vyGerpany). Toto nastdva u riznych vysi tarifa a tento segment tedy obsahuje
nekolik konkrétnich diskrétnich ¢isel. Vétsina ostatnich segmenti pak obsahuje
yklasické” rozlozeni spojité veli¢iny, tj. nejedné se jen o nékolik izolovanych ka-
tegoril. Pro popis ¢i predikci utraty zakaznika se také vyuzivaji spojité atributy.
Piikladem takového atributu je pomér prenesenych dat ku dobé pripojeni u
datovych sluzeb tarifikovanych dle doby pfipojeni. Néktefi zakaznici se pfipo-
juji na kratkou dobu s tim, Ze se snazi za tuto dobu prenést co nejvice dat.
Jini se pripoji na delsi dobu, pfi¢emz je objem prenesenych dat maly. Tento
prediktor (resp. jeho diskretizace) také ovliviiuje typ distribuce atributu vyse
mési¢niho Gc¢tu za telefon. Tedy v redlnych datech o zdkaznicich se vyskytuji
smeési distribuci podobné nasemu modelovému prikladu velice ¢asto. Duvodem
jsou nastaveni jednotlivych produkti, jako napf. omezena sada tarifi, tabulka
urcujici vysi pojistného podle nékolika mala atributil ¢i pfeddefinované castky
pro vybér z bankomat.

5 Vizualizace vysledku

Pro vizudlni zobrazeni rozhodovacich stromi se spojitou cilovou proménnou
(nejen pfi rozpadu podle distribuce) je vhodné pouzivat v kazdém listu histo-
gram, nejen textovy udaj o pruméru, prip. smérodatné odchylce cilové proménné.
Zobrazeni jednotlivého listu je uvedeno na obrazku 3.

7 tedy navrzené kriterium nepopira pouzitelnost priblizné 20 let pouzivanjych metod



Rozhodovaci stromy pro distribuce a jejich vizualizace 81

. Segment="NORMAL"'
Node condition

Avg=10 000,00
Stdev=21025,78
Medlian=10 035,75

Histogram area
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Obrazek 3. Uzel stromu: (a) layout uzlu; (b) konkrétni uzel.

Vezméme nés dataset a zobrazme (jiz rozpadly vzhledem ke 4 distribucim)
ho pomoci obvyklého zobrazeni v SW — obrazek 4(a) a pomoci zobrazeni s his-
togramy — obrazek 4(b).

Zobrazeni s histogramem dava uzivateli vice informaci, navic obvykle pou-
zivanou grafickou cestou — zobrazeni distribuce hodnoty v ramci skupiny. Pro
vizualizaci by mél byt histogram délen pokud moZno co nejjemnéji (viz napf.
[5]), nebot jinak muzeme dojit k zavadéjicim vysledkiim. Pro snadnou srovna-
telnost v ramci skupin je vhodné mit jesté moznost pouzivat spolecné méritko
na vodorovné ose ve vSech uzlech, pfipadné moznost sjednotit méritko v uzlu a
vsech jeho potomcich.

6 Vyuziti distribuce pro predikci/regresi

V prispévku bylo predvedeno déleni rozhodovacich stromu s ohledem na distri-
buci a dale vizualizace stromi s ohledem k distribuci cilové proménné. Pokud
budeme pouzivat rozhodovaci strom pro predikci ¢i regresi cilové proménné,
pak nas pro novy zaznam obvykle zajima nejen odhadovana primérna hodnota,
ale i jeji distribuce. Mizeme se tedy ptat, s jakou pravdépodobnosti pfesdhne
hodnota cilové proménné zadanou mez. To je zajimavé zejména v pfipadech,
kdy cilovad proménna odrazi riziko. Tato vlastnost standardnim implementacim
stromil chybi. Pravé otazka, s jakou pravdépodobnosti pfesdhne hodnota v uzlu
danou mez xy pro kazdé xy € R je jen jiny nahled na distribuci proménné.

7 Zavér

Pfi pouziti spojitych cilovych proménnych nas ¢asto zajima rozdéleni této pro-
ménné, nejen primér ¢i smérodatna odchylka. Tomuto cili by mélo byt pfizpi-
sobeno délici kritérium a také vizualizace rozhodovaciho stromu. V textu byl
uveden pristup, ktery fesi jak vizualizaci stromi se spojitou cilovou proménnou
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Obrazek 4. Rozhodovaci strom se spojitou cilovou proménnou: (a) obvyklé zobrazeni
v SW — v uzlech zobrazeno jen nékolik malo kvantitativnich ukazateld; (b) zobrazeni
pomoci histogramil, s moznosti zobrazit také dané kvantitativni ukazatele.
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(pomoci histogramii v jednotlivych uzlech), tak i zptisob déleni list vzhledem k
této distribuci. Byl uveden i pfistup k predikci vyuzivajici prave distribuci cilové
promeénné.

Délici kritérium, vizualizace a predikce byly 3 uvedené oblasti, kde distri-
buce cilové proménné sehravé vyznamnou roli (mize mit pf¥inos oproti pouziti
jen stfedni hodnoty, pfipadné smérodatné odchylky). Tyto oblasti byly FeSeny
obecné, tedy napt. dana vizualizace lze vyuzit i v pfipadé pouziti standardnich
délicich kritérii.
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Annotation.
Decision Trees For Distributions and Their Visualization

Decision trees are widely used technique for its simplicity, easy understanding
and easy visualization. Most methods are focused to discrete target variable, but
some of them are extended to continuous target. In case of continuous target, we
should be interested in its distribution, not only the mean and standard devi-
ation respectively. This article is focused on explanation, why distribution should
be object of exploration, defines splitting criterion which respects distribution
as a goal, defines layout for vizualization of distribution in nodes (and shows
difference comparing to standard layout used in major software packages) and
mentions some benefits of knowing the distribution when predicting continuous
variable (more tasks can be solved). Many available vizualizations of continuous
target tries to approximate leaf distribution from some summary statistics (for
example, normal curve from mean and standard deviation). This can be mislea-
ding when interpreting specific leaf. Benefits of using real target distribution
(not some approximation) instead of some statistics are also mentioned.
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Abstrakt. Pii praci s multimedialnimi dokumenty musime ¢asto fe-
§it problém, jak v nich efektivné a rychle vyhledavat. Multimedidlni
dokumenty vétsinou reprezentujeme vektory ve vysokodimenzionalnim
prostoru, nebot v takto modelované kolekci dokumentt lze jednoduseji
definovat sémantiku i mechanismus samotného vyhledavani. V tomto
prispévku prezentujeme vytvareni vektort obrazkt (extrakci vlastnosti
z obrazkt) v modelu LSI (resp. pomoci singularniho rozkladu). Souc¢asné
ukézeme vliv takové extrakce na efektivitu indexovéni/vyhledavéni po-
moci datové struktury M-strom. Vzhledem k aplikaci modelu LSI na
obrazky poukazeme rovnéz na nékteré zajimavé souvislosti, které pti kla-
sickém pouziti LSI na textovych kolekcich nejsou pfimo patrné.

Klic¢ova slova: LSI, podobnostni vyhledavani obrazki, M-strom

1 Uvod

V soucasné dobé, s nartistem informacnich technologii, vznika obrovské mnozstvi
multimedialnich dat — mezi tato data patii zejména textové, obrazové a zvukové
dokumenty.

Multimedialni data je potfeba néjakym zptsobem vhodné reprezentovat a or-
ganizovat, aby v nich nésledné $lo jednoduse a rychle vyhledavat [6]. Jednotlivé
multimedialni dokumenty vétsinou reprezentujeme vektory ve vysokodimenzi-
ondlnim prostoru, nebot v takto modelované kolekci dokumentii lze jednodu-
Seji definovat sémantiku i mechanismus samotného vyhledavani podle obsahu
(content-based search). V soucasnosti se stale ve velké mife pouziva sekvenéni
zpusob vyhledavani, kdy je celd kolekce dokumenti (resp. jeji reprezentace, tj.
kolekce vektori) postupné sekvenéné nactena a hledané dokumenty jsou naché-
zeny pomoci vzajemného porovnavanim vsech dokumentii v kolekci s dotazovym
dokumentem (pomoci néjaké funkce podobnosti, definované pro dva vektory do-
kumentt). Tento zptisob vyhledavani vSak jiz v souc¢asné dobé neni mozny, nebot
kolekce dokumentii jsou velmi rozsahlé a sekvencni prichod takovou kolekci by
trval netinosné dlouho. Proto byly navrzeny pristupy a metody, které nejdiive

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 84-95, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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kolekci predzpracuji do pfedem navrzené struktury — indexu. Cilem indexovani
je tedy umoznit rychlé vyhodnoceni uzivatelského dotazu pomoci indexu. Na
Obr. 1 uvaddime vzorek z experimentalni kolekce 730 obrazkt budov (posléze
transformovanych do velikosti 80 - 60 pixelt v 256 odstinech Sedi).

Obr. 1. Vzorek z kolekce obrazka budov.

2 Extrakce vektoru vlastnosti pomoci LSI

Metod pro extrakci vlastnosti z obrazka (a tim vytvofeni jejich vektorové repre-
zentace) existuje celd fada. Nejéastéji jsou pouzivany rtzné histogramy barev
[3], textur [17], apod. Pro doménové specifické kolekce (napf. otisky prsti, oéni
duhovky, obli¢eje) pak existuje mnoho specidlnich pfistupi. Pro pfehled soucas-
nych metod extrakce vlastnosti z obrazki odkazujeme na [13].

V nasem pfispévku jsme pouzili jiny pfistup [11,12], kdy je cely obrazek veli-
kosti x -y (resp. jasy/stupné Sedi vSech jeho pixel) pfedeven na vektor dimenze
x - y. Transformace obrazku do vektoru je provedena zcela trividlné, a to ”na-
skladanim” fadku obrazku za sebe, ¢imz vznikne vysokodimenzionalni ”jasovy”
vektor obrazku. V této fazi reprezentace obrazku jesté nejde o extrakci vlast-
nosti, podle kterych by se dalo posléze smysluplné vyhledévat, obrazek (resp.
jeho jasova verze) lze bezezbytku zrekonstruovat z jasového vektoru. Nicméné
diky tomu, Ze obréazky jsou reprezentovany jasovymi vektory, miZzeme celou ko-
lekci obrazki (o velikosti n) reprezentovat matici A fadu x -y x n, kde jednotlivé
vektory obrazki tvoii sloupce matice (viz Obr. 2, z = 80, y = 60, n = 730, tj.
matice A je fadu 4800 x 730).
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Obr. 2. Transformace obrazku do vektoru jasu a jeho umisténi v matici A.

2.1 Klasické LSI jako rozsifeni vektorového modelu DIS

V oblasti Dokumentografickych informacnich systémi (Information Retrieval)
[1,10] se s modelem LSI (latent semantics indexing) setkavame v kontextu repre-
zentace a indexovani textovych dokumentt ve vektorovém modelu [7, 2]. Textova
kolekce obsahuje dohromady m unikétnich termi, pfi¢emz m-rozmérné vektory
dokumentt (sloupce matice A) reprezentuji frekvence/vahy jednotlivych termt
v textovych dokumentech. Pomoci singularniho rozkladu (SVD) matice A:

A=UxvT

se v textové kolekci naleznou tzv. vektory koncepti (levé singuldrni vektory —
sloupce v U), které lze interpretovat jako jednotlivd témata pfitomnd v ko-
lekci. Vektory konceptt tvori bazi v ptivodnim vysokodimenziondlnim prostoru
a jsou to v zdsadé linearni kombinace termi (termy jsou nezdvislé). Dilezitou
vlastnosti singularniho rozkladu je fakt, ze vektory konceptii jsou usporadany
podle ”dulezitosti” (dilezitost vyjadiuji hodnoty singuldrnich ¢&isel o, ulozené
sestupné v diagonalni matici X') — podle toho, v jaké mife a v kolika dokumen-
tech se (ne)vyskytuji. Tim je urceno, které koncepty jsou vzhledem ke kolekci
sémanticky dtilezité (odtud indexovani latentni (skryté) sémantiky), a které ne-
diilezité, ty plisobi jako statisticky sum. Sloupce matice XV7T obsahuji vektory
dokumentti (tzv. vektory pseudo-dokumenti), které jsou ale nyni vyjadiené v
bazi U, tj. v bdzi konceptu. Jeden vektor pseudo-dokumentu odpovida néjaké
linearni kombinaci vSech nalezenych vektort koncepti, tj. pfislusny dokument v
néjaké mife (tfeba i nulové nebo zédporné) obsahuje kazdy z koncepti.
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Vzhledem k tomu, Ze pouze prvnich k konceptii lze povazovat za séman-
ticky dtlezité (pfislugnd singularni éisla jsou vysokd), mizeme ptivodni rozklad
aproximovat jako

AU VE

vvvvvv

singularni ¢isla a ve EkaT vektory pseudo-dokumentt vyjadiené pouze pomoci
prvnich k vektort konceptt (viz Obr. 3). Jinymi slovy, SVD promita pivodni m-
rozmérné vektory dokumentt do prostoru dimenze k (k < m). Aproximace SVD
rozkladu (rank-k SVD) matice A lze dosdhnout tak, Ze bud provedeme tplny
SVD rozklad a posléze prislusné matice ”orezeme”, anebo zvolime nékterou z
¢asov€ méné narocnych numerickych metod, ktera pocita pfimo redukovany roz-
klad (napf. Lanczos, Arnoldi). Pokud chceme v kolekci dokumentt vyhledéavat,

k k
e, e e,
s ~ ~ N N ~
T
% }k v, }k
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Obr. 3. Aproximace SVD rozkladu (rank-k SVD).

porovnavame vektory pseudo-dokumentt s vektorem pseudo-dotazu na zakladé
néjaké miry podobnosti (v klasickém vektorovém modelu DIS i v modelu LSI pro
textové kolekce je to napf. kosinova mira). Abychom mohli porovnévat vektory
pseudo-dokumentii, potiebujeme z klasického vektoru dotazu ¢ (reprezentova-
ného stejnym zpusobem jako jsou vektory dokumenttt v A) zkonstruovat jeho
projekci do Uy, tj. U,?q

2.2 LSI pro kolekce obrazku

Vzhledem k tomu, Ze SVD rozklad muzeme aplikovat na libovolnou matici, je
model LSI aplikovatelny na libovolné typy dat. Interpretace matice A jako ma-
tice termt v dokumentech je pouze predmétem aplikace, tj. aplikace LSI jako
rozsiteni klasického vektorového modelu DIS. Obecné tedy mizeme model LSI
adaptovat pro indexovani libovolné multimedialni kolekce, kterou lze reprezen-
tovat sadou vektort shodné dimenze. Pfitom nezalezi na konkrétnim zputsobu
extrakce vlastnosti z dokument, jedinou podminkou je sestaveni matice A tak,
aby vektory vlastnosti dokument tvorily sloupce.

V nasem piipadé nic nebrani sestavit matici A z jasovych vektori obrazku,
jak bylo popsano na zac¢atku této kapitoly. Pomoci SVD matici A rozlozime stejné
jako pfi klasickém pouziti LSI, tj. ziskdAme aproximaci rozkladu A ~ UkEkaT.
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Obr. 4. Bizové obrazky (vizualizace konceptt, resp. singularnich vektorti) s p¥islusnym
potradim singularnich ¢isel o;.

Zajimavd je interpretace a zejména vizualizace vektorti koncepti (baze U), které
prestavuji jakési ”bazové obrazky”, ze kterych je kazdy obrazek v kolekci slozen
(viz Obr. 4). Jingmi slovy, vhodnou kombinaci bazovych obrézkt dostaneme
libovolny obrézek z kolekce (¢im vySsi k, tim pfesnéjsi rekonstrukce obrazku).

Je zde jist4 spojitost s diskrétni kosinovou transformaci (DCT), vyuzivanou
pfi kompresi JPEG, kde je pouzivano napt. 64 bazovych obrazkid pro obrazové
segmenty velikosti 8 x 8, ovSem téchto 64 bazovych obrazkt je konstantnich
(jedné se o kombinace diskrétnich kosinovych funkei s riznou frekvenci) a daji
se vygenerovat nezavisle na kolekci.

Na Obr. 4 vidime nékolik nejdilezitéjsich bazovych obrazkd — ty mutzeme
interpretovat nasledovné. Prvni bazovy obrazek tvori primér jasu v celé kolekci
(primérny jas budovy), dalsi baze reprezentuji hrubé tvary (obrysy budov, roz-
hrani budov a pozadi) a béze s nejniz$imi singularnimi ¢isly o; (resp. s vyS$im
pofadim 4) postupné popisuji ¢im dél méné frekventované detaily v riznych
obrézcich (napf. konkrétni tvary oken a dvefl na budovéach).

Rekonstrukce obrazku. Abychom ziskali vizuélni pfedstavu o tom, jak velké
(resp. malé) k je jesté dostadujici pro popis obsahu obrazku, mizeme obrazky
zpétné rekonstruovat tak, ze pro dané k provedeme rozklad a matici A rekon-
struujeme jako A ~ U, X, VT

Na Obr. 5a vidime piivodni obrazky, resp. obrazky, které byly rekonstruované
plnym rozkladem A = UXVT (kde k je rovno hodnosti matice U”'). Naopak, pro
velmi mala k je rekonstrukce velmi nedokonald, viz Obr. 5b, kde k = 15. Pfesto
lze i z takto hrubé reprezentovanych obrazki rozeznat tvary ptivodnich budov.
Uvédomme si, Ze rekonstruovany obrazek je kombinaci pouze 15 bazovych ob-
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Obr. 5. (a) Pavodni obrazky. Rekonstrukce obrazku z aproximace A ~ Uy EkaT pro
(b) k=15, (c) k =50, (d) k = 250.

razk1, tj. namisto 4800 hodnot jasu pixeli je potfeba pouze 15 ”vah” koncepti!
V piipadé k = 50 (viz Obr. 5c¢) je rekonstrukce dokonalejsi, lze rozeznat pfitom-
nost nékterych hrubych detaill, napt. oken. Pro k = 250 je jiz rekonstrukce na
takové tirovni, ze ptvodni budovy lze jednozna¢éné rozpoznat (viz Obr. 5d).

Z uvedeného piikladu lze usoudit, ze pokud budeme chtit vyhledavat v ko-
lekci obrazkt podle hrubych obrysi, bude vyhodnéjsi pouzit pouze nékolik mélo
soutadnic vektortu pseudo-obrazku, naopak v ptfipadé, Ze budeme vyhledavat ob-
jekty také podle detailil, zvolime vétsi pocet soufadnic, tj. vyssi k.

Poznamka: Z prikladu lze rovnéz usoudit, Ze celd metoda by mohla byt vy-
uzita pro kompresi celych kolekci obrazkt — vyhodou oproti kompresi JPEG,
resp. pouziti DCT, jsou bazové obrazky ”sité na miru” dané kolekci (ne pouhé
kombinace kosini), coz by se mélo projevit mensim poétem bazovych obrazka
potiebnych pro dostatecné kvalitni rekonstrukci. Nevyhodou je fakt, Ze spolu s

vektory pseudo-obrazki potiebujeme uchovavat i bazové obrazky kolekce.

2.3 Funkce podobnosti pro porovnavani obrazki

Po provedeni SVD rozkladu obdrzime kolekci vektort pseudo-obrazki, které
je potfeba né&jak porovnavat s vektorem pseudo-dotazu (vzniklym transformaci
dotazového obrazku). Obecné se v oblasti vyhledavani v obrazovych kolekcich
pouziva mnoho nejriznéjsich podobnostnich mér, nékteré z nich nemaji ani ana-
lytické vyjadfeni (napi. ohodnoceni natrénovanou neuronovou siti).

V pripadé reprezentace obrazki histogramy barev/jast se pro jejich porov-
névani ¢asto pouzivd kvadratickd forma [8,14], ve které je mozné piibuznost
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barev zachytit korelaénimi vahami mezi jednotlivymi barvami (obecné soufadni-
cemi vektoru). Kvadraticka forma je vlastné zobecnénim Euklidovské vzdalenosti
(kde neexistuji korelace mezi soutadnicemi, vSechny dimenze jsou povazovany za
nezévislé).

Jelikoz v pfipadé modelovani obrazku vektorem pseudo-obrazku jsou sou-
fadnice nekorelované (soufadnice obsahuji vahy vektort koncepti, které tvofi
bézi a tudiz jsou linedrné nezavislé), postadi, kdyz pouzijeme pro porovnani vek-
tort obycejnou Euklidovskou vzdalenost, nebo jinou Minkowského metriku (L,
metriku). Podobnost modelovana vzdélenosti je interpretovéna tak, ze ¢im vzd4-
lenéjsi jsou oba vektory, tim méné podobné jsou si obrazky. Nulovou vzdalenost
maji identické obrazky (resp. jejich vektory). Vyhoda Euklidovské vzdalenosti
spocivé také v tom, Ze je to metrika, a proto lze celou kolekci obrazki (jejich vek-
torovou reprezentaci) indexovat pomoci metrickych piistupovych metod (metric
access methods [4]), coz posléze umoziiuje v kolekci rychle vyhledavat. Rychlost
vyhledavani je dana dvéma typy nakladt spofebovanych béhem vyhodnocovani
dotazu. Je to jednak pocet diskovych pristupti a jednak pocet aplikaci dané
metriky (mnozstvi vypocti vzdalenosti).

3 M-strom

Jednou z metrickych ptistupovych metod je M-strom [5,9, 16], umoziiujici inde-
xovat kolekei dokumentt modelovanych objekty metrického prostoru M = (U, d),
kde U je univerzum objektt (napf. vektortt dokumentil) a d je metrika. Podobné
jako mnoha struktur v jinych oblastech indexovani, i struktura M-stromu je zalo-
zena na myslence BT-stromu, tj. je vyvaZena, dynamickd a strankovana (umoz-
nujici efektivni perzistenci). Konkrétni index M-stromu pfedstavuje hierarchii
metrickych regioni (kazdy uzel pfedstavuje jeden region), respektive hierarchii
shlukt objektt v téchto regionech.

3.1 Struktura

Listy M-stromu obsahuji zéznamy grnd(O;) (ground entries) samotnych inde-
xovanych objektd O;, zatimco vnitini uzly obsahuji tzv. smérovaci zdznamy
rout(O;) (routing entries). Smérovaci zdznamy popisuji tzv. metrické regiony,
které vymezuji v metrickém prostoru oblast, v niz se nachéazeji objekty ulozené
v listech pfislusného podstromu. Metricky region je popsan hyper-kouli se stfe-
dem v néjakém objektu a piislusnym pokryvajicim polomérem (covering radius).
Piiklad hierarchie metrickych regionti (pro Euklidovskou vzdalenost a 2D pro-
stor) a pFislusného M-stromu je uveden na Obr. 6.

3.2 Vyhodnocovani dotazti na podobnost

Indexovani objektt v M-stromu je realizovano pouze pomoci dané metriky d.
Diky tomu je snadné implementovat dva zakladni typy dotazti na podobnost. Je
to jednak rozsahovy dotaz, ktery slouzi k nalezeni takovych objekti, pro které
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Obr. 6. Hierarchie regiont v metrickém prostoru a pfislusny M-strom.

je vzdalenost od objektu dotazu mensi nez dand prahova hodnota a déle dotaz
na h nejblizsich sousedi! (h-NN dotaz), kterym ziskdme prvnich h nejméné
vzdalenych objektti od objektu dotazu.

Vyssi efektivita (rychlost) vyhleddvani v M-stromu (viiéi napf. prostému sek-
venénimu prichodu mnoziny objekti) spocivd v postupném odfiltrovani téch
vétvi M-stromu, které obsahuji (vzhledem k dotazu) irelevantni objekty. Ko-
rektnost filtrovani zarucuje zejména axiom trojihelnikové nerovnosti metriky,
coz je klicova vlastnost vyuzivana vsemi metrickymi pristupovymi metodami.

3.3 Pouziti M-stromu pro indexovani obrazku

Do M-stromu lze zaindexovat libovolnou kolekci reprezentovanou objekty v me-
trickém prostoru, mizeme jej tedy pouzit k indexovani vektori pseudo-obrazkiu
podle vzdalenosti — zvolili jsme Euklidovskou vzdalenost. Podobnostni vyhleda-
vani v kolekci obrazki provadime pomoci rozsahovych dotazi nebo dotazii na h
nejblizsich sousedti.

4 Experimenty

S vychozi kolekci 730 obrazkt budov jsme provedli dva druhy experimentu. 7
hlediska pfesnosti a uplnosti (precision and recall) jsme zkoumali Gspésnost sa-
motné metody extrakce vlastnosti z obrazkt pomoci LSI, z hlediska efektivity
jsme pak testovali ndklady na vyhodnoceni dotazu pomoci M-stromu.

4.1 Kbvalita vyhledavani

Vzhledem k tomu, ze kolekce byla slozena ze skupin po péti obrazcich zobrazuji-
cich stejnou budovu z riznych pohledd (viz Obr. 7), rozhodli jsme se pro tlohu

! Obvykle se uvadi parametr k, tj. dotaz na k nejbl. sousedit (k-NN dotaz). Parametr
k jsme jiz zavedli u SVD, proto u dotazii budeme pouzivat h, aby nedoslo k zaméné.
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YNV,

indexovana byla samoziejmeé cela kolekce 730 obrazk, ¢lenéni na skupiny uvnitt
kolekce bylo pouze logické.

Obr. 7. Skupina obrazku téze budovy z ruznych pohledd.

Testovani probihalo tak, Ze jsme ndhodné vybrali 50 skupin obrazki, pficemz
z kazdé skupiny jsme déale ndhodné vybrali jeden obrazek, polozili 4-NN dotaz
k tomuto obrazku a ocekavavali, zda ve vysledku dotazu obdrzime zbyvajici 4
obrazky z dané skupiny. Pokud byly nalezeny vSechny 4 obrazky, byla piesnost
odpovédi 100%, pro 3 spravné nalezené obrazky byla presnost 75%, atd. Acko-
liv poradi obrazku v odpovédi urcuje miru podobnosti k dotazovému obrazku,
pro stanoveni presnosti nam na poradi nezalezelo vzhledem k malému poctu
obrazkt v odpovédi. Uplnost odpovédi v tomto piipadé odpovidala pFesnosti,
nebot velikost odpovédi se rovnala poctu relevantnich obrazka v kolekci, tj. 4.

L------------
dist=0.0 dist = 924.1 dist = 990.0 dist = 991.4 dist = 1031.3

Vysledek 4-NN dotazu (pro k=50 a k=250)

- . . .. - ..
-,

NN BN BN BN BN BN BN BN BN BN BN BN B A
dist = 998.7 dist = 1018.8 dist = 1040.4 dist = 1166.2

Obr. 8. Odpovéd na prvni dotaz.

Na Obr. 8 vidime piiklad dotazu a odpovédi pro rizna k (tj. pro popis ob-
razkd pomoci k bazovych obrazkt). Piesnost odpovédi byla 50%, pro k = 50 a
k = 250 navic hledanad budova obsadila prvni dvé mista v odpovédi.

Na Obr. 9 vidime 4-NN dotaz pro jiny obrazek. Piesnost odpovédi byla pro
k = 15 opét 50%, pro k = 50 a k = 250 pouze 25%. Tento vysledek je zd4nlivé v
rozporu s faktem, ze pro vyssi k ziskdme pfesnéjsi rekonstrukci obrazkd, a tedy
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by méla byt i vyssi presnost vyhledavani. Takova pfedstava je ale mylnd, protoze,
hrubé tvary, kdezto méné dilezité (tj. méné frekventované) koncepty popisuji
rizné detaily. V uvedeném piikladu ziejmé doslo k situaci, kdy dotazovani na
prilis velké detaily dotazového obrazku pouzitim vyssiho k zpusobilo vyhledani
irelevantnich obrazkd, které mély (ackoliv to neni pfimo vizudlné patrné v sa-
motnych obrizcich) vyssi zastoupeni detailit pfitomnych v obrazku dotazu. Nao-
pak, relevantni obrazek (pfi vyhledani zafazeny aZ na 4. misto) mél diky jinému
pohledu na budovu ponékud odlisné detaily.

Dotazovy obrazek Vysledek 4-NN dotazu (pro k=15)

JF BN BN BN BN BN BN BN BN BN BN BN BN BN BN B
37T T

!- L L I A L L L
dist=0.0 dist = 704.7 dist = 735.0 dist = 824.29 dist = 847.6

Vysledek 4-NN dotazu (pro k=50 a k=250)

III N N BN .
1 = BT ]
=

I- e o

dist = 953.5 dist = 967.3 dist = 969.9 dist = 1008.7

Obr. 9. Odpovéd na druhy dotaz.

Zhodnoceni. Pro 50 4-NN dotazt bylo dosaZzeno priimérné presnosti 43% (tj.
v kazdé odpovédi byly v praméru 1-2 spravné obrézky), pficemz jako nejvy-
hodnéjsi se ukazalo pouziti k = 15. Vzhledem k tomu, Ze jednotlivé obrazky
v ramci skupin predstavovaly budovu z rtznych pohledi, ¢asto i velmi odlis-
nych, lze povaZovat piesnost 43% jako velmi dobrou. Z toho lze také usoudit, Ze
uvedend metoda LSI pro obrézky je pomérné odolna viéi prostorovym transfor-
macim. Pokud bychom jesté zmirnili identifika¢ni pozadavek tak, ze staci, aby
se ve 4 vyhledanych obréazcich vyskytoval alespon jeden spravny, dosahli bychom
identifikace témér kazdé budovy.

4.2 Rychlost vyhledavani

V druhé skupin€ experimentt jsme testovali nédklady na vyhleddvani obrazku
pomoci indextt M-stromu. Pro parametry k = 15,k = 50, k = 250, tj. pro kaz-
dou sadu k-rozmérnych vektori, byl sestaven jeden index. Konstrukce probihala
metodou MinMax + MultiWay, detaily viz [16,15]. Vysledky efektivity dotazo-
vani jsou uvedeny v Tabulce 1. Kapacita uzli M-stromu byla stanovena na 10



94 Tomas Skopal, Michal Kolovrat, Viclav Snasel

objekti, pfiCemz pramérnd naplnénost uzli (v tabulce oznaceno jako UTIL)
dosahovala cca 70%.

Pfi dotazovani jsme sledovali podet diskovych pfistuptt k uzlim (v tabulce
oznaceno jako I/O) a pocet aplikaci metriky (v tabulce oznaceno COMP). N4~
klady jsou vyjadfeny procentuelné jako (a) podil pfistupi/aplikaci vzhledem
k velikosti indexu M-stromu, resp. po¢tu zaznami v indexu M-stromu (b) po-
dil ptistupti/aplikaci vzhledem k velikosti sekvenéniho souboru, resp. poétu ob-
razki. Sledovany byly primérné, maximalni a minimalni hodnoty nékladu (bylo
provedeno 50 4-NN dotazi).

Tabulka 1. Efektivita vyhledavani v M-stromu.

Parametr|UTIL 4-NN dotazy
k % 1/0 COMP 1/0 COMP
% M-stromu | % M-stromu | % sekv. % sekv.

Avg Min Mazx|Avg Min Maz| Avg Min Maz| Avg Min Maz
k=15 | 68 |54 17 76 |41 11 58|93 29 13148 13 68
k=50 | 71 [63 29 88 |49 20 74 |104 48 145|58 24 88
k=250| 70 |65 24 91 |51 16 75 (112 41 157|60 19 88

Zhodnoceni. 7 tabulky miZeme usoudit, Ze nejlepSich vysledki bylo dosa-
zeno pro k = 15, kdy bylo potieba nacist polovinu indexu M-stromu, tj. ekvi-
valent 93% sekvenc¢niho souboru. Pocet aplikaci metriky byl nizs$i, v pfepoctu
48% aplikaci nutnych pro sekvenéni vyhodnoceni. Uvedené vysledky nejsou zcela
presveédcivé z hlediska vyhodnosti M-stromu oproti sekvenénimu zpracovani do-
tazu, nicméné je tieba podotknout, ze experimenty byly provadény na velmi
malé kolekei (pouze 730 obrazkt). V budoucnu bychom chtéli metodu vyzkouset
na kolekcich o deseti- az statisicich obrazki, kde by se mél potencidl M-stromu
projevit v podstatné vétsi mite.

5 Zavér

V tomto prispévku jsme popsali specifika pouziti modelu LSI pro reprezentaci
obrazki spolu s vyuzitim M-stromu jako indexovaci struktury pro efektivni vy-
hledavéani. Diky aplikaci LSI na obrazky jsme také vizualizovali nékteré aspekty
LSI, které nejsou pii klasickém pouziti ve vektorovém modelu DIS pfimo patrné.

Tento vijzkum je ¢dstecné podporovdn grantem GACR 201/05/P036.
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Annotation:

An Application of LSI and M-tree in Image Retrieval

In this paper we present a method of LSI-based image feature extraction and,
simultaneously, we demonstrate how such an extraction can be used for image
retrieval using the M-tree. Moreover, we show several interesting properties,
which are not directly visible when using the LSI on text collections.
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Abstrakt. Prispévek se zabyva moznostmi hodnoceni kvality vysledkt
sumarizatort textd. Jsou zde popsany jednotlivé tfidy metod hodnoceni. Vétsi
pozornost je vénovana tiidé metod zalozenych na podobnosti obsahu. Uvadime
dvé nové metody hodnoceni kvality extraktl, které vyuzivaji singularni
dekompozici. Clanek prezentuje vysledky testovani i sumarizator
hodnocenych z hlediska standardni kosinové metody a dvou novych metod
zalozenych na singularni dekompozici. Podobnost obsahu extraktu je méfena
jak k plnému textu tak i k jeho abstraktu.

Kli¢ova slova: sumarizace, extrakt, abstrakt, singularni dekompozice

1 Uvod

Automatickd sumarizace textil je védecka disciplina, kterd v dnesni dob¢ pouta stale
vEétsi pozornost. Obrovské mnozstvi elektronickych informaci se musi redukovat, aby
se s nimi uzivatel mohl efektivnéji vyporadat. Existuje mnoho sumarizacnich metod.
Prvni skupinu tvoii extraktivni metody (Summarization by Extraction), jejichz cilem
je vybrat nejvyznamnéjsi véty v sumarizovaném textu a vysledkem je tedy extrakt. V
dnesni dob¢ se zalinaji vyvijet také algoritmy, které by umoziovaly automatickou
tvorbu abstraktu generovanim novych vét (Summarization by Generation). Tyto
metody jsou vSak stale malo dokonalé. Pokud vSak chceme vylepSovat sumariza¢ni
metody, musime nejprve vyvinout zpusoby, jak posuzovat jejich kvalitu. Tento
prispévek se zabyva piistupy k hodnoceni extraktli. Metody lze rozdélit do dvou
skupin. Prvni tvofi metody, které zjistuji, nakolik je automaticky systém schopny
zachytit hlavni myslenky zdrojového dokumentu (content evaluation). Metody druhé
skupiny méfi textovou kvalitu vystupu sumarizatoru — hodnoti Etivost, gramatiku a
logickou souvislost extraktu (text quality evaluation).

Dale je mozné rozdélit metody na vnitini (intristic) a vn&jsi (extrinsic). Prvni
skupina metod vychazi zobecnych pozadavki na abstrakty. Zkouma tedy
informativnost, pokryti a spravnost abstraktii (extraktl). Druha zkouma jejich kvalitu
vzhledem k ur¢itému cilovému pouziti.

V aktualnim vyzkumu jsou dominantni nasledujici feSeni:

1. Srovnani extraktu s referen¢nim textem (vnitini hodnoceni) — viz kap. 2,3 a 5
2. Subjektivni hodnoceni soudcti (vnitini hodnoceni)

3. Aplikaéné zalozené hodnoceni (vnéjsi hodnoceni) — viz kap. 4

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 96-107, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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Pro extrakty vét je Casto méfena podobnost vybéru vét extraktu s referenénim
extraktem (co-selection). Jako hlavni metriky se pouzivaji piesnost, uplnost
a F-skore [5]. Tyto metody sebou vsak piinasi také néktera omezeni. Naptiklad 1ze je
pouzit pouze pro extraktivni sumarizatory. Tuto nevyhodu odstrafiuji metody
zaloZené na podobnosti obsahu (content-based), které méti podobnost s referencnim
extraktem na Grovni slov [5].

Aplikacné zalozené metody (fask-based) méii kvalitu extraktd z hlediska jejich
pouziti pro urcity ukol. Piikladem je kategorizace textd (viz kap. 4).

2 Metody zaloZené na spole¢ném vybéru ¢asti textu

Tyto metody méti kvalitu z hlediska spole¢ného vyskytu casti textu (vétSinou vét)
v extraktech. Je zde nutné mit k dispozici referencni extrakt neboli extrakt, ktery se
povazuje za spravny (gold standard). Tento extrakt se nejcastéji ziskava tak, ze
nékolik lidi (soudct)) vybere véty, které by dle jejich minéni nemély v extraktu
chybét. Véty, které jsou vybrany nejvice soudci se zaradi do referencniho extraktu.
V dalsi ¢asti uvadime tfi moznosti méfeni kvality.

2.1 Presnost a tiplnost

Koeficienty piesnosti a uplnosti jsou definovany jako:

Koeficient pfesnosti (Precision): P(E) = A (1)
A+C

Koeficient tplnosti (Recall): R(E)= A (2)
A+ B

E = vyhodnocovany extrakt

A = pocet shodnych vét ve vyhodnocovaném a referenénim extraktu

C = pocet vét, které jsou ve vyhodnocovaném extraktu, ale nejsou v referencnim
B = pocet vét, které jsou v referencnim extraktu, ale nejsou ve vyhodnocovaném

2.2 Kappa

Kappa je statistickd mira, kterd ma nasledujici vyhody:
e VyluCuje ndhodnou shodu, ktera je definovadna jako turoven kvality, kterd
bude dosazena ndhodnym vybérem veét.
e  Umoziuje urceni pravdépodobnosti shody mezi soudci.

Koeficient Kappa (K) je definovan nasledovné:
« _ P(S)=P()

1-P(N) @)



98 Josef Steinberger, Karel Jezek

kde P(S) je pravdépodobnost shody mezi systémem (resp. soudcem) a referenénim
extraktem (resp. jinym soudcem) a P(N) je pravdépodobnost ndhodné shody.

Tedy K=0, pokud je shoda sumariza¢niho systému stejna jako pfi ndhodné shod¢ a
K=1, pokud je hodnoceny extrakt shodny s referen¢nim (perfektni shoda). Pokud je
shoda horsi, nez by se ocekavalo pii nahodné shod¢, kappa mutize byt také zaporné.

2.3 Relativni pfinos

Jednotlivi soudci nejprve ohodnoti véty (0-10). Ohodnoceni automatickych extrakti
se potom zvySuje pfitomnosti vét s vysokym ohodnocenim a sniZuje pfitomnosti
redundantnich vét [5].

3 Metody zaloZené na podobnosti obsahu

Manualni extrakty (vytvofené soudci) vSak obecné nesdileji mnoho stejnych vét, a
proto je problém ziskat referencni extrakt. Dalsi nevyhodou vyse popsanych metod je
neschopnost zachytit sémantiku vét. Porovnejme naptiklad vyznam nasledujicich
dvou vét:

S1:,,Navitéva prezidenta Spojenych stati americkych v Cing“
S2:,, Americky prezident navétivil Cinu“

Do referen¢niho extraktu bude zafazena pouze jedna z téchto vét. Pii hodnoceni
metodami zalozenymi na spoleCném vybéru vét se bude pritomnost druhé véty
v extraktu brat jako chyba.

S témito nepfijemnymi vlastnostmi se lze vypotadat pouzitim metod zaloZzenych
na podobnosti obsahu. Tyto metody pocitaji podobnost extraktli na nizsi tirovni nez
jenom na urovni celych vét.

Nabizi se zde tfi moznosti:

a) pocitat podobnost vyhodnocovaného extraktu s referenénim extraktem,

b) pocitat primér z podobnosti vyhodnocovaného extraktu s jednotlivymi

manualnimi extrakty,

c) pocitat podobnost vyhodnocovaného extraktu s plnym dokumentem.
Nasleduji tfi bézna méteni podobnosti.

3.1 Kosinova podobnost

Kosinova podobnost (Cosine Similarity) se spocita podle nasledujiciho vzorce:

x ¥y
cos(X,Y) = z e

\/Z(xif )

>

)
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kde X a Y jsou reprezentace textu ve vektorovém modelu. U kosinové podobnosti se
pro reprezentace textu pouzivaji slova nebo lemmata.

3.2 Prekryti obsahu

Piekryti obsahu (Unit Overlap) lze spocitat nasledujicim zptisobem:

X NY|
X=X~y ®
kde X a Y jsou mnozinové reprezentace textu. | S | je mohutnost mnoziny S. Zde se
jako jednotky reprezentace textu pouzivaji mnoziny slov nebo lemmat.

overlap (X,Y) =

3.3 Nejdelsi subsekvence

Nejdelsi subsekvenci (Longest Common Subsequence) muzeme spocitat nasledujici

formuli:

length(X)+length(Y)—edit ,(X,Y) ©)
2 b

kde length(X) je pocet slov fetézce X a edit;(X,Y) je minimalni pocet operaci vloZeni a
vymazani slov potiebny k transformaci X na Y.

les(X,Y)=

4 Aplikacné zaloZené metody

Aplikacné zalozené metody zjiStuji kvalitu skrze uziti automatickych extraktll pro
dany prakticky ukol. Testovat je mozné naptiklad zvySeni rychlosti Ci presnosti
vyhledavani dokumentl, pokud je vyhleddvani zalozené na extraktech misto na
plnych dokumentech (Korelace relevance). Dalsim moznym méfenim je uspésnost
kategorizace dokumentli do tématickych skupin, pokud se indexuji extrakty misto
ptvodnich dokumenta.

4.1 Korelace relevance

Korelace relevance (RC - Relevance correlation) je nova technika, kterd umoziiuje
mefit relativni pokles vykonu ziskavani informaci, pokud se indexuji extrakty misto
plnych dokument [5]. Pfedpokladejme, ze mame dotaz Q a kolekci dokumentt D;,
vyhledavaci systém setadi dokumenty D; podle jejich relevance k dotazu Q. Potom
provedeme substituci plnych dokumentd za extrakty S; a stejny vyhledavaci systém
sefadi dokumenty S; podle jejich relevance k dotazu Q. Pokud jsou extrakty dobrou
nahradou ptivodnich dokumentti, pfedpoklada se, Ze potadi v obou pripadech budou
podobna. Existuje nékolik metod pro méteni podobnosti poradi (Kendall's tau [§],
Spearman’s rand correlation [8]). Protoze vSak mame navic k dispozici
(z vyhledavaciho systému) relevanci jednotlivych dokumentli k dotazu, mtzeme
spocitat RC nésledujicim zplsobem:
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Z(xi_f)(yi_y)

’ 7
\/Z(x,-—x)z - ?

kde x; je relevance dokumentu D; k dotazu Q, y; je relevance dokumentu S; k dotazu
0. X (resp. y) je primérna relevance dokumentti D; (resp. S;) k dotazu Q.

RC =

4.2 Kategorizace dokumenti

Tato metoda zjistuje vhodnost pouziti extraktl misto plnych textl pro pozdéjsi
kategorizaci. Pro méfeni je potiebna zatfidéna kolekce dokumenttl. Pti tomto zpisobu
testovani se ke klasifikaci pouziva automaticky klasifikator. Z divodu oddé€leni chyby
klasifikatoru a chyby sumarizatoru je pak nutné pouziti nékterych zakladnich hodnot
pro porovnani. Vysledné hodnoty klasifikace extraktli jsou proto porovnavany
napt. svysledky hodnoceni ptvodnich dokumenti nebo hodnoceni nahodné
vybranych vét.

Poslednim problémem ziistdva mira urCujici kvalitu extraktu. Obecné se pouzivaji
koeficienty presnosti kategorizace P a uplnosti kategorizace R:

P==. ®)

q
rR=L, )
r
kde p je pocet tiid, do kterych je dokument spravné zatfidén klasifikatorem, g je
celkovy pocet tfid, do kterych je dokument klasifikatorem zafazen a r je pocet
relevantnich tfid, do kterych byl dokument klasifikovany pti pfedchozim ru¢nim
zatfidovani. Potom P a R pro celou kolekci je primérem P a R ptes vSechny
dokumenty. Z definice je mozné vidét, ze oba ukazatele spolu souvisi a zvySovanim
jednoho se druhy bude snizovat. Pfi zafazeni dokumentu do co nejvyssiho poctu tfid
bude vysoka uplnost, pti snizovani poctu tiid se bude zvedat presnost. Z toho divodu
se pak pouziva pro hodnoceni klasifikace napt. primér z obou hodnot [4].

S Hodnoceni singularni dekompozici

Singularni dekompozice je proces, ktery je schopen najit v dokumentu hlavni témata
(n-tice slov) a hodnoty jejich vyznamnosti. Tuto vlastnost vyuZzivaji nase dvé nova
hodnoceni, kterd zjistuji podobnost hlavniho tématu (respektive n hlavnich témat)
automatického extraktu a referencniho dokumentu. Protoze jsou tyto metody zalozeny
na podobnosti obsahu, 1ze jako referen¢ni dokument pouzit i manualni abstrakt, ktery
muize obsahovat i nové vytvorené véty.
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5.1 Singuldrni dekompozice (Singular Value Decomposition)

Singularni dekompozice (SVD) je numericky proces, ktery se hojné pouziva pfi
redukci dat. V posledni dobé byly navrzeny algoritmy, které singularni dekompozici
fesi klasifikaci nebo vyhledavani dokumentl (latentni sémantické indexovani). SVD
byla jiz pouzita i pro sumarizaci [3]. Na této myslence jsou zalozeny i naSe hodnotici
algoritmy.

Proces zacina vytvorenim matice termi proti vétam 4 = [4}, 4, ..., A4,], kde kazdy
sloupcovy vektor 4; reprezentuje vektor frekvenci termti ve vét€é i v
dokomponovaném dokumentu. Pokud dokument obsahuje m termi a n vét, ziska se
matice 4 o rozmérech m x n. Matice 4 je zpravidla fidka, protoze normaln¢ se kazdé
slovo v kazdé vét€ nevyskytuje. Singularni dekompozice matice 4 je potom
definovana jako:

A=UzV", (10)

kde U = [u;] je m x n sloupcové ortonormalni matice, jejiz sloupce se nazyvaji levé
singularni vektory, X' = diag(o;, 03, ...,0,) je n x n diagonalni matice, jejiz diagonalni
prvky jsou nezapornd singuldrni Cisla sefazend sestupné a V = [v;] je n x n
ortonormalni matice, jejiz sloupce se nazyvaji pravé singularni vektory (viz obr. 1).
Pokud 7 je fad matice 4, potom (viz [2]) 2 spliuje:

0,20,.20,>0,,=..=0,=0- (11)
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k .‘.. \L v%kmry

t .o. wit
e
r _ z
i & - U
¥

E—

vaktory

termd

Obr. 1. Singulari dekompozice

Na interpretaci aplikovani SVD na matici termd proti vétdm se miZzeme divat ze
dvou pohledt. Z transformacniho pohledu SVD zprosttedkovava mapovani mezi m-
dimenzionalnim prostorem vektorti frekvenci termti a r-dimensionalnim singularnim
vektorovym prostorem. Ze sémantického pohledu SVD poskytuje latentni
sémantickou strukturu dokumentu reprezentovaného matici 4. Tato operace vyjadiuje
rozklad origindlniho dokumentu do r linearné nezavislych bazovych vektort. Kazdy
term 1 véta dokumentu jsou indexovany témito bazovymi vektory. Unikatni vlastnosti
singularniho rozkladu je schopnost zachytit a modelovat vnitini vztahy mezi termy
tak, ze muze sémanticky shlukovat termy a véty. Dale, jak je demonstrovano v [2],
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pokud se v dokumentu casto vyskytuje uréitd kombinace slov, pak bude tato
kombinace zachycena a reprezentovana jednim ze singularnich vektort. Velikost
odpovidajiciho singularniho ¢isla indikuje vyznamnost kombinace v dokumentu.
Kazda véta obsahujici tuto kombinaci slov bude promitnuta blizko odpovidajiciho
singularniho vektoru a véta, ktera nejlépe reprezentuje tuto kombinaci bude mit
nejveétsi hodnotu vtomto vektoru. Kazdd kombinace slov popisuje urité téma
dokumentu. Lze tedy na zakladé ptedchozich faktl fici, Ze kazdy singularni vektor
reprezentuje urcité téma dokumentu a velikost korespondujiciho singularniho Eisla
reprezentuje vyznamnost tohoto tématu [3].

Na zaklad¢ predchozi diskuse jsme navrhli metodu hodnotici kvalitu extraktu.
Tato metoda vyuziva singularni rozklad matice termt proti vétam, konkrétné matici
U, kterd popisuje miru vyznamnosti termt v hlavnich tématech (singularnich
vektorech) dokumentu. Pfi hodnoceni métime podobnost mezi matici U ziskanou
singularnim rozkladem originalniho dokumentu (nebo referencniho extraktu nebo
abstraktu) a matici U ziskanou singuldrnim rozkladem hodnoceného extraktu. Pro
zjisténi této podobnosti jsme navrhli nasledujici dvé méteni.

5.2 Podobnost hlavniho tématu

Tento zplsob méfeni porovnava prvni levé singularni vektory ziskané singuldrnim
rozkladem referenéniho dokumentu (plny text, referencni extrakt nebo abstrakt) a
extraktu. Tyto vektory odpovidaji hlavnimu tématu dokumentu. Cim vice se tedy
podoba hlavni téma extraktu hlavnimu tématu referenéniho dokumentu, tim je extrakt
kvalitngjsi. Podobnost méfime tthlem mezi vektory, které jsou normalizované, takze
muzeme pouzit nasledujici vzorec:

cosq;zZuei Uy s 12)

i=l
kde ur je prvni levy singularni vektor rozkladu referen¢niho dokumentu, ue je prvni
levy singularni vektor extraktu (hodnoty odpovidajici termtim jsou usporadany podle
referenéniho dokumentu a na misté chybéjicich termu jsou nuly), # je pocet riznych
termu referenéniho dokumentu.

5.3 Podobnost n nejvyznamnéjsich témat

Tento zpiisob hodnoti podobnost z pohledu » hlavnich témat porovnavanych
dokumentl. Nejprve vytvofime singularni rozklady referencniho dokumentu a
hodnoceného extraktu. Potom pro oba dokumenty vynasobime matice U a 2. Ziskame
tim matice S, ( pro extrakt) a S, (pro referen¢ni dokument):

Se =Ue.ze’ (13)

S =U, X,. (14)
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Dlvodem tohoto nasobeni je zvyhodnéni hodnot v matici U, které patii
k nejvyssim singularnim ¢islim (nevyznamnéjSim tématim). Pro kazdy vektor termu
(viz obr. 2) pak spocitame jeho délku (pro extrakt i referen¢ni dokument):

do= D52, (15)
i=1

kde d je délka vektoru k-tého termu, # je pocet témat. V naSich experimentech jsme
zvolili konstantni pocet tfi nejvyznamngéjSich témat.

ref. dokument . extrakt vektar termu 1
d, & de e
& | % i = 5
4 |=— 5 i K
dy  |=— 53 d = *
=N Se

/P 1. lewy singulami vektor (hldvni téma) T
vysledny vektor délek vektord termi ref. dok. wislednj vektor délek vektord termd extraktu

Obr. 2. Vytvoreni vyslednych vektori ref. dokumentu a extraktu

Z délek vektorti termt sestavime vysledny vektor délek termil v latentnim prostoru
vzniklém singularni dekompozici (viz obr. 2). Ziskame tim tedy dva vysledné
vektory — jeden pro extrakt (de) a druhy pro referencni dokument (dr). Tyto vektory
potom znormalizujeme. Pro zméieni jejich podobnosti pouzijeme opét kosinovou
miru — analogicky s (12):

COS¢)=Zd€i -dr, - (16)
i=l1

Tato metoda ma nasledujici vyhodu oproti piedchozi. Pokud budeme uvaZovat
origindlni dokument jako referencni a ten bude obsahovat dvé piiblizné stejné dilezita
témata (odpovidajici singularni ¢isla budou mit pfiblizn€¢ stejnou hodnotu), pak se
muze stat, ze v extraktu pfevladne druhé nejvyznamnéjsi téma nad prvnim a hlavni
téma bude vyhodnoceno jako velmi rozdilné. Tuto nevyhodu odstranime, pokud
hodnotime podle vice témat.

6 Testovani

6.1 Testovaci kolekce

K testovani novych metod jsme pouzili kolekci Computation and Language
Collection (cmp-lg) [7], ktera byla vytvofena korporaci MITRE a univerzitou
v Edinburghu. Tato kolekce formatu xml slouzi jako zdroj pro testovani v oblasti
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dolovani znalosti a sumarizace textl.. Vyskytuji se zde védecké dokumenty dlouhé
prumérné 169 vét a také jsou zde jejich abstrakty.

Tabulka 1. Detaily o testovaci kolekci cmp-lg

Pocet dokumentil 178
Minimalni pocet vét v dokumentu 45

Maximalni pocet vét v dokumentu 750
Pramérny pocet vét v dokumentu 169
Primérny pocet slov v dokumentu 4504
Primérny pocet vyznamovych slov v dokumentu 1653
Primérmy pocet rtiznych vyznamovych slov v dokumentu 529

6.2 Vysledky

Ukolem testovani bylo porovnani novych hodnoceni, zalozenych na singularni
dekompozici, se standardni kosinovou podobnosti. Porovnéavali jsme extrakty tri
sumarizator. Prvnim je nd$ sumarizator, zalozeny na mySlence sumarizovani
singularni dekompozici [6]. Druhym je ndhodny sumarizator (RANDOM), ktery
vybird ndhodné véty dokumentu. Ten slouzi ke stanoveni spodni hranice uspé$nosti.
Treti je sumarizator se zabudovanou pozi¢ni heuristikou (LEAD) [5]. Ten preferuje
véty na zacatku dokumentu. Z vysledki Ize tedy zkoumat, zda a nakolik se vyskytuji
dilezité informace na zacatku dokumentu. Nejprve jsme jako referenéni dokument
vzali plny text. Zkoumali jsme tedy podobnost plného textu a jeho extraktu. Potom
jsme porovnavali abstrakt, ktery byl v kolekeci piipojen ke kazdému clanku, a
automaticky extrakt. Sumarizacni pomér byl stanoven na 3%, 5% a 10%. Jako
sumariza¢ni jednotku jsme nejprve brali vétu, ale toto nastaveni penalizovalo nahodné
a pozi¢ni extrakty, které mohou vybrat i velmi kratké véty a celé extrakty tedy mohou
byt podstatné kratsi. Proto bylo nakonec jako sumariza¢ni jednotka nastaveno slovo a
vSechny extrakty byly piiblizné stejné dlouhé. Dulezitym faktorem kvality
singularniho rozkladu je kvalita lematizacniho slovniku. Pfi naSem testovani jsme
pouzili lematizani slovnik (SMART’s English Stoplist), jehoZz autory jsou M.W.
Berry a S. Dumais [1]. Hodnoty v nasledujicich tabulkach udavaji kosinus odchylky
vektort.

Tabulka 2. Hodnoceni kvality 3% extraktt (ref. dokument je plny text)

Hodnoceni Sumarizator
SVD RANDOM LEAD
Kosinova podobnost 0.651 0.521 0.426
Podobnost hlavniho tématu 0.694 0.390 0.371
Podobnost tfech hlavnich témat 0.650 0.420 0.378
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Tabulka 3. Hodnoceni kvality 5% extraktt (ref. dokument je plny text)

Hodnoceni Sumarizator
SVD RANDOM LEAD
Kosinova podobnost 0.712 0.603 0.504
Podobnost hlavniho tématu 0.767 0.453 0.449
Podobnost tfech hlavnich témat 0.653 0.486 0.449

Tabulka 4. Hodnoceni kvality 10% extraktt (ref. dokument je plny text)

Hodnoceni Sumarizator
SVD RANDOM LEAD
Kosinova podobnost 0.788 0.733 0.617
Podobnost hlavniho tématu 0.858 0.608 0.565
Podobnost tfech hlavnich témat 0.722 0.600 0.556

V ptedchozich tabulkach je vidét, Zze u kosinové podobnosti neni piili§ velky
rozdil mezi propracovanou sumarizaéni technikou (SVD) a ndhodnym vybérem vét. U
obou hodnoceni singularni dekompozici je rozdil podstatné vétsi. Pozi¢ni sumarizator

byl vyhodnocen jako hor$i nez ndhodny.

Tabulka 5. Hodnoceni kvality 3% extraktt (ref. dokument je abstrakt)

Hodnoceni Sumarizator
SVD RANDOM LEAD
Kosinova podobnost 0.543 0.240 0.551
Podobnost hlavniho tématu 0.325 0.095 0.295
Podobnost tfech hlavnich témat 0.308 0.100 0.284

Tabulka 6. Hodnoceni kvality 5% extraktl (ref. dokument je abstrakt)

Hodnoceni Sumarizator
SVD RANDOM LEAD
Kosinova podobnost 0.572 0.271 0.604
Podobnost hlavniho tématu 0.353 0.110 0.341
Podobnost tfech hlavnich témat 0.319 0.119 0.335
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Tabulka 7. Hodnoceni kvality 10% extraktt (ref. dokument je abstrakt)

Hodnoceni Sumarizator
SVD RANDOM LEAD
Kosinova podobnost 0.599 0.308 0.669
Podobnost hlavniho tématu 0.387 0.149 0.403
Podobnost tfech hlavnich témat 0.353 0.147 0.380

Dale jsme zjistovali podobnost extraktli s abstrakty. U 3% extraktl byl
vyhodnocen SVD sumarizator jako nejlepsi, ale u delSich extrakti (5% a 10%) jej jiz
prevysil pozi¢ni sumarizator. Toto zdanlivé piekvapujici zjisténi potvrdilo, Ze na
zaCatku ¢lankid se vyskytuji vyznamné informace. Je to vlastnost, které vyuzivaji
napi. heuristické sumarizatory (pozi¢ni heuristika — vy$si ohodnoceni vét v tivodech
¢lank).

7 Zavér

Tento piispévek predstavil moderni trendy pii hodnoceni kvality sumarizatord.
Popsali jsme také novou hodnotici metodu zalozenou na singularni dekompozici.
Testovani prokéazalo, Ze nova metoda je schopna rozliSit kvalitni extrakty od
nahodnych vybéri vét Iépe nez dnes pouzivand kosinova metoda. Dale jsme
zaznamenali, ze SVD je velice citlivd na kvalitu stoplistu a lematizacni proces.
V dal$im vyzkumu planujeme zkvalitnéni vystupu naseho SVD sumarizatoru. Budou
zkoumany nasledujici moznosti — rezoluce anafor, redukce a kombinace vét a
vylouceni podobnych vét. Cilem je vyvinout inteligentni sumarizacni systém, ktery
bude schopen prezentovat koherentni extrakty, které by spravné vystihovaly pGvodni
dokument. Je zfejmé, Ze bez kvalitnich hodnoticich metod se neobejdeme.

Prispévek vznikl za castecné podpory vyzkumného zameéru MSM 235200005 a ME494.
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Annotation:

Quality Evaluation of Text Summarizers

This paper describes possibilities of summary quality evaluation. Firstly, we mention
the taxonomy of evaluation approaches. Further, we pay close attention to content-
based methods. Then, two new evaluation methods that use singular value
decomposition are proposed. Finally, we present evaluation results for three different
summarizers from the angle of standard cosine content-based method and the two
new evaluation methods based on the singular value decomposition. In the tests the
content similarity between an original document and its summary and between the
summary and its corresponding abstract was compared.
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Abstract. Composition of simpler web services into custom applica-
tions is understood as promising technique for information requests in
a heterogeneous and changing environment. This is also relevant for ap-
plications analysing the content and structure of the web. We discuss
the ways the problem-solving-method approach studied in artificial in-
telligence can be adopted for template-based service composition for this
problem domain; main focus is on the classification task.

1 Introduction

Composition of simple web services into sophisticated (distributed) applications
recently became one of hottest topics in computer science research. Three alter-
native research streams can be identified:

1. Programming in the large, i.e. composition of services by (more-or-less) tra-
ditional procedural programming in languages such as BPEL4WS3, inspired
by workflow research. This stream is the only one recognised by most of the
industrial IT community, to date; its main advantage is perfect control over
the choice and linkage of different services, at design time. This however, on
the other hand, entails a rather low degree of flexibility at run time.

2. Planning in artificial intelligence style, based on pre- and post-conditions
of individual services without pre-specified control flows, as in OWL-S[4].
This approach offers extreme flexibility; however, the results may be quite
unpredictable if all conditions are not perfectly specified, which may often
be difficult in real environments.

3. Template-based composition, in which concrete services are filled in run time
into pre-fabricated templates [9, 19).

The area of application for (composite) web-services is potentially quite wide.
While the focus is most often on B2B transactions and financial services, the

3 http://www-128.ibm.com/developerworks/library/ws-bpel

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 108-115, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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general paradigm appears useful even for less critical tasks such as organisation
of scientific events [19] or information harvesting from the surface web, which is
the focus of the current paper.

The way information is presented on the web typically combines multiple
types and representations of data. Free text is interleaved with images and struc-
tured lists or tables, pages are connected with hyperlinks, labelled with URLs
(often containing meaningful tokens) and endowed with explicit meta-data (in
specialised tags). Different methods of web data analysis (focusing each on a
different data type/representation) may provide complementary and/or supple-
mentary information. Reducing the analysis on a single method, which is typ-
ically done e.g. in text categorisation or information extraction projects, may
thus lead to significant information loss. On the other hand, a monolithic appli-
cation encompassing many methods would be impossible to maintain (in view
of permanent changes in web data standards and conventions) as well as reuse
in different domains. The only solution thus seems to be to combine multiple,
relatively independent, tools, for which web services offer a collection of rela-
tively mature and widespread interface standards (such as SOAP and WSDL).
This is the approach taken in the Rainbow project [16], in which web-analysis
services based on diverse principles (statistics, linguistic, graph theory etc.) have
been designed and equipped with hand-crafted or inductively trained knowledge
bases; adoption of third-party services is also envisaged.

As the number of available web-analysis tools increases, their composition by
traditional programming becomes cumbersome. On the other hand, the space
of suitable tools will hardly be as borderless as in semantic-web scenarios of
information search, which are assumed amenable to planning approaches. The
template-based approach thus looks as a reasonable compromise.

Most recently, ten Teije et al. [19] suggested to view web service composition
templates as analogy to problem solving methods (PSMs), i.e. abstract descrip-
tions of knowledge-based reasoning scenarios, which have been intensely studied
in the knowledge modelling community for nearly two decades (see e.g. [5,12]).
In addition, they suggested to view the configuration of the template again as a
kind of reasoning task, namely, that of parametric design. Each concrete appli-
cation is assumed to be specified (in sufficient detail) merely as combination of
values assigned to a fixed set of parameters. The configuration process is carried
out by a so-called broker tool, and employs the propose-critique-modify (PCM)
reasoning method*, taking advantage of background knowledge of the broker.
Independently, Svatek et al. [18] designed a collection of PSMs abstracted from
real deductive web mining applications, with individual components (services)
positioned in a multi-dimensional space. This space could play a similar role
as the space of template parameters from [19], no reasoning method had been
however formulated for automated configuration.

The goal of the current paper is thus to evaluate the possibility to adapt the
parametric design approach from [19] to the (specific features of) web analysis
PSMs from [18]. Main focus is on classification, which is the only task considered

4 T.e. a ‘meta-level’ PSM with respect to that incorporated in the template itself.
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in [19] and also one of tasks studied in [18]. The nature of the research, being
joint venture of two related but independent projects, influences the structure
of the paper. Section 2 explains the idea of web service composition based on
parametric design [19], while section 3 describes the multi-dimensional frame-
work and web-analysis PSMs from [18]. Section 4 then suggests a modification
of the parametric design approach suitable for DWM, and shows examples of
templates and background knowledge to be possibly used by a broker. Finally,
section 5 surveys some related projects, and section 6 wraps up the paper and
suggests directions for future research.

2 Configuration of Web Services as Parametric Design

2.1 Motivations

Current approaches to Web service configuration are often based on pre/post-
condition-style reasoning. Given descriptions of elementary Web services, and the
required functionality of the composite Web service, they aim to try to construct
a ‘plan’ of how to compose the elementary services in order to obtain the required
functionality. Planning techniques are heavily investigated for this purpose [13].
In [19], we instead proposed a knowledge intensive approach to the creation of
composite Web services. We described a complex Web service as a fixed template,
which must be configured for each specific use. Web service configuration can
then be regarded as parametric design, in which the parameters of the fixed
template have to be instantiated with appropriate component services. During
the configuration process, we exploit detailed knowledge about the template
and the components, to obtain the required composite web service. Whereas in
other work the main metaphor is “Web service configuration = planning” (i.e.
generalised reasoning based on only component specifications), our approach is
based on the metaphor “Web service configuration = brokering” (i.e. reasoning
with specialised knowledge in a narrow domain). A planner is assumed to be
domain-neutral: it is supposed to work on any set of components, simply given
their descriptions. A broker on the other hand exploits specific knowledge about
the objects it is dealing with. In the remainder of this section, we describe how
such a broker can be equipped with configuration knowledge on how to combine
these web services.

2.2 Parametric Design

Parametric design is a simplification of general configuration. It assumes that
the objects to be configured (in our case: complex Web services) have the same
overall structure that can be captured by templates. Variations on the configu-
ration can only be obtained by choosing the values of given parameters within
these templates. We will show that for specific type of web services, namely
classification services, this is indeed possible.
An existing reasoning method (PSM) for parametric design is Propose-Critique-

Modify, or PCM for short [6]. The PCM method consists of four steps:
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— The propose step generates an initial configuration. It proposes an instance
of the general template used for representing the family of services.

— The wverify step checks if the proposed configuration satisfies the required
properties of the service. This checking can be done by both pre/post-
condition reasoning, or by running the service.

— The critique step analyses the reasons for failure that occurred in the veri-
fication step: it indicates which parameters may have to be revised in order
to repair these failures.

— The modify step determines alternative values for the parameters identified
by the critique step. The method then loops backto the verify step.

The propose-critique-modify method for Parametric Design requires specific
types of configuration knowledge to drive the different steps of the configuration
process. The question is whether this configuration knowledge (PCM knowledge)
can be identified for large classes of Web services. It turns out that this is indeed
possible for a specific class of web services, namely, classification ones.

2.3 Application on Classification Services

The common definition of classification is [15]: ”Classification problems begin
with data and identify classes as solutions. Knowledge is used to match ele-
ments of the data space to corresponding elements of the solutions space, whose
elements are known in advance.” More formally, classification uses knowledge to
map observations (in the form of (feature,value)-pairs) to classes.

We address the question whether classification services can be described in
a single template. [10] does indeed present such a general template:

1. First the observations have to be verified whether they are legal (Check).
2. All legal observations ({feature,value)-pairs) have to be scored on how they
contribute to every possible solution in the solution space (MicroMatch).

3. Individual scores are then aggregated (Aggregate).
4. Candidate solutions are determined via aggregated scores (Admissibility).
5. Final solutions are selected among candidate solutions (Selection) .

This structure constitutes the overall template for classification services, which
can be easily captured in current Web service description languages such as
OWL-S [4]. Example values of Admissibility parameter are (see [19] for more):

— weak-coverage: All (feature,value) pair in the observations are consistent with
the feature specifications of the solution.

— strong-coverage: All (feature,value) pair in the observations are consistent
with the feature specifications of the solution and ezplained by them.

— strong-explanative: All (feature,value) pair in the observations are consistent
with the feature specifications of the solution, ezplained by them, and all
features specified in the solution are present.

The value of Selection parameter then decides whether e.g. the number of
unexplained and missing features is considered in ranking candidate solutions.
The broker may employ e.g. the following pieces of knowledge:
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Propose knowledge for the Admissibility parameter: if many (feature,value)
pairs are irrelevant then do not use strong-coverage.

Critique knowledge for the Selection parameter: if the solution set is too
small or too large then adjust the Admissibility or the Selection parameter.
Modify knowledge for the Admissibility parameter: if the solution set has to
increased (reduced) in size, then the value for the Admissibility parameter
has to be moved down (up) in the following partial ordering: weak-coverage <
strong-coverage < strong-explanative.

A prototype PCM broker has been successfully applied on real data in the

domain of conference paper classification (for reviewer assignment).

3

3.1

Framework and PSMs for Deductive Web Mining

The TODD Framework

In [18], deductive web mining was defined as ‘all activities where pre-existing
patterns are matched with web data’; the patterns may be either hand-crafted
or learnt. We proposed a framework that positions any DWM tool or service
within a space with four dimensions:

1.

Abstract task accomplished by the tool:

— Classification of a web object into one or more pre-defined classes.

— Retrieval of one or more web objects.

— FEztraction of desired information content from (within) a web object.

The Classification of an object takes as input its identifier and the list of
classes under consideration. It returns one or more classes. The Retrieval
of desired objects takes as input the (syntactic) type of object and con-
straints expressing its class membership as well as (part—of and adjacency)
relations to other objects®. It outputs the addresses (based on URIs, XPath
expressions and the like) of relevant objects. The Extraction task takes as
input the class of information to be extracted and the scope (i.e., an object)
within which the extraction should take place®. It outputs some (possibly
structured, and most often textual) content. In contrast to Retrieval, it does
not provide the information about location from where the content was ex-
tracted.
Type of object to be classified or retrieved”. The types, such as Document,
Hyperlink, or Phrase, represent an upper-level of abstraction of web objects,
and are defined by the Upper Web Ontology (see below). The basic assump-
tion is that the type of object is always known, i.e. its assignment is not by
itself subject of DWM.

® For example: “Retrieve (the XPath addresses of ) those HTML tables from the given
website that are immediately preceded with a possible ‘Product Table Introduction
Phrase’ (containing e.g. the expression product*)”.

6 For example: “Extract the occurrences of Company Name within the Website”.

T Extraction is not unambiguously associated with a particular object.
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Fig. 1. UML diagram of Upper Web Ontology

3. Data type and/or representation, which can be e.g. full HTML code, plain
text (without tags), HTML parse tree (with/without textual content), hy-
perlink topology (as directed graph), frequencies of various sub-objects or of
their sequences (n-grams), image bitmaps or even URL addresses.

4. Domain in which the service is specialised.

We thus denote the framework as ‘task-object-data(type)-domain’ (TODD).
Its dimensions are to high degree independent, e.g. object type is only partially
correlated with data type. For example, a document may be classified based on
its HTML code, URL, META tag content or position in topology. Similarly, a
hyperlink can be classified based on its target URL or the HTML code of source
document (e.g. the menu structure containing the respective <a> tag).

The TODD framework by itself does not offer any added value to DWM
application design until augmented with appropriate ontologies. Due to lack of
space, we only show the Upper Web Ontology (see Fig. 1), which acts as gen-
eral basis for more specific ontologies. Within the Rainbow project [16], domain
ontologies (for bicycle product information and for web pornography) as well as
ontologies related to analysis of specific types of web data have been designed.

3.2 Problem-Solving Methods

A characteristic feature of the web space is lack of clear object-feature-value
structures, since, in a sufficiently comprehensive model, most features deserve to
become objects of their own. As consequence, structural (say, recursive) PSMs
arise. Eight PSMs have been formulated in [18]. Here we only concentrate on the
(three) Classification and (two) Retrieval ones, and omit the (three) Extraction
PSMs, for the sake of brevity.

Look-up based Classification amounts to picking the whole content of the
given object, and comparing it with content constraints (such as look-up table),
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which yields the class; for example, a phrase is a Company Name if listed in busi-
ness register. Compact Classification also corresponds to a single inference, it is
however not based on simple content constraints but on some sort of computation
(e.g. Bayesian classification), which is out of the scope of the knowledge mod-
elling apparatus. Finally, Structural Classification corresponds to classification
of an object based on the classes of related objects (sub—objects, super—objects
and/or neighbours). It is thus decomposed to retrieval of related objects, their
individual classification, and, finally, evaluation of global classification patterns
for the current object. It is therefore recursive: its ‘inference structure’ typically
contains full-fledged (Direct) Retrieval and Classification tasks. Compared to
the generic Classification template from section 2, this notion of classification is
slightly simplified and more goal-driven. Some parts of Structural Classification
PSM can be mapped on the generic template: classification from lower level of
recursion is similar to MicroMatch, while evaluation of global pattern unites the
Aggregage, Admissibility and Selection steps. There is no Check step (since no
observations are known a priori), but an extra step of Retrieval (since objects
relevant for classification of current object have first to be determined).

In Direct Retrieval, relevant objects are first retrieved based on parthood and
adjacency constraints and then classified. Objects whose classes satisfy the class
constraints are output. In Indez-based Retrieval, (abstract) class constraints are
first operationalised so that they can be directly matched with the content of ob-
jects. Then the objects are retrieved in an index structure (which is separate from
the web space itself), possibly considering structural constraints (provided struc-
tural information is stored aside the core index). Corresponding CommonKADS
[12] inference diagrams can be found in [18].

As an example of use of such PSMs, Table 1 shows the pseudo-code of
pornography-recognition application consisting of tools developed within the
PhD thesis [20]; descriptions of other applications can be found in [18]. The
pseudo-code is assumed to clarify the structure of an application for a human
user rather than to be run by machine. The ‘predicate’ corresponds to the first
dimension in the TODD framework, i.e. task name; an extra letter is used to
distinguish the PSMs. The first ‘argument’ is a variable referring to the current
object of the task instance: input object in the case of Classification and output
object/s in the case of Retrieval. The second to fourth ‘arguments’ reflect the
three remaining TODD dimensions: object type, data type and domain. Finally,
the fifth ‘argument’ contains additional specifications: list of classes distinguished
in the classification task, and list of logical expressions determining the set of
objects to be retrieved, respectively.

The upper level of the pornography-recognition process is an instantiation of
the Structural Classification PSM. In order to classify the whole website (i.e. doc-
ument collection), symptomatic ‘out-tree’ topology structures are first sought;
their sources (local hubs) can possibly be identified with ‘index’ pages with im-
age miniatures. To verify that, the hub is examined for presence of ‘nudity’ PICS
rating in META tags (Look-up Classification PSM), for presence of indicative
strings in the URL, and its whole HTML code is searched for ‘image gallery’-like
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Table 1. PSM-based pseudo-code representation of pornography application

ClaS(DC, DocCollection, _, Pornography, [PornoSite,@other]) :-
RetD(D1, Document, topology, General, [D1 part-of DC, LocalHub(D1)]),
ClaS(D1, Document, _, Pornography, [PornoIndex,@other]),
RetD(D2, Document, topology, General, [D2 follows D1]),
Clas(D2, Document, _, Pornography, [PornoContentPage,@other]).
% classification of index page
ClaS(D, Document, _, Pornography, [PornoIndex,@other]) :-
ClaL(D, Document, meta, Pornography, [PornoResource,@other]),
ClaS(D, Document, url, Pornography, [PornoResource,@other]),
RetD(DF, DocFragment, html-txt, General, [DF part-of D, ImgGallery(DF)]),
ClaC(DF, DocFragment, freq, General, [ScarceTextFragment,@other]).
% classification of content page
ClaS(D, Document, _, Pornography, [PornoContentPage,@other]) :-
ClaL(D, Document, meta, Pornography, [PornoResource,@other]),
RetD(Im, Image, html-txt, General, [Im referenced-in D]),
ClaC(Im, Image, image, Pornography, [PornoImage,@other]).

structures with low proportion of text (which distinguishes pornography from
regular image galleries). The analysis further concentrates on individual pages
referenced by the hub, and attempts to identify a single dominant image at each
of them. The images are then analysed by (bitmap) image analysis methods; in
particular, the proportion of body colour and the central position of a dominant
object are assessed. In the description, we omit the ‘evaluation of global classi-
fication pattern’ subtasks, for brevity; their inclusion would be straightforward.

4 DWDM Service Configuration as Parametric Design

4.1 Limitations of Fixed Template

The methods presented in the previous two sections share the interest in config-
uring a wide collection of web services into a functional application, and both
rely on application templates in the form of problem-solving methods. The inven-
tory applied on general classification PSMs (section 2) is more advanced, as it
already comprises an operational meta-level, itself based on the problem-solving
modelling paradigm. The propose-critique-modify method of parametric design,
implemented by means of a configuration broker, enables to effectively search the
space of the classification method family with respect to the task at hand. It thus
seems obvious to apply a similar approach in the area of deductive web mining,
which is of equally analytic nature and even comprises classification as one of
underlying tasks. However, as we outlined in section 3, the PSMs for deductive
web mining tend to involve recursion: a reasoning process starting at one object
is successively redirected to other objects in its parthood or neighbourhood. This
more-or-less disqualifies reasoning methods relying on a single and entirely fixed
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feature template, of which parametric design is a typical representative. There
seem to be at least two possible solutions to this problem:

1. to allow for multiple templates per task, differing in the number of ‘sibling’
sub-tasks and degree of recursion, and to include heuristics for template
selection as part of broker knowledge.

2. to modify the parametric design algoritm to involve, in addition to setting pa-
rameter values, also template-restructuring operations such as subtask repli-
cation and recursive unfolding (i.e. replacement of parameter with a whole
template for processing a different object).

In the rest of this section, we outline the first solution, since it is easier to
design and implement in its rudimentary form; it obviously oversimplifies many
aspects of real-world settings.

4.2 Multiple-Template Solution

Table 2 shows four versions of template for the classification task: the first one
amounts to single way of (presumably, Look-Up or Compact) classification of
the current object, the second aggregates two different ways of classifying the
current object, the third relies on another object in order to classify the current
object, and the fourth combines (presumably Look-Up or Compact) classification
of current object with its structural classification (via classification of another
object). The template must have its arguments filled for concrete use, such as in
the pornography recognition application in section 3.

For simplicity, we again omit the evaluation of global classification pattern,
which would be an additional component in the template. For example, the
presence of sub-object of certain class determines the class of the super-object
in a certain way; similarly, classification of the same object by different methods
has to be compared and the result computed (e.g. by voting or weighing).

Let us formulate, analogously to section 2, some examples of broker knowl-
edge. We will limit ourselves to Propose knowledge, which is relevant for initial
setting of parameters. Note that, in our multiple-template version, broker knowl-
edge relates to template selection as well as to specification of arguments for all
subtasks within the template:

— Templates with lower number of distinct objects (X, Y, Z, ...) should be
preferred.

— Non-recursive templates should be preferred; moreover, look-up classification
should be preferred to compact classification.

— Default partial ordering of data types with respect to object classification,
for Document object (may be overridden in a domain context):
frequency = URL > topology, free_text = metadata

— URL-based or topology-based classification (as rather unreliable kinds of
services) should never be used alone, i.e. can only be filled into a template
with ‘parallel’ classification of same object, such as SC2 or SC4
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— Default partial ordering of types of relations (@rel) to be inserted into clas-
sification template (may be overridden in a domain context):
part-of > is-part = adjacent

— Preference of domains used in structural classification,with respect to the
domain of current object: same domain = super-domain > other_domain.

— The class of object determined by a Classification sub-task should be (ac-
cording to domain knowledge) sub-class of the class of objects determined
by the immediately preceding Retrieval sub-task in the template.

These heuristics are merely tentative, to illustrate the variety of possible
broker knowledge for DWM applications. Let us further show a hypothetical
scenario of their use, in connection with the pornography-recognition application
from section 3. Imagine a web pornography ontology® containing among other
the following description-logic axioms:

PornoSite same-class-as (WebSite and (has-part some PornoIndex))
PornoIndex same-class-of (LocalHub and (followed-by >1 PornoContentPage))

For an application recognising pornography websites, the broker would select
the template SC3, which is simpler than SC4; neither SC1 nor SC2 would be
applicable (assuming no service were able to recognise PornoSite by Look-Up or
Compact Classification). In attempting to fill SC3 in, it would seek a class of re-
lated object that could help determine the class of current object. With the help
of the first axiom, it finds out that PornoIndex could serve for the purpose (as
part of sufficient condition); it will thus accordingly instantiate the Classification
sub-task. Then it will determine, by the second axiom, a suitable class of objects
to be retrieved in the preceding (Retrieval) sub-task as LocalHub; since this is
not a pornography concept but generic concept, Domainl will be set to General.
Finally, it finds out that LocalHub cannot be recognised as PornoIndex merely
by Look-Up or Compact Classification. It will thus have to create another SC3
template, on the second level, in order to recognise PornoIndex by means of
PornoContentPages following it in the link topology.

5 Related Work

In the IBrow project [1], operational PSM libraries have been for developed for
two areas of document search/analysis: Anjewierden [3] concentrated on analysis
of standalone documents in terms of low-level formal and logical structure, and
Abasolo et al. [2] dealt with information search in multiple external resources.
Direct mining of websites was however not addressed; IBrow libraries thus do
not cope with the problem of web heterogeneity and unboundedness, which mo-
tivated the development of the TODD framework. In contrast, the Armadillo
system [7] attempts to integrate many website analysis methods; it currently
relies on workflows manually composed from scratch by the user, although a
template-based solution is also being envisaged.

8 This ontology has actually been developed in DAML+OIL, by the authors [17].
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Table 2. Sample templates for classification task

SC1: Cla(X, TypeX, _, Domain, GoalClass) :-
Cla(X, TypeX, DataTypel, Domainl, Classl),

SC2: Cla(X, TypeX, _, Domain, GoalClass) :-
Cla(X, TypeX, DataTypel, Domainl, Classl),
Cla(X, TypeX, DataType2, Domain2, Class2).

SC3: Cla(X, TypeX, _, Domain, GoalClass) :-
Ret (Y, TypeY, DataTypel, Domainl, [Y @rel X | OtherExps]),
Cla(Y, TypeY, DataType2, Domain2, ClassY).

SC4: Cla(X, TypeX, _, Domain, GoalClass) :-
Cla(X, TypeX, DataTypel, Domainl, Classl),
Ret (Y, TypeY, DataType2, Domain2, [Y @rel X | OtherExps]),
Cla(Y, TypeY, DataType3, Domain3, ClassY).

6 Conclusions and Future Work

Configuration of web services can be considered as parametric design, which en-
ables to use the propose-critique-modify PSM. Thanks to templates we avoid
configuring a webservice from scratch. Furthermore, such knowledge-intensive
approach does not need complete functional descriptions of the components
and of the required composite service but ‘only’ configuration knowledge. We
attempted to apply this framework on service composition in the restricted do-
main of deductive web mining, in connection with a generic framework of DWM
services. Due to the specific nature of web as underlying data structure, service
templates tend to involve recursion, which also impacts the process of template-
filling. Examples of specialised broker knowledge are shown, and a scenario of
composing part of a pornography-recognition application is outlined.

Future research includes specification of templates for other DWM tasks, in
particular those with nature of extraction, taking models of applications from
[18] as starting point. The next step would be the development and evaluation
of simple prototype of problem-solving broker. We will probably not able to test
it on real data (as was done in [19] for parametric design over the original classi-
fication template), since processing real-world web data would require function-
alities (cleaning, complex parsing) not worth implementing in a throw-away pro-
totype. We will rather rely on artificial, simplified data, and only proceed to real
data when switching to a functional architecture incorporating independently-
developed (often third-party) tools, as envisaged in the Rainbow project [16].
We also expect to implement and test the solution based on automatic template
restructuring. Finally, we would like to compare the efficiency of both template-
based variants with pure pre/post-condition planning approach.



Web Service Composition for Deductive Web Mining . .. 119

The research is partially supported by the grant no.201/03/1318 of the Czech
Science Foundation. The authors would like to thank Frank van Harmelen and
Martin Labsky for comments on drafts of this paper.

References

1. IBROW homepage, http://www.swi.psy.uva.nl/projects/ibrow

2. Abasolo, C. et al.: Libraries for Information Agents. IBROW Deliverable
D4, online at http://www.swi.psy.uva.nl/projects/ibrow/docs/deliverables/
deliverables.html.

3. Anjewierden, A.: A library of document analysis components, IBrow de-
liverable D2b. Online at http://www.swi.psy.uva.nl/projects/ibrow/docs/
deliverables/deliverables.html.

4. Ankolekar, A. et al.: DAML-S: Semantic markup for web services. In: Proc. ISWC
2002, LNCS 2342, pp. 348-363.

5. Benjamins, R., et al. (eds.): IJCAI Workshop on Ontologies and Problem-Solving
Methods: Lessons Learned and Future Trends, 1999.

6. Brown, D., Chandrasekaran, B.: Design problem solving: knowledge structures and
control strategies. Research notes in Al 1989.

7. Ciravegna, F., Dingli, A., Guthrie, D., Wilks, Y.: Integrating Information to Boot-
strap Information Extraction from Web Sites. In: IJCAT’'03 Workshop on Intelligent
Information Integration, 2003.

8. Kiefer, M.: Message to swsl-committee@daml.org, May 14, 2003.

9. Mandell, D. J., Mcllraith, S. A.: Adapting BPEL4AWS for the Semantic Web: The
Bottom-Up Approach to Web Service Interoperation. In: Proc. ISWC2003.

10. Motta, E., Lu, W.: A Library of Components for Classification Problem Solving.
In: Proceedings of PKAW 2000, Sydney, Australia, December 2000.

11. Narayanan, S., Mcllraith, S.: Simulation, verification and automated composition
of web services. In: Proc. WWW 2002.

12. Schreiber, G., et al.: Knowledge Engineering and Management. The Com-
monKADS Methodology. MIT Press, 1999.

13. Sheshagiri, M., desJardins, M., Finin, T.: A planner for composing service described
in DAML-S. In: Workshop on Planning for Web Services, at ICAPS 2003.

14. Sirin, E., Hendler, J., Parsia, B.: Semi-automatic composition of web services using
semantic descriptions. In: Web Services: Modeling, Architecture and Infrastructure
workshop at ICEIS2003.

15. Stefik, M.: Introduction to knowledge systems, Morgan Kaufmann, 1995.

16. Svatek, V., Kosek, J., Labsky, M., Braza, J., Kavalec, M., Vacura, M., Vavra, V.,
Snéagel, V.: Rainbow - Multiway Semantic Analysis of Websites. In: 2nd International
DEXA Workshop on Web Semantics (WebS03), IEEE Computer Society 2003.

17. Svatek, V., Kosek, J., Vacura, M.: Ontology Engineering for Multiway Acquisition
of Web Metadata. LISP-2002-1 Technical Report, 2002. Available from http://
rainbow.vse.cz/papers.html.

18. Svétek, V., Labsky, M., Vacura, M.: Knowledge Modelling for Deductive Web
Mining. In: Proc. EKAW 2004, Springer Verlag, LNCS, 2004.

19. ten Teije, A., van Harmelen, F., Wielinga, B.: Configuration of Web Services as
Parametric Design. In: Proc. EKAW 2004, Springer Verlag, LNCS, 2004.

20. Vacura, M.: Recognition of pornographic WWW documents on the Internet (in
Czech), PhD Thesis, University of Economics, Prague, 2003.



Updates of Nonmonotonic Knowledge Bases

Jan Sefranek

Department of Applied Informatics, Faculty of Mathematics, Physics and
Informatics, Comenius University, Bratislava, Slovakia

sefranek@fmph.uniba.sk

Abstract. Dynamic aspects of knowledge representation has been tack-
led recently by a variety of approaches in the logic programming style.
We consider the approaches characterized by the causal rejection princi-
ple (if there is a conflict between rules, then more preferred rules override
those less preferred). A classification and a comparison of the approaches
is presented in the paper. We compare them also to our own approach
based on Kripke structures.

Keywords: multidimensional logic programming, causal rejection principle, Kripke
structure

1 Introduction

A theoretical investigation of dynamic aspects of knowledge representation is
presented in this paper. Our attention is focused on evolving knowledge bases.
Recently the problem of evolving knowledge bases has been tackled by a variety
of approaches in the logic programming style, see [6,3] and others. A detailed
and comprehensive information is available in [5]. The presented model consists
of a set of logic programs (each of them represents a module of the knowledge
base) and of a preference relation on modules. The conflicts between the modules
are resolved according to the preference relation: if there is a conflict between
rules, then more preferred rules override those less preferred.
Goals (and contributions) of this paper are

— an introduction of a point of view useful for a classification of the approaches
based on the causal rejection principle,

— a comparison of those approaches to our approach [8,9],

— theorem 6 provides a new characterization of the strategy of rules rejection
presented in [3].

The paper is structured as follows: Technical prerequisites are presented in the
Section 2. Two basic types of rules rejection (those of [2] and [3]) are described
in the Section 3. Then, in the Section 4 two strategies of accepting the de-
fault assumptions (when updating) are described. We combined them with the
strategies of rule rejection and obtained four types of semantics of logic program
updates. The relations between these four types are summarized. Finally, our
approach, based on a Kripkean semantics is compared to the approaches based
on the causal rejection principle.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 120-131, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2 Preliminaries

Consider a set of propositional symbols (atoms) A. A literalis an atom (a positive
literal) or an atom preceded by the default negation (a negative literal), not A.
The set {notA: A € A} will be denoted by D (defaults, assumptions). For each
atom A, A and not A are called conflicting literals. A set of literals is called
consistent, if it does not contain a pair of conflicting literals. A convention as
follows is used: if literal L is of the form not A, where A € A, then not L = A.

A rule is a formula r of the form L «— L,,..., Ly, where k > 0, and L, L;
are literals (for each ¢). We will denote L also by head(r) and the set of literals
{L1,..., L} by body(r). If body(r) = 0, then r is called a fact. The subset of
all positive (negative) literals of body(r) is denoted by body™ (r) (body~ (r)). For
each rule r we denote the rule head(r) « body™ (r) by 7*. We say that two rules,
r and 1/, are conflicting rules if head(r) = not head(r'), notation: r X r’.

The set of all rules (over A) forms the language £. A finite subset of L is
called a generalized logic program (program hereafter).!

A partial interpretation of the language L is a consistent set of literals. The
set of all partial interpretations of the language £ is denoted by Int.. A total
interpretation is a partial interpretation I such that for each A € A either A € I
or not A € I. Sometimes it will be convenient to speak about interpretations
and sets of facts interchangeably. For this reason, we introduce the notation as
follows: Let M be an interpretation, then rule(M) = {L «: L € M}.

We accept a convention as follows: All programs use only propositional sym-
bols from A. Interpretations of all programs are subsets of Int,.

A literal L is satisfied in a partial interpretation I if L € I. A set of literals
S is satisfied in a partial interpretation I if each literal L € S is satisfied in I. A
rule r is satisfied in a partial interpretation I if head(r) is satisfied in I whenever
body(r) is satisfied in I. Notation: [ =L, I =S, I .

A total interpretation I is a model of a program P if each rule r € P is
satisfied in I.

Notice that (propositional generalized logic) programs may be treated as
Horn theories: each literal not A may be considered as a new propositional
symbol. The least model of a Horn theory H is denoted by least(H).

Definition 1 (Stable model, [2]) Let P be a program and S be a total in-
terpretation. Let S~ = {not Ae S: A e A}.
Then S is a stable model of P iff S = least(P U rule(S™)). O

A program P is consistent iff there is a stable model of P, otherwise it is
inconsistent.

Multidimensional dynamic logic program is defined as a set of generalized
logic programs together with a preference relation on the programs [6]. A spec-
ification of the relation can be based on the edges of a graph.

! In this paper only the language of generalized logic programs is used. We incorporate
some ideas of [3] into this framework.
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Definition 2 ([6]) A multidimensional dynamic logic program (also multipro-
gram hereafter) is a pair (P, G), where G = (V, E) is an acyclic digraph, |V| > 2,
and P = {P, : v € V} is a set of generalized logic programs.

We denote by v; < v; that there is a directed path from v; to v; and v; < v,
means that v; < v; or i = j. If v; < v;, we say that P, is more preferred than
P,,.

We denote the set of programs {P,, : v; <X s} by Ps. O

If G is a directed path, the multidimensionality is collapsed and we speak

simply about dynamic logic programs. The elementary case is represented by
V ={u,v} and E = {(u,v)}.

3 Strategies of the rules rejection

We account for two strategies how to formalize the idea of causal rejection. They
lead to the sets reject(P, s, M) and rjct(P, s, M), see below. The former has been
defined for example in [2, 6], the later for example in [3].

Definition 3 Let (P, G) be a multidimensional dynamic logic program, where
G = (V,E)and P ={P, :v € V}. Let M be an interpretation, s € V.

reject(P,s, M) ={reP,: 3 eV I eP;j(i<j=<s A rXy
A = {body(r), body(r"))}),
rjct” (s, M) = ()
rjct” (i, M) = {r € P;: 35 € VI € P;\ rjct” (j, M)
(i<j7=2sArXr' AM E {body(r), body(r')}}
rict(P,s, M) = U rjct” (i, M)

1=<s

A multiprogram is denoted by P in what follows. A graph G = (V, E) is
implicitly assumed.

Theorem 4 Let P be a multiprogram, s € V., M be an interpretation. It holds
that rjct(P, s, M) C reject(P,s, M). O

The inclusion reject(P, s, M) C rjct(P,s, M) does not hold for some P, s,
M:

Example 5 ([7]) Let P = P,U, P; be a dynamic logic program, 1 < 2 < 3.

P={a<bb}
U={notb—a}
Py ={b«a}
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Let w be {a,b}. Then

reject(P,3,w) = {b —,not b — a}
rjct(P,3,w) = {not b — a}

O

The rejection done by rjct is a minimal one, in a reasonable sense:

Theorem 6 Let a multi-program P and s € V' be given. Then for each w holds
that rjct(P,s,w) is a minimal subset of Py containing at least one rule from
each pair (r,r’") € P x P of conflicting rules, where w |= {body(r), body(r")} and
the set of all non-rejected rules is a consistent one, if each P € P is consistent.
O

Remark 7 Recently, a new strategy of rules rejection has been introduced in

[1]:
reject* (P, s, M) ={reP;:3jeV I € P (i 2 j=<sArXr'AM{body(r), boc

It means, also conflicts between rules of the same program are solved. Opera-
tor rjct can be modified in the same style. This modification solves problems
with cyclic updates, but more essential problems with causal rejection princi-
ple (discussed in [9,10]) are not touched by this modification. Moreover, the
refined extension principle behaves well only for dynamic logic programs, see
[11]. Therefore, we do not devote an attention to corresponding strategy of rules
rejection.

4 Strategies of assumptions accepting

The meaning of a program depends both on rules and on default assumptions
(see Definition 1). Therefore, the approach to default assumptions accepting is
an essential one for updates of logic programs. Again, two strategies are dis-
cussed. Observe, that two strategies of rules rejection may be combined with
two strategies of the acceptance of default assumptions.

The first strategy is as follows: Consider a multi-program P. The updated
program consists of all rules of P except those rejected (according to the se-
lected strategy). If S is a stable model of an updated program, then S~ is the
corresponding set of default assumptions. The concepts of justified updates [5]
and backward-justified updates use this strategy.

Definition 8 Let P = (Pp, D) be a multiprogram, s € V.

An interpretation M is a justified update of P at state s € V iff M is a stable
model of the program P \ reject(P, s, M). An interpretation M is a backward-
justified update of P at state s € V iff M is a stable model of the program
Ps \ rjct(P,s, M). O



124 Jan Sefranek

Theorem 9 ([5]) Let P be a program and s € V. If S is a justified update of
P at state s, then S is its backward-justified update at s. O

The Theorem 9 does not hold in the converse direction:

Example 10 Consider the multiprogram P from the Example 5. The interpre-
tation {a,b} is a backward-justified update of P at state 3, but it is not its
justified update at 3. O

(Backward-)justified updates suffer from some unpleasant properties:

Example 11 ([5]) Let P = (P,U), where 1 < 2,

P={a—}
U = {not a < not a}
Both M; = {a} and My = {not a} are justified (and backward-justified) updates
of P at state 2.
There is no reason to accept the interpretation My (more precisely, to accept

the default assumption not a in Ms) and, consequently, to reject the fact a «.
Troubles are caused also by (more general) cyclic updates. O

The (implicit) policy of accepting default assumptions which is behind the
(backward-)justified updates is not an adequate one. Certainly, a more subtle
policy is required. Such a policy is proposed within the next strategy:

Definition 12 (Dynamic stable model at state s, [6]) Let P = (Pp, D)
be a multidimensional dynamic logic program, where D = (V, E) and Pp =
{Py, :v € V}. Let M be an interpretation, A be an atom, s € V. Then

default(P,s, M) = {not A: —=3r € Py : (head(r) = A AN M = body(r))}
An interpretation M is a dynamic stable model of P at state s € V, iff
M = least((Ps \ reject(P, s, M)) U default(P, s, M))
and M is a backward-dynamic stable model of P at state s € V, iff
M = least((Ps \ rjct(P, s, M)) U default(P, s, M)).

Remark 13 If the condition M = {body(r), body(r')} (from the definition of
reject or rjct) is simplified to M | body(r') we get an equivalent notion of
dynamic stable model: rules whose body is not satisfied in M do not affect the
least model. O

Theorem 14 ([3,5]) If S is a dynamic stable model of P at state s, then it is
its justified update at s. O

The converse implication doesn’t hold:
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Example 15 ([5]) Consider the program from the Example 11: My = {not a}
is not a dynamic stable model of P: default(P,2, M;)) = 0, but M, = M,. O

Theorem 16 If S is a backward-dynamic stable model of P at state s, then it
is its backward-justified update. O

Also the Theorem 16 does not hold in the converse direction, see the Example
11. (Notice that for the sequences of two programs reject coincide with rjct,
therefore their backward-justified updates coincide with justified updates, and
their backward-dynamic stable models coincide with dynamic stable models.)

Theorem 17 Let P be a multiprogram, s € V. If S is a dynamic stable model
of P at state s then it is its backward-dynamic stable model at s. O

The Theorem 17 does not hold in the converse direction, see again the ex-
amples 5 and 10: w = {a, b} is not a dynamic stable model of P at state 3, but
it is its backward-dynamic stable model.

The summary: For each given multi-program P holds: dynamic stable models
of P (at each state s) create a proper subset of justified updates of P and of
backward-dynamic stable models of P. And both last mentioned interpretations
create a proper subset of backward-justified updates.

Remark 18 A detailed comparison of semantics based on causal rejection of
rules is presented in [4]. The semantics studied in [4] coincide on a restricted
class of programs (sufficiently acyclic programs and acyclic programs).

5 Kripkean semantics

The problems with tautological and cyclic updates are not removed completely
by the introduction of dynamic stable model semantics:

Example 19 ([5]) Let P be (P,U), where 1 < 2 and

P = {not a — U={a+a}

a <}

S = {a} is the (backward-)dynamic stable model of P at state 2.
Similarly, if P’ is (P,U’), where U' = {a < b;b < a}, then S = {a,b} is the
only dynamic stable model of P’ at state 2. O

A recent semantics, called refined dynamic stable model semantics [1], solves
the problem of tautological (cyclic) updates which can resolve inconsistencies in
a program by a simple straightforward method — conflicting rules in the pro-
gram are rejected mutually. However, the solution holds only for sequences of
programs. The problem is not resolved for the multidimensional case, see [11].
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Moreover, the semantics of (refined) dynamic stable models suffers form other
fundamental problems. It enables irrelevant updates?, see Example 20, and — on
the other hand — it is not able to recognize such conflicts between programs that
are not manifested by conflicts between rules, see Example 21.

Example 20 ([3]) Let P be (P,U), with 1 < 2, where

P={a<b U = {not b — not a}
b}

Dynamic stable models of P at state 2 are S; = {a,b} and Sy = {not a, not b}.
If the information from P and U is given, there is no sufficient reason to believe
in Sy and to reject the fact b .

P UU is a consistent program, its only stable model is S;. O

Suppose that we accept a “static” semantics Sem (for example the stable model
semantics) and a “dynamic” semantics DynSem (for example dynamic stable
model semantics). It is very natural to accept the postulate as follows: If PUU
is consistent then Sem(PUU) = DynSem(({P,U)). Observe that this very natural
requirement is not fulfilled by dynamic stable model semantics, see Example 20
(and also by the other semantics based on the causal rejection principle).

Moreover and most importantly, there are some conflicts between the pro-
grams that are principally not solvable on the level of the conflicts between
rules:

Example 21 Let U be a more preferred program than P.

P={a+<b,c} U={b< nota
c— b}

There is no conflict between the rules of both programs. No rule can be rejected
and the meaning of P U U cannot be updated according to the dynamic logic
programming [2] paradigm and according to a semantics based on rejection of
rules.. However, there is a sort of conflict between the programs (between their
meanings): union of two consistent programs is inconsistent. It is not natural to
solve only conflicts (inconsistencies) caused by conflicts of rules and ignore the
other sources of inconsistency.

In our example, the literal a in the less preferred program P depends on a
set of assumptions (on the set of literals w = {b, c}). On the other hand, every
literal in w is dependent on a default assumption (on the literal not a) in the
more preferred program U. Notice that there is a circular dependency of a on
not a in PUU. The problem of circular dependency can be resolved by rejecting
the less preferred dependency of a on {b,c}.

2 If union of the set of all programs in a multidimensional logic program P is consistent,
but the set of all dynamic stable models of P and the set of stable models of the
union of all programs are different sets, we say that the update is irrelevant. Similarly
for other semantics based on rejection of rules.
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Hence, our goal is to define rejection of dependencies. We need a more rich
semantic structure, in order to be able to do it. O

Our approach provides a semantic treatment of dependencies between sets
of literals (belief sets). The dependencies are encoded in (rather nonstandard)
Kripke structures. The intuition is as follows: if the world (or our knowledge
of the world) is represented by an interpretation w then (the meaning of) a
program P may be viewed as a set of transitions to other worlds, compatible,
in a sense, with w. The transitions are specified as follows: if body(r) is satisfied
in w for some r € P then the world w U {head(r)} is compatible with w, if it
is consistent. It is a natural choice to require that the compatibility relation is
transitive and irreflexive.

We present a simplified (but a sufficient one for our current needs) version
of the definition of a Kripke structure associated with a program. For the more
complicated version see [9].

Definition 22 (Kripke structure associated with a program) Let P be
a program. A Kripke structure K7 associated with P is a a pair (W, p), where:

- W =Int U{w,}, W is called the set of possible worlds, w, is the repre-
sentative of the set of all inconsistent sets of literals,

— p is a binary relation on W x W, it is called the accessibility relation and it
contains the set of all pairs (w,w’), where w # w’, satisfying exactly one of

the conditions:
1. w' = wU {head(r)} for some r € P such that w | body(r),
2. w' =wy iff Ir € P (w | body(r) A not head(r) € w).

Definition 23 Ife = (u,v) € p, it is said that e is a p-edge and u (v) is called the
source (the target) of e. A p-pathis a sequence o of p-edges (wo, wy), (w1, w2), ..., (W
in a Kripke structure .

We say that this o is rooted in wy (also wg-rooted). If there is no p-edge
(wp,w) in K, we say that o is terminated in w,,, w, is called a terminal of o. O

Paths are usually denoted by a shorthand of the form (wg, w1, ..., w,). We are
now ready to state (in terms of nodes and paths in K”) conditions of being a
stable model of a program P.

Definition 24 (Distinguished paths, good worlds) Let P be a program, o
be a p-path (wy,...,w,) in K¥'. We say that o is correctly rooted, if wy C D.

A correctly rooted p-path ¢ terminated in a total interpretation w is called
a distinguished path and w is called a good world. O

Theorem 25 Let P be a program, KF be the Kripke structure associated with
P.
Then wy, is a good world in ICT iff it is a stable model of P. O

Remark 26 If D is a terminal in K7, it is the (only) stable model of P. The
trivial sequence (D) is correctly rooted and terminated in D. Suppose that a
total interpretation w # D is a stable model of P, we get (D,w_) € p. O
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6 Updates of Kripke structures

While the semantics presented in Sections 3 and 4 are based on rules rejection,
our semantics of updates is based on a rejection of some edges in Kripke struc-
tures. In other words, the updates change the compatibility relation between
possible worlds.

A removal of some edges may be interpreted as overriding the correspond-
ing dependencies between belief sets. On the other hand, connecting the edges
from one Kripke structure to the edges from another may be interpreted as an
enrichment of the dependencies between belief sets.

Suppose two programs,® P and U, and the Kripke structures, X” = (W, p©)
and KV = (W, pY), associated with P and U, respectively. Moreover, U (the
updating program) is more preferred than P (the original program).

Our approach enables to recognize conflicts between programs even if there
are no conflicts between rules. In such cases some edges are rejected, but there
is no reason to reject a rule. We regard this as an essential observation:

Example 27 Consider the Example 21. We “translate” its idea into Kripke
structures. The world {a,b,c} (and, consequently, the literal a) is dependent
on the world w = {b,c} in the less preferred Kripke structure K. Similarly,
the world w, is dependent on the world w’ = {not a,b,c} in the less preferred
structure and w’ is dependent on the world {not a} in the more preferred Kripke
structure KY. We do not want to accept the circular dependency of a on not a,
therefore we propose to reject the (less preferred) edge ({not a,b,c},w,) € p¥
(leading to inconsistency). O

We intend to define an operation @ on Kripke structures. The resulting Kripke
structure KVOP = KV @ KF = (W, pY®F) should be based on KY while a
reasonable part of K is preserved. Notice that the set of nodes, W, remains
unchanged, but some p’-edges should be rejected.

Definition 28 (Attacked edges) Let W = Int,. Let 71,72 C W x W be
binary relations. Let L be a literal.
We say that e = (u,uU{L}) € 71 is attacked by ¢’ = (u,uU{not L}) € 15. O

Of course, there is a symmetry: if ¢ is attacked by ¢’ then €’ is attacked by
e, too. Nevertheless, we want to prefer “one side”. We intend to reject an edge
from p” if it is attacked by an edge in pY.

Sometimes it is needed to reject a pr-edge of the form (w,w,), see the
Example 21. In this case the analysis is a little bit more complicated.*

The basic rule is as follow: if (w,w,) € p* and w occurs on a py-path, then
(w,w, ) should be rejected, if the rejection is not blocked. The idea of blocking
is illustrated in the next Example.

3 In this paper only the elementary case of two programs is considered (because of the
limited size). The more general theory is presented in [9].
4 More motivations and examples are presented in [9].
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Example 29 (Blocking of rejections) Let P be (P,U).

P={a+« U = {not a < not b
b — not b« not c
¢} not ¢ < not a}

Let w; = {not a,not b, not c}. There are three pU-paths to w;. One of them is
o = {{not a},{not a,not b}, w;). Notice that e; = ({wy,w,) € p’.

Observe that the pU-paths mentioned above are rooted in default assump-
tions (in{not a} or in {not b} or in {not c}). There is no support for these
assumptions. But the facts from P should override default assumptions from U.
Therefore, the rejection of e; by ¢ should be considered to be blocked.

The facts from P are conflicting with respect to each root of a pV-path to wy,
wy is not supported in U. On the contrary, ({not a},w, ), ({not b},w, ), ({not c},w,
p and there is no reason to reject them. O

The idea of rejections blocking is the fundamental one.

Definition 30 (Blocking) Let programs P and U be given. The corresponding
Kripke structures are denoted by Kp and Ky. Let (wy,w,) € pP . Let Ly and
L4 be conflicting literals.

A pU-edge (wo,w:) is blocked iff Ly € wy and there is a p”’-path from () to w
such that L, € w. O

Remark 31 The basic attitude behind the notion of blocking is as follows:
default assumptions in a more preferred program may be falsified by facts from
a less preferred program.

Notice that Definition 30 is sufficiently general: if a literal L; from wy is
conflicting with a literal Lo supported (by a path form @) in Kp (as in Example
29) then also Ly € wy. O

Definition 32 (Overriding) A pU-edge e = (wq,w;) overrides a p*’-edge (wy,w, )
if e is not blocked. O

Definition 33 (Rejected edges) Consider K¥' = (W, p”) and KV = (W, pV).
We say that e € p¥ is rejected, if

— e is attacked by some e’ € pU,
— or there is a pU-edge €’ = (wg,w;), overriding e = (wy,w,) € pF.

The set of rejected edges is denoted by Rejected v (pP). O
Definition 34 (Update on Kripke structures)

]CU EB]CP — ’CUGBP _ (VV, pU@P)
pUOP = VU (o7 \ (Rejected o (p7))0
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The causal rule rejection principle is satisfied in updated Kripke structures:

Proposition 35 ([7]) Let P = (P,U) be a multiprogram, where 1 < 2. Let
w € Intz, r € P and w |= body(r).

If e = (w,w U {head(r)}) € Rejected ,u(p") then r € reject(P,2,w) and
r € rjct(P, 2,w).

Remark 36 ([7]) The converse of the Proposition 35 does not hold. If a rule
is rejected, some edges “generated” by this rule may be not rejected. Let P be
{a <}, U be {not a — b} and w be {a,b}. Then (0, {a}) ¢ Rejected v (p") but
the rule a « is both in reject(P, 2, w) and in rjct(P, 2, w).

Therefore, the rejection defined within the frame of Kripkean semantics is
more sensitive (able to make a more fine distinguishing) than a rejection of rules.
|

Remark 37 There is no analogy of the Proposition 35 for the edges with the
target w, . It may happen that (w,w,) € Rejected v (p”'), but there is no rule
r € PN reject(P,2,w) or in P N rjct(P,2,w): According to the Definition 32
there is a rule » € P such that w | body(r) and not head(r) € w. However,
not head(r) may be not introduced by a rule from U, it may be in the root of
each path to w, see the Example 21.

Of course (similarly as in the Remark 36), if a rule is rejected, it is possible
that (w,w.) & Rejected ,v (p"), where the transition from w to w, is generated
by the rejected rule.

Problems with tautological and cyclic updates are removed in the Kripkean
semantics. Tautologies do not influence Kripke structures.

Proposition 38 Let P be program. Let P’ = PU{r}, where head(r) € body(r).
Then KF = K. O

The following theorem shows that cycles from U do not cause an update of Kp:
paths generated by cycles are terminated in X”®Y by w, if there is a conflict
between a rule in P and a rule in the cycle of U:

Theorem 39 Let for all r € U there is a v’ € U such that head(r) € body(r').
Let w = {head(r) : r € U}.

If there is a pT-path (0, ... ,u) such that not head(r) € u for some r € U
then for each w' such that w C w' holds that (w',w,) € KFOV.

Notice now that good worlds of KXY®F play the crucial role in the update se-
mantics.

Finally, Kripkean semantics do not suffer from irrelevant updates of the type
illustrated by Example 20 and it is able to recognize the conflicts not distin-
guishable by semantics based on the causal rejection principle.
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Theorem 40 Let PUU be consistent. Then the good worlds in KUY coincide
with good worlds in KUY,

Observation 41 If P and U are consistent, PUU is inconsistent and there is no
conflict between the rules then there can be a good world in Kygp. See Example
21. We intend to express and to prove a generalization of this observation in a
forthcoming paper.

7 Conclusions

The results of the paper:

— a classification of the semantics based on the rule rejection principle is given,

— a Kripkean semantics of logic program updates is presented,

— the semantics enables to solve the problem of tautological, cyclic and irrele-
vant updates and it is able to recognize conflicts indistinguishable according
to the causal rejection principle.

The work on this paper has been partially supported by a grant of the Slovak
Agency VEGA, No 1/0173/03.
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Abstract. Dynamic aspects of knowledge represent a challenging research topic
with many open problems. An approach to the field has been presented recently in
the logic programming style. The approach is based on rejection of rules: if there
is a conflict between rules then more preferred rules override those less preferred.
However, meaning of a nonmonotonic knowledge base is determined both by
rules and by nonmonotonic assumptions. The role of assumptions in the conflicts
is also significant. Therefore, also beliefs dependent on assumptions might be
affected by conflicts.

The approach presented in this paper is focused on the dependencies between
beliefs. A dependency theory is introduced together with a set of postulates for
solving conflicts between dependencies. The approach is evaluated with respect
to well known troubles with cyclic and irrelevant updates in the approaches based
on the causal rejection principle.

Keywords: dynamic logic programming, dependency theory, conflicts between depe
dencies, postulates for logic program updates

1 Introduction

Reasoning about dynamic knowledge (knowledge evolving with time, knowledge int
grated/permanently integrating from multiple sources, knowledge reflecting the chau
ing environment or changing point of view etc.) is a challenging research topic with
critical importance for practical applications. Moreover, it is a topic with many ope
theoretical problems of fundamental significance. A deeper understanding of the
namics of knowledge belongs to the most interesting and hardest tasks in knowle
representation research.

Logic programming has been proved as a powerful framework suitable for theor
ical investigation of knowledge representation [4, 2, 5]. Nevertheless, the topic of t
changing knowledge has been studied only recently in the logic programming style, :
[3, 6,8, 9] and others.

The basic paradigm of the research is based on the observation that “not all the
formation borne by a logic program is contained within its set of models” [7] and focL
has been shifted from interpretation updates to program updates. The main attentic
devoted to the conflicts between rules. They are resolved according to a causal rejec
principle: if there is a conflict between rules then more preferred rules override thc
less preferred.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 132-143, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.



A dependency theory for logic program updates 133

Unfortunately, causal rejection principle does not apply to all relevant cases. Th
are some conflicts between programs that are not identifiable on the level of confl
between rules. Moreover, the causal rejection principle applies with respect to sc
irrelevant — from the updates point of view — cases and produces undesirable col
guences. Finally, there are some problems, not completely solved until now, causet
tautologies and cycles in the more preferred programs.

Our approach is sensitive not only to conflicts between rules, but also to confli
between beliefs. Semantics of nonmonotonic knowledge bases is determined botl
rules and by nonmonotonic assumptions. We argue that it is important to record in
semantics also dependencies on assumptions. A dependency theory is introduced il
paper in order to obtain a solid base for logic program updates. The language of ge
alized extended logic programs is used. This tool enables to express both assump
that—A is true and also that is true.

The paper is structured as follows: A more detailed motivation and an analysis
the problem is given in Section 2. Basic prerequisites and elements of the depende
theory are presented in Section 3, semanticsued because ah Section 4. Then the
core of the paper paper follows. It consists in an application of dependencies and
notion oftrue because afn updates of logic programs. Postulates constraining updat
are introduced. Finally, a discussion and evaluation of the approach is presented ir
Section 7.

We summarize the main contributions of the paper: A dependency theory is ct
structed as a basis of logic program updates. Postulates identifying source of conf
and specifying rejection of dependencies are presented. Our semantics [11] satisfie
postulates.

The approach of [11] enables to distinguish finer conflicts than the conflicts betwe
the rules, therefore it does not suffer from the troubles caused by cyclic and irrelev
updates. As regards the relation to our Kripkean semantics presented in [11], we
aiming in this paper to proceed to more foundational issues — dependency theory
postulates for updates are not presented in [11].

2 Motivation

Two rulesr, ' are considered as conflicting in dynamic logic programming (DyLol
hereafter) paradigm iff their heads dieandnot L, respectively.

We are aiming to argue in this Section that it is not sufficient to be focused only
conflicts between rules.

Two examples are given and analyzed below. First of them describes a conflict
tween programs that is not manifested by a conflict between rules. The conflict car
characterized in terms of dependencies between literals. Second example is aimir
show that some influence of dependencies between literals is latent also in the (cle
cal) stable model semantics.

Example 1 Let U be a more preferred program th&n

P={a«c} U={b—nota
¢+ b}
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There is no conflict (according to the DyLoP paradigm) between rules of both prograr
No rule can be rejected and the meaning?ab U cannot be updated according to the
causal rejection principle.

However, there is a sort of conflict between the programs: The liteirathe less
preferred progranP depends on the literal On the other hand, the literaldepends
on the default assumptiomot a in the more preferred prografi. Hence, there is a
dependency af onnot a. It can be resolved by rejecting the less preferred dependent
O

Example 1 shows that there are conflicts not identifiable as conflicts between ru
However, they are identifiable on a level of dependencies. Meaning of logic progra
(and meaning of nonmonotonic knowledge bases) is determined both by rules anc
nonmonotonic assumptions. Therefore, it is important to distinguish also “finer” co
flicts involving (dependencies on) nonmonotonic assumptions.

The dependency of beliefs on assumptions is implicit also in the stable model
mantics. Examine the example as follows:

Example 2 ([2]) Let

P={a+<notb b«— nota
c— nota ¢ — not c}
P '=PU{c+}

While P has the only stable modél = {not a,b,c}, P’ has two stable models —
besidesS alsoS” = {a, not b, c}. This seems to be a strange behaviour of the stabl
model semantics: adding a fact, which is true in the only stable model, increases
number of stable models. However, observe that the only modél efcodes in a
way that the truth ot is dependent on the assumptiont « (it can be said that is
true because ofiot a). On the other hand; is true in P’ without a dependence on an
assumption and, therefore, eitheor b may be considered as true.

Summary: A semantic treatment of dependencies on assumptions and of the «
flicts between those dependencies is relevant for understanding and formalizing
dates. We emphasize the importance of distinguishing those more “fine” conflicts
a key to overcoming well-known troubles with updates based on the causal reject
principle. Moreover, we are aiming at providing clear foundations for a theory of log
program updates. The discussion about approaches to logic program updates is ofte
cused on some hard examples and some intuitions are provided in favor of (or agai
some solutions. The arguments are based mainly on intuitions. We are intereste
explicit principles underlying the approaches to logic program updates instead of
hoc solving clashes of intuitions. This goal is realized in presented paper by a se
postulates. The postulates specify how to identify and how to solve conflicts betwe
dependencies.
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3 Basics

We assume a language of generalized extended logic programs (with default and exg
negation, both are allowed in heads of rules). ddie a set of atom®bjectiveliterals
are defined as followsDbj = AU {-A: A € A}. Subj = {not L : L € Obj}isthe
set of subjective literals. The set lierals is defined adit = Obj U Subj. Notation:
—(=A)) = A, not (not L) = L.

The set of conflicting pairs is denoted BY) N and for eachd € A holds(4,-A4) €
CON, similarly (L, not L) € CON for eachL € Obj. Itis not excluded that other
pairs of literals belong t@@ON. A set of literalsS is calledconsisteniff (S x S) N
CON = (), otherwise it is calledhconsistent

A rule is each expression of the form

L« Li,...,Lk,

wherek > 0, L, L; are literals. Ifr is a rule of the form as above, thénis denoted by
head(r) and{L1, ..., Ly} by body(r); body(r) consists of two disjoint setsody ™ C
Obj andbody ™ (r) C Subj.

A finite set of rules is calledeneralized extended logic prografprogram here-
after). Each program might be considered as a definite program, where literals of
form - A, not L are handled as new atoms. Hence, for each program exists his le
model.

An interpretationis a consistent set of literals. thtal interpretation is an interpre-
tation such that for each literdl eitherL € I ornot L € I.

Definition 3 Let P be a program anttast be the operator assigning the least model tc
a definite program. Le$ be an interpretation anfi~ = {L € Subj | L € S}.

ThenS is apartial stablemodel of P iff least(PUS™) = S. If partial stable model
is a total interpretation, it is callestable model

A program isconsistentff it has a stable model.

Let P be a program. The sy, ., body ™~ (r) is called the set chssumptionén P
(we denote it byd ss(P)).

Definition 4 (Dependency) Let a programP be given. A literall. depends directlpn
a set of literalsV” with respect taP (notationZ <p V) iff there is a ruler € P such
thatL = head(r) andV = body(r).

A literal L depend®on a set of literald” with respect taP (notation <p V) iff
L <p V or there is a set of literal& such thatL <p U, L' € U, L' <p W and
V=U\{L})Uuw.

A literal L, depend®n a literal L, with respect to a program® (L; <p L) iff
there is a set of literal®” such thatl.; <p V andL, € V.

A set of literalsV; depends on a set of literal®, with respect to a progran®
(W1 < p Wh) iff for each literal L € W1 holds thatl. < p W>. O

The set of all dependencies with respect to a progPaimdenoted byDep .
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Fact5 If L «<p W then there is a sequende <p W1,L1 <p Wo,...,Ly_1 <p
We=W,L,eW;,i=1,....k—1.0

Definition 6 (Initial witness) Letbel <p W andL <p Wy, W1 <p W. Itis said
thatL <p W7 is aninitial withessof L < p W.

Definition 7 Let L <p W and for noL’ € W there isU such thatl.’ <p U. Then it
is said thatl is P-grounded(or grounded) inV'.

A literal L is calledsupportedn a programP iff L. <p (). A set of literalssS is
supported inP iff each of its members is supported ih O

A dependencyl < p W is calledcycliciff L € W. A literal cannot be grounded
because of a cyclic dependency.

Proposition 8 Let L < p W and L € W. ThenL is not grounded irfiV/.

Example 9 Let P be as follows:

a «—
b—a

¢« notd

ThenDepp = {b <p {a},c <p {not d},a <p 0,b <p 0,b <p a,c <p
not d}, a,b are supported irP. Finally, Ass(P) = {not d} andc is grounded in
{not d}. O

4  True because of

Stable model semantics of a logic progrdmms determined by two components: by
a setA C Ass(P) of default assumptions and by the deductive closurdaf A.
Therefore, each literal true in a stable model can be considered as true with respe
the corresponding set of assumptions. On the other hand, we will see that the st
model semantics is not able to distinguish some important aspects of meaning wt
might be expressed in termstofie because of

Example 10 Consider the set of objective litera]s, b} and a progran®:

a < not b

b« not a

A straightforward idea to consider simultaneouslyrue because ofiot b andb true
because ofiot a is certainly not a sound one. The et b, not b, not a} (the set of all
assumptions and their consequences) cannot serve as a coherent set ofbeliefs.

We are aiming to base the conceptife because abn sets of assumptions, but care-
fully — maintaining consistency (in accordance with the stable model semantics).
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Definition 11 Let P be a programA C Ass(P), L be a literal.

It is said thatL is in P true becausef A (notationvalp(L) = ) iff L € A or
L <«p A, Lis grounded inA.

A is called asoundset of assumptions with respect Biff the set{L € Lit :
vala(L) = t} is consistents

The notion of true because of is “immune” to cyclic dependencies.
Proposition 12 If L is not grounded im thenwal (L) cannot bet.

Definition 13 Let A be a sound set of assumptions with respedtto
If (L1, Ly) € CON andvalp (L) = tthenvalp(Ly) = f. If neitherval (L) =t
norvals(Ly) = f thenvald(Ly) = u. O

Example 14 ConsiderP = {

a<—b
b—c

¢ a}.
Observe thatiss(P) = () and ualq},(L) = v for each literalL.

There are programs with more sets of assumptions allowing to dﬁﬂlﬂe

Example 15 Consider Example 1M ss(P) = {not b, not a}, sound sets of assump-
tions ared; = {not b}, Ay = {not a}, Az = 0.

It holds thatval ! (a) = t = wvala'(not b), valp (not a) = f = vals' (b) and
val$?(b) = t = valp? (not a), vals?(a) = f = valp? (not b) andvaly? (L) = u for
each literalL. O

For some sets of assumptions (and for a given progRjnfunction val}i is not
defined:

Example 16 Let be P = {a «—,-a «}. Thenval%(a) = t = val’h(-a), but also
val%(a) = f = val’%(—a). Thereforepal®h is not definedD

Definition 17 A set of assumptionst C Ass(P) is called amaximal sound set of
assumptiongn P iff

— there is a finite set of sound sets of assumptidnsAs,, ..., Ax, ¢ > 1, such that
A=A U ---UAy,

— the set of all literald. such thatvall/ii (L)=t,i=1,...,k, is consistent,

— there is no superset of with this propertyd



138 Jan Sefranek

Example 18 Let P be

a1 < not by
b1 < not ay
ag < not by

by < not as

Maximal sound sets of assumption; = {not by, not by}, Ay = {not by, not as}, A3 =
{not a1, not ba}, Ay = {not a1, not as}.

Theorem 19 Let A be a maximal sound set of assumptions of a progfarfihen the set
S = {L € Lit | valy = t} is a partial stable model oP. If S is a total interpretation
thenS is a stable model oP.

Definition 20 A literal L is true because of a maximal sound set of assumptibas
{A; U---U A} (notation:vals(L) = t) iff there is A; such thatvaljii (L) =t If
vals(L) = t and(L,L') € CON, thenvals(L') = f. If neither vals(L) = ¢ nor
valp(L') = t thenvald(L) = u = val(L'). O

Definition 21 Let A be a maximal sound set of assumptions for a progkam’ be a

set of subjective literals such thatC A’ C Subj andS be{L € Lit | vals(L) = t}.
It is said thatA’ is acompletiorof A for P w.r.t. S iff SU A’ is a total interpretation.
We extend the definition afal for completions:

— if valp(L) = t thenval’s (L) =t,
— if valq, (L) = f thenval;}/ (L) = f,
— if not L € A'\ Athenvalfs (not L) = t andvals (L) = f. O

Example 22 Let P be{a < b}. Suppose thakit is {a, b, ~a, b, not a, not —a, not b,
not —b} and CON is

{(aa _‘0“), (bv _‘b)a (av not a)) (bv not b)7 (_‘av not _'a')v (_‘ba not _‘b)}
Empty set is a sound set of assumptions: it hoIdsﬂzh@(L) = u for each literal

L. A" = {not a, not b, not —a,not —b} is a completion of) for P: all assumptions
are true because of , and all objective literals are false with respecto O

Theorem 23 If S is a completion of a maximal sound set of assumptions for a progra
P thenS is a stable model oP.

5 Updates and dependencies

We intend to apply the dependency theory to a specification (constraining) of logic p
gram updates. Our main point is that it is necessary to proceed (within the mainstre
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of research devoted to logic program updates) from the approach based primary or
tuitions to the approach based on clear foundations when analyzing problems of Ic
program updates.

Let P andU be programs.The former is called original program, the later updating
program in dynamic logic programming paradigm (DyLoP hereafter) [3]. The result
the update is called updated program and denotefl ByU .

Updates should obey a principle bfertia, see for example [3, 6]. The intuitive
meaning of this principle is as follows: The truth of literals frdfremains unchanged
in P @ U unless it is directly affected by the update. Another principle emphasized |
researchers in belief revision is the minimality of change [6]: if an update is requir
then unnecessary losses of information are to be avoided.

We motivate our approach by some examples. First a very simple one.

Example 24 Let P be{—a <} andU be{a «}. In terms of dependenciesu < p 0,
a <Ly 0.

U is more preferred program thdn therefore it is natural to reject the dependency
-a <p (). This principle is expressed by the postulate P2 in Section 6. The set
updated dependencié®p pq; is {a <pgu 0}. O

Example 25
P={a+« U = {not a < not b}
b—a}

In dynamic stable semantics [8] the meaning of updated prodtany/ is specified
by two dynamic stable modefs, b} and{not a, not b}, but the stable model dfUU
is {a,b}.

According to our postulate P1, if U U is a consistent program then no update is
needed (this requirement fits well the principle of minimal change). Hendeysifis
a “dynamic” semantics based on a “static” semanfies: and P U U is a consistent
program then should hold th&tyn(P © U) = Sem(P U U).

If PUU is consistent then all dependencies from bBtAndU hold also inP ¢ U,
i.e.Depp U Depy; C Deppgyye

a<pl not a <y {not b}

b<p {a}
b<pl

The crucial task is to extend conceptdife because ab P ¢ U.
val%(a) =t = valb(b)
val’,(not a) = f = val(not b)
valgwt “nota) =t = vali{]m’t *Y (not b)
val{U"Ot b}(a) =f= val{Umt b}(b)
! Only the elementary case is considered in this paper because of limited size and also bec

of a need to explain the basic ideas for a simple setting. An extension to the general case
straightforward one, however the formulation is a little bit more complicated.
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Resolving the conflicts between dependencies is the main problem of our paper.
goal is to solve the conflicts between dependencies (and, hence in the framework o
semantics ofrue because of

We propose a strategy as follows: If there is a conflict between dependencies t
dependencies frorty override those fronP unless assumptions frofi are falsified
by “facts” from P (i.e. by literals supported by empty sets of assumptions ffgym
Therefore val% (not b) = f and we do not want to acceptot b} as a sound set of
assumptions foP @ U (see postulate P4).

valpyy (a) = t = valpgy (b)

val%@U(not a)=f= val%@U(not b)

The dependency ofot a on not b holds also inP @ U but we do not considemot b}
as a sound set of assumptions.

Two important types of conflicts are distinguished:

1. conflicting beliefs depend on the same belief set,
2. conflicts between assumptions.

The first type corresponds to conflicts between rules. The second cannot be expre
in terms of conflicts between rules.

6 Postulates

Postulates specify conditions for rejecting (better to say, ignoring) dependencies
fected by conflicts. In dependency theories characterized by [12] conflict resolutior
performed by the addition of a set of internally generated justifications. In DyLoP it
performed by rejection of some rules (justifications). We are aiming at conflict resol
tion on purely semantic level and no addition or rejection of rules is specified. Rul
may contain an useful information, even if they are responsible for a conflict with r
spect to the current state of knowledge (or knowledge base).

We can now list the postulates. The conflicts generated by one (inconsistent) |
gram are not handled by the postulates in this paper — we are not interested in
problem. However, it is easy to add a postulate of the form as follows, K p W,

Ly <p W and(Ly, Ly) € CON, then both dependencies are ignored (rejected).

Common assumptions for all postulates and examples:L,) € CON, S is a set
of literals. We assume th#&t U U is a consistent program in the postulate P1, in P2, P
it is assumed thaP U U is inconsistent.

P1 If Sis a (partial) stable model d?UU then for each; € S hoIdSUaIﬂBU(Ll) =t
and for eachl, hoIdSz;al}igBU(LQ) = f, otherwise — ifS is not a (partial) stable

model of P U U — thenval3,; is not defined,
P2 Let L, <p W, if Ly <y W, L; €y W, then each initial witnesg; <p W,
(denoted byi) is rejected ¢ € Rej),
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P3If L1 <p W andW <y {L2} andL; «p 0 then each initial witnesd =
(L; <p Wy)is rejected { € Rej),

P4 If val?g(Ll) =t, val%(Lg) #tandLy € Ass(U) thenval}ﬁég is not defined.

P5 If valh(L1) = t, Ly <u {L}, L € Ass(U), L &y 0 thenvalt),, is not defined.

The dependencies can be rejected only according to the postulates P1 — P3.
The following examples illustrate Postulates P3 and P5.

Example 26 (P3) Let P be{a < ¢} andU be{b — not a;c < b}.
a <p {c} is rejected because ¢t} <y {not a}. O

Example 27 (P5) Let P be{a «;b — a} andU be{not b — not c}. Thenval 0%,

is not defined.

7 Discussion

Postulates P1 — P5 are intended to specify the semantics of the update of pfobgyam
the progrant. The update is denoted @y U. The semantics is based on the notions
of dependency and true because of. It should be emphasized that we do not pro|
an update on syntactic level (on the level of programs). The update is focused on
semantics.

We are going to sketch the basic definitions. First we define the set of all nc
rejecteddirect dependencies ii* ¢ U.

Definition 28 Let Direct p (Directy) be the set of all direct dependenciediap » and
Depy;. ThenDirect pgyy = (Directp U Directy) \ Rej. O

The relation< pgy is defined exactly according to Definition 4. Notions of sound
maximal sound set of assumptions w.Pt® U and three-valued or two-valued valua-
tions are defined as in Section 4 except of the requirement to satisfy Postulates P4
P5. Thus, we have a “semantic view” éhd U.

A Kripkean semantics of (multidimensional) dynamic logic programs is present
in [11]. A Kripke structure is assigned to each program. The structure records — il
sense — dependencies between sets of literals. An update operation is defined on K
structures. We present (without the necessary prerequisites because of the limited
of the paper) the main idea of the theorem claiming that Kripkean semantics is corr
with respect to our postulates. A detailed exposition will be presented in a forthcomi
paper.

Theorem 29 Postulates P1 — P5 are satisfied by the update operation on Kripke stru
tures associated with logic progrands.

2 postulates P4 and P5 are expressed for singletons because of the limited space, but they ¢
generalized to arbitrary sets of assumptions.
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Itis shown in [11] that Kripkean semantics does not suffer from tautological, cycl
and irrelevant updates and that it is able to recognize conflicts not distinguishable
the level of conflicts between rules. The same holds also for our dependency theory
updates of dependencies and of the notiae because of

We now proceed to two topics connected to the dependency theory. Our forthcom
research will be devoted to those topics.

First, dependency theory allows a more finer semantics than the stable seman
Consider programs as follows.

Example 30

Py ={a«<notb} Py={a;noth}
P; ={a ;b b} Py={a— notb;notb—}

S = {a, not b} is the only stable model of all four programs. However, there are subt
differences in (the intuitive) meaning of the programs. We believe that the differenc
can be understood and described by the dependency theory presented in this pape

Second, there is a connection of dependency theory to the strong equivalenc
logic programs, being a hot research topic in the field.

Definition 31 ([10]) Two programsP and( are said to batrongly equivalen{P =,
Q) iff for each programk the programs” U R and P U  have the same sets of stable
models.

A method of optimization of logic programs consists in replacing strongly equivale
programs in a context. A relation of dependencies to strong equivalence of logic p
grams is obvious. However, there are open and interesting problems connected to
relation.

8 Conclusions

A dependency theory for logic programs has been introduced in this paper. Depenc
cies are defined explicitly and they are used for a semantics based on the conce|
true because oUpdates of logic programs are specified in our approach as rejectic
of some dependencies. Postulates P1 — P5 for specifying rational rejections of de|
dencies and for constraining sound sets of assumptions are introduced. We do not r
or insert new rules. Our goal is only to make a coherent view of the current state ¢
modular knowledge base (represented by logic programs). The rejection of depent
cies is more sensitive (able to make a more fine distinguishing) than the rejection
rules.

The substantial improvement gained by our approach is based on the observa
that the meaning of nonmonotonic knowledge bases is determined both by the n
and by the nonmonotonic assumptions. Therefore, updates should respect both con
between rules and conflicts caused by assumptions.

Main results:
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— Our dependency theory enables to solve the problem of cyclic and irrelevant

dates,

— Itis able to identify the conflicts not distinguishable by the causal rejection princ

ple.

— The postulates P1 — P5 (contrary to the AGM postulates [1] and other postulate:

that sort) specify dependencies responsible for the conflicts between beliefs (an
belief sets); moreover, they allow to handle nhonmonotonic dependencies baset
assumptions.

Finally, | thank Martin Homola for extensive comments to a previous version of tt

paper. | thank also Slovak agency VEGA for the support of the project 1/0173/03.
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Abstrakt. V ¢lanku je prezentovan postup klasifikace pomoci Suffix Tree (ST)
frazi. Popsan je zptsob jejich ziskani, ohodnoceni a pouziti ke klasifikaci textt.
Konzultovany jsou vyhody a nevyhody tohoto postupu, které jsou prubézné
srovnavany s metodou Itemsets, ze které princip klasifikace Suffix Tree frazemi
vychazi. Popsan je také zplisob nastaveni prahové hodnoty pro zatazeni doku-
mentu do zvolenych tématickych tfid. Prostor je vénovan i porovnani vlivu
pramémé délky dokumentu na celkovou uspésnost klasifikace a srovnavan je
také vliv itemsetl a ST-frazi vys$Sich fadt u obou metod. V zavéru samoziejmé
nechybi srovnani dosazenych vysledku klasifikace s dal$imi rozsitenymi meto-
dami klasifikace texti.

Kli¢ova slova: Kklasifikace, kolekce dokumentii, Itemsets, ST-fraze, Suffix
Tree, ohodnoceni dokumentu, nastaveni prahu

1 Uvod

V elektronické podobé se v soucasné dobé vydava stale vice ¢lankt, Casopist i knih.
Je v nich obsazeno obrovské mnozstvi informaci, av§ak ne vSechny jsou pro kazdého
uzivatele zajimavé. Aby bylo mozné se v této zaplave orientovat, je potieba stanovit,
mercni instituce, které se zabyvaji vyhledavanim pouze relevantnich informaci pro
své klienty. Jsou vSak pry¢ doby, kdy na tuto ¢innost byla vyhrazena skupina lidi pro-
¢itajicich elektronické texty z riznych zdrojii. Pouziti aplikaci implementujicich rtizné
metody automatické klasifikace textu je vzhledem k stale vétsimu objemu dat nezbyt-
nosti.

Klasifikatory vyuzivajici princip strojového uceni ovSem potiebuji ke svému natréno-
vani a k naslednému zatrazeni klasifikovaného ¢lanku mnozinu textl zastupujici jed-
nak jednotlivé oblasti, které jsou pro daného uzivatele relevantni a jednak oblast, kte-
r4 je pro uzivatele nezajimava. Pokryt ovSem opravdu vSechny existujici tématické
okruhy, které nejsou pro daného uzivatele zajimavé, neni vzhledem k jejich obsahové
Sifce mozné.

V tomto ¢lanku se vénujeme metodé vyuzivajici ke klasifikaci textu ohodnocenych
Suffix Tree frazi, ktera tento nedostatek odstrafiuje. Jeji princip a dosazené vysledky

prubézné konzultujeme s metodou Itemsets, ktera je svym principem velmi podobna a
kterd dovoluje n¢kolik modifikaci.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 144-153, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2 Vlastnosti metody Itemsets

Pfi navrhu a konstrukei klasifikatoru vyuzivajictho Suffix Tree fraze jsme vychazeli z
principu metody Itemsets popsané v [3], [4] a [5], ktera uspésné klasifikuje zejména
kratké textové dokumenty. Jeji nevyhodu bohuzel ptedstavuje predevsim faze tréno-
véani, kdy jsou pomoci Apriori algoritmu (viz [5]) hledany €asté mnoZziny slov (item-
sety). Slozitost tohoto algoritmu je pro l-itemsety linedrni. Pro nejhorsi ptipad
je s rostoucim K pfi hledani K-itemset vyssich fadi kombinatoricka, a to jak slozi-
tost ¢asova, tak i slozitost pamétova. Vyhodu ale pfedstavuje rychla faze klasifikace
této metody spocivajici v pficitani ohodnoceni pfedem natrénovanych K-itemsett,
jejichz vSechny jednotlivé termy (slova) se v dokumentu vyskytuji soucasné.

Zajimava je skutecnost, ze pouziti K-itemsetl, kde K>1, neptineslo zadné zlepsSeni
uspésnosti klasifikace (viz kapitola 4). V dusledku potom pouziti 1-itemsetd, tedy
jednotlivych slov, pfinasi této metodé nejvyssi uspésnost. Dle naseho nazoru je to
déno faktem, Ze jednotliva slova K-itemsetu nalezeného Apriori algoritmem spolu
netvoii souvislou frazi, ale jen mnozinu slov ¢asto se spolecné vyskytujicich v tré-
novacich dokumentech. To je bezpochyby pouzitelné pro kratké dokumenty obsahu-
jicich tadové desitky slov, které jsou pokud mozno tématicky dostatecné vzdalené.
Pro delsi dokumenty obsahujici vétsi pocet slov jiz uspésnost klasifikace klesd v
disledku zvétSujici se pravdépodobnosti nalezeni vétSiho poctu K-itemsetl
spolecnych né¢kolika klasifika¢nim tfidam.

Stejny problém nastava, pokud budeme chtit klasifikovat do vice tfid dokumenty té-
maticky velmi podobné. Opét budou Apriori algoritmem nalezeny K-itemsety obsa-
hujici stejna nebo podobna slova pro vice tfid, coz miize vést ke snizeni uspésnosti
klasifikace. V ptipadé, ze bychom chtéli klasifikovat dokumenty jen do dvou tiid
(naptiklad zavadné/nezavadné), je navic nezbytné mit k dispozici kolekce dokumentt
pro ob¢ tidy, abychom mohli klasifikator zalozeny na metod¢ Itemsets natrénovat.

Na zéakladé téchto poznatkli jsme vytvofili klasifikator, ktery uvedené nedostatky
umoziyje alespon ¢asteéné odstranit. K jeho konstrukci jsme vyuzili fraze ziskané
algoritmem Suffix Tree.

2.1 Suffix Tree fraze versus Itemsety

Oproti K-itemsetim nejsou Suffix Tree fraze (déle jen ST-fraze) mnoziny slov sou-
casné se vyskytujicich s urcitou Cetnosti v trénovacich dokumentech (dokumentech
zatazenych do tfidy). Jedna se o posloupnost po sobé nasledujicich slov, které se v
mnozin€ trénovacich dokumentl vyskytuji se zadanou Cetnosti. Intuitivn€ by tedy ST-
fraze mély 1épe vystihovat tématické okruhy predstavujici jednotlivé klasifikacni t¥idy
a to 1 v pfipadé, Ze si budou velmi podobné. Vychazime ptitom z ptredpokladu, ze
tématicky blizké dokumenty budou obsahovat stejna nebo podobna slova. Na nasledu-
jicim jednoduchém piikladu jsme si ovéfili, Ze metoda Itemsets by vétSinu takovychto
dokumenti klasifikovala do stejné tridy.
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Tab. 2.1 Nékolik vybranych natrénovanych 1, 2 a 3-itemsetl pro zavadnou tfidu

1-ltemsety ohodnoceni 2-itemsety ohodnoceni 3-itemsety ohodnoceni

free 93,25 you hardcore 73,18 site hardcore free 70,32
adult 88,25 amateur free 77,25 adult girl teen 68,58
hardcore 83,06 Lgirl teen 72,93 maiden babe your 59,15
teen 79,75 free hot 67,25 free site male 53,80

icture 70,81 xxx adult 60,53 'woman school asia| 47,65
XXX 67,43 gallery picture 56,34 guy great Xxx 42,30
gallery 66,25 site free 48,12 latina lady adult 34,24

K jejimu natrénovani jsme pouzili 200 zavadnych internetovych stranek sexualniho
charakteru® a 2000 nezavadnych stranek obsahujicich riizna témata. Jednotlivé tiidy
(zavadné/nezavadné) charakterizovalo 60 nejcastéjSich K-itemseti pro K<3 vytvoie-
nych Apriori algoritmem. Testovali jsme nezavadné stranky, u kterych jsme ocekavali
chybnou klasifikaci na zaklad¢ predpokladi vysvétlenych v nasledujicim odstavei. K
vypoctu kvalitativni vahy itemsetll jsme v pribehu veskerych testll pouzili stejny
vztah, ktery se osvédcil a byl pouzitiv [5].

Ackoli na adrese www.bhs.org.uk/Horse_clip-art/icons.htm zadny sexualn¢ orientovany
material nenajdeme, byla klasifikovana metodou Itemsets jako zavadna. Diivod je ten,
ze se v HTML kodu této stranky vyskytuji termy “free, gallery, picture”. Tyto termy
se bohuzel vyskytuji mezi ¢astymi itemsety charakterizujicimi zavadnou tfidu a pro-
toze zde jiz neni mnoho textu, ve kterém by mohly byt nalezeny dalsi natrénované
termy patfici do nezdvadné tiidy, je tato stranka chybné klasifikovana. Této skutec-
nosti také napomaha fakt, ze vahu klasifikace nesou 1-itemsety jak jiz bylo zminéno
diive. Nelze tedy uCinn€ prenést vahu klasifikace na itemsety vysSich fadu
nastavenim niz§ich vahovych koeficienti 1-itemsetim. Navic i1 n¢které natrénované 2
a 3 itemsety, jak je patrné z Tab. 2.1, mohou byt zdvadéjici. Pokud se naptiklad v
textu dokumentu objevi trojice termd “site hardcore free”, nemusi se viibec jednat o
zavadnou stranku, mozna pravé naopak. Piikladem jsou i nasledujici stranky, u
kterych dochazi k podobnym problémim:

http://spgm.sourceforge.net/
http://www.ag.ohio-state.edu/~vegnet
http://www.travelplan.com/gallery4.htm
http://www.hikyaku.com/gallery/gallery.html
a dalsi...

Vznikaji zde ovSem i jiné potize. Ohodnoceni piifazené K-itemsetiim zavadné téidy je
vétSinou velmi vysoké, protoze stranky sexudlniho charakteru jsou velmi uzce zamet-
eny a obsahuji ¢asto stejna slova (1-itemsety) a mnohdy i slovni spojeni. To samozie-
jmé neplati pro nezdvadnou tiidu, zejména pokud se snazime jednotlivymi dokumenty
pokryt co nejvice tématickych okruhll a oblasti lidské ¢innosti. V dasledku tedy, po-
kud se v zavadné trénovaci kolekci bude vyskytovat dostatecné Casto nezavadné

2 Tento &lanek vznikl b&hem projektu na filtraci zavadnych internetovych strének, proto kolek-
ce takového typu
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slovo, natrénuje se jako zavadny itemset. Pokud se potom v klasifikovaném do-
kumentu takové slovo objevi, mize toto slovo svym ohodnocenim zapficinit zarazeni
tohoto dokumentu do zavadné tridy, protoze 1 pfi soucasném vyskytu neékolika natré-
novanych nezévadnych slov nemusi jejich ohodnoceni stacit na zafazeni dokumentu
do spravné tridy. Navic ani pokud bychom méli k dispozici obrovskou kolekci
nezavadnych dat nemlizeme pokryt tuto oblast zcela. Nebylo by ani mozné pouZit
Apriori algoritmus pro natrénovani K-itemsetl vysSich fadt z divodu jeho piilis
velkych ¢asovych a pamétovych naroku (viz [3] a [5]).

Z téchto poznatkid jsme usoudili, ze podobné problémy mohou nastat i pii klasifikaci
do vice tfid. Jak bude uvedeno dale, ke klasifikaci pomoci ST-frazi postacuje mit
k dispozici jen data zavadné tfidy, neni nutné vytvafet kolekci nezdvadnych doku-
mentd. Tento fakt pfinasi samoziejmé snizeni celkové slozitosti, protoZe postacuje
vytvotit ST-fraze jen pro tiidu zastupujici tzky tématicky okruh, ktery chceme rozpo-
znavat.

3  Suffix Tree klasifikator

3.1 Faze trénovani

Pfi trénovani jsou v kolekci vybranych dokumentd, které jsou tématicky zaméteny na
oblast, kterou budeme chtit v budoucnu rozpoznavat, vyhlédavany opakované fraze.
K jejich ziskani vyuzivame postupného vytvateni Suffix Tree struktury zadané hloub-
ky (princip a postup viz [1] a [2]). V jednotlivych uzlech ov§em uchovavame jen in-
formaci o poctu vyskyti dané fraze v trénovaci kolekci (viz Obr. 3.1) a nazev termu
(slova). Dalsi udaje nejsou pro ziskani ohodnocenych ST-frazi nutné.

@ @ @ 1. "bratr ¢asto myje auto" @ @
2. "sestra ¢asto fidi auto”

3. "sestra bratra ¢asto myje"

hloubka stromu =3

Obr. 3.1 Priklad struktury Sufix Tree vytvorené z trénovaci kolekce tii dokumentil
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Trénovaci kolekci dokumentt, ze které chceme strukturu vytvofit, je vhodné nejprve
lematizovat. Na kolekei, ktera nebyla lematizovana, jsme v pribéhu testovani dosa-
hovali vzdy primémé o 5% horsi uspésSnosti klasifikace. Protoze jsme testovali
uspésnost metody Sufix Tree a Itemsets jen na anglickych textech (viz kapitola 4),
pouzili jsme Porterdv lemmatizator (viz [7]) pro anglicky jazyk, jehoz programova
realizace je dostupna z [9]. Slovnik stopslov obsahoval 390 nejcastéjSich anglickych
slov prevzatych z WAIS®. Ty je samoziejmé vhodné pred pocatkem trénovani odstra-
nit. Text jednotlivych dokumentti byl vzdy zpracovavan jako jeden dlouhy fetézec, na
konce vét nebyl bran ztetel.

Z vysledné Sufix Tree struktury nasledné ziskame jednotlivé fraze, jejichz maximalni
délka je rovna maximalni hloubce stromu a na zakladé¢ vzorce

F.
Fohod = ;61100 [%] (1)

K ,max

urc¢ime jejich ohodnoceni. Jednotlivé symboly maji nésledujici vyznam:

Fonoa = vysledné ohodnoceni konkrétni fraze

Fs: = Cetnost konkrétni fraze v trénovaci kolekci

K délka ST-fraze

Nxmax = pocet vyskytl nejcastéjsi fraze (délky K) v trénovaci kolekei

Jak je ze vzorce (1) patrné, pro ST-fraze riznych délek se méni hodnota ve jmenova-
teli slouzici jako normovaci konstanta. Je to z toho diivodu, aby nebylo potlaceno

Tab. 3.1 Ohodnocené ST-fraze ziskané ze struktury na Obr. 3.1

ST-fraze Feet Fonoa [%] | (g4ika gT-fréze) N max
Casto 3 100
bratr 2 67
myt 2 67
auto 2 67 ! 8
sestra 2 67
fidit 1 33
bratr Casto 2 67
Casto myje 2 67
Casto Fidit 1 33
myt auto 1 33 2 2
sestra bratr 1 33
sestra Casto 1 33
fidi auto 1 33
bratr Casto myt 2 67
¢asto fidit auto 1 33
Casto myt auto 1 33 3 2
sestra bratr ¢asto 1 33
sestra Casto Fidit 1 33

3 hitp://fog.bio.unipd.it/waishelp/stoplist.html
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ohodnoceni ST-frazi vétSich délek. Pouzijeme-li totiz k normovani jen nejcasteji se
vyskytujici frazi, bude se vzdy jednak o frazi délky 1 a tim by doslo k znevyhodnéni
delsich frazi. Proto musime normovat vzdy hodnotou, ktera je rovna poctu vyskytl
nejcastéjsi fraze délky odpovidajici ohodnocované frazi.

Tabulka Tab. 3.1 obsahuje ptiklad jiz ohodnocenych ST-frazi délky 1,2 a 3 ziskanych
ze Suffix Tree struktury zobrazené na Obr. 3.1, ktera byla vytvofena ze tfi dokumentil
uvedenych na stejném obrazku.

3.2 Faze Kklasifikace

Ve fazi klasifikace nejprve vybereme urcity pocet ST-frazi, které maji nejvyssi ohod-
noceni ur¢ené na zakladé vzorce (1). VIiv poctu a délky ST-frazi na uspésnost klasifi-
kace diskutujeme v podkapitolach 4.1 a 4.2.

Testovany dokument prochazime a hleddme vyskyt jednotlivych ST-frazi. Tento pos-
tup je obdobny jako u metody Itemsets, oproti které ovsem nehleddme soucasny vy-
skyt jednotlivych termti K-itemsetu kdekoli v dokumentu. Jednotlivé termy ST-fraze
délky vétsi nez 1 se v dokumentu musi vyskytovat tésné€ za sebou ve stejném potadi
jako pfi svém natrénovani. Pii vyskytu nékteré z ST-frazi charakterizujicich urcitou
tiidu pfic¢teme pro testovany dokument této tiidé celkovou vahu odpovidajici ohodno-
ceni nalezené ST-fraze. Po otestovani vyskytu vSech vybranych ST-frazi reprezentuji-
cich jednotlivé klasifika¢ni tfidy zafadime testovany dokument do tfidy s nejvySsi
vahou V.x. DalS§im rozdilem je skutecnost, Ze metoda Itemsets uvazuje jen prosty
vyskyt jednotlivych itemsetli v dokumentu. Pfi klasifikaci Suffix Tree frazemi uvazu-
jeme vicenasobny vyskyt jednotlivych frazi v testovaném dokumentu.

Samoziejmé muzeme chtit asociovat dokument s vice tfidami. V tom piipadé zaradi-
me klasifikovany dokument do vsech tiid, jejichz vaha piesahuje zvoleny prah z ma-
ximalni dosazené vahy V. (jednd se tedy o zvolené procento z V). V pribéhu
celého testovani jsme dosahovali nejlepsSich vysledki s hodnotu prahu 75 % pro obé
porovnavané metody.

4 Testovani, dosaZené vysledky

Pro porovnani vlastnosti obou metod jsme vytvotili dvé kolekce slozené z kratkych a
dlouhych dokumentd. Vyuzili jsme k tomu dokumenty anglické kolekce Reuters Cor-
pus Volume 1 z tydnt 1 aZ 5 zatazenych pouze do kotfenovych tiid (Economics, Mar-
kets, Government/Social, Corporate/Industrial). Nasledujici tabulka (Tab. 4) obsahuje
charakteristiky téchto kolekci.
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Tab. 4 Charakteristiky pouzitych kolekei

RC v.1 — KRATKE dokumenty RC v.1 - DLOUHE dokumenty

pocet dokumentll celkem 9370]| pocet dokumentli celkem 10350
pocet trénovacich dokumentu 2343|| pocet trénovacich dokumentt 2588
pocet testovacich dokumentu 7028|| pocet testovacich dokumentd 7762
pocet vyznamovych slov v doku- 50 — 150|| poCet vyznamovych slov v doku- 300 - 3952
mentech pramérné : 88| mentech priamérné : 560
pocet vSech slov 7244561|| poCet vSech slov 10747726
pocet vyznamovych slov 4306252|| pocet vyznamovych slov 6872532
pocet rGznych vyznamovych slov 46653|| pocet rliznych vyznamovych slov 83900
pocet nevyznamovych slov 2938310|| pocet nevyznamovych slov 3875194
pramérny pocet tfid, do kterych je 15 pramérny pocet tfid, do kterych je 18
dokument klasifikovan || dokument klasifikovan ’

4.1 Vliv poctu 1-itemsetu (ST-frazi délky 1) na uspéSnost klasifikace

Pfi testovani obou metod jsme se nejprve zaméfili na srovnani vlivu poctu 1-itemsetil
na Uspésnost klasifikace. Mira celkové ispéSnosti byla v prubéhu celého testovani
chapana jako primér dosazenych hodnot presnosti a uplnosti. ProtoZe natrénované
I-itemsety odpovidaly (vcetn€ svého ohodnoceni) natrénovanym ST-frazim délky 1 a
protoze princip faze klasifikace je shodny, jsou vysledky z grafu 4.1 (kde je Gspésnost
chapana jako primér piesnosti a uplnosti) spolecné pro ob¢ srovnavané metody.

Jak je z grafl patrné, u obou metod nastava pro kratké dokumenty od urcitého poctu
termtl reprezentujicich jednotlivé tfidy “nasyceni” a pfidavani dalSich termi jiz nema
vetsi vliv na uspésnost klasifikace. Pro maly pocet termi (50) samoziejme dochazelo
k jevu, kdy v mnoha dokumentech nebyl nalezen zadny 1-itemset reprezentujici né-
kterou z t¥id. Z grafl je také zfejmé, ze vhodnym kompromisem mezi kvalitou klasi-
fikace a slozitosti procesu trénovani bylo pouziti cca 400 termii.

Naopak pro kolekei delsich dokumentt pridavani dalSich termt reprezentujicich jed-
notlivé tfidy mélo smysl. S jejich vzristajicim poctem vzristala i uspésnost klasifika-
ce. Dochazi zde vsak postupné k podobnému jevu jako v predchozim ptipadé. Pro 800
termil a vice se jiz projevuje vliv “nasyceni”. Pocet 1-itemsetil (ST-frazi délky 1) je
tedy vhodné volit na zakladé predpokladané délky klasifikovanych dokumentt.

Vliv poétu 1-itemsetii na ispésnost klasifikace RC Vliv poctu 1-itemsetl na Uspésnost klasifikace RC
v.1-kratké dok.  (shodné pro ST-fraze délky 1) v.1 - dlouhé dok.  (shodné pro ST-fraze délky 1)
100 100
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Graf 4.1 Porovnani vlivu poctu 1-itemsetll na celkovou uspésnost klasifikace
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Vliv 1, 2 a 3-itemsetl na celkovou uspésnost Vliv ST-frazi délky 1, 2 a 3 na celkovou uspésnost
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Graf 4.2 Porovnani vlivu itemsetti a ST-frazi vyssich fada na uspésnost klasifikace

Pouziti vétsiho poctu by vedlo k zbyte¢nému zpomaleni klasifikace dokumentt, pou-
ziti niz§iho poctu termil potom vede ke snizeni celkové uspésnosti klasifikace.

4.2 Vliv 1,2, 3-itemsetu a ST-frazi délky 1,2, 3

Dalsim predmétem nasSeho testovani byla klasifikace s pouZitim itemsetl a ST-frazi
vyssich fadi. Hodnoty z grafu 4.2 jen potvrzuji co je jiz intuitivné ziejmé. U kratkych
dokumenti nehraji delsi ST-fraze vyznaméjsi roli. Zajimavé je vSak zjisténi, ze cel-
kova uspésnost klasifikace u metody Itemsets je dana pfedevsim 1-itemsety. Nema
tedy smysl generovat pomérné naro¢nym Apriori algoritmem K-itemsety, kde K>1.
Jak je z grafti patrné, uspésnost se jejich pouzitim pro dlouhé dokumenty mize zmen-
Sovat. Je to pravdépodobné dano skutecnosti, Ze s rostouci délkou dokumentl se do
procesu klasifikace zavlékaji dalsi obecné termy, které vSak pro svou obecnost nelze
chdpat jako charakteristické pro tfidy, do kterych dokument skutecné patii. VEtsi dél-
ka dokumentl potom zvySuje pravdépodobnost jejich piipadného soucasného vyskytu
a tim 1 moZnost nespravné klasifikace.

Pro kratké dokumenty jiz neni vysvétleni mirného poklesu tispésnosti klasifikace pii
pouziti itemsetll vyssich fadu tak jednoduché. Diivodem by mohl byt stale piilis velky
pocet termu v testovacich dokumentech a skutecnost, Ze jednotlivé téidy jsou svym
tématickym zaméfenim pomérné Siroké. Natrénované 2 a 3-itemsety reprezentujici
jednotlivé tfidy totiz mély vyrazn€ mensi vahu nez itemsety ziskané v testu popsaném
v podkapitole 2.1.

Tab. 4.2 Dosazené vysledky klasifikace pro jednotlivé metody

P = presnost Naive Bayes NBCI TFIDF Itemsets (1,23 [ ST-fraze (1,23
U = Uplnost P U P U P U P U P U
RC v.1 — Kratké | 94,22 | 85,28 | 89,38 | 80,68 | 84,83 | 84,55 | 89,42 | 89,37 | 89,52 | 89,4
dokumenty 89,75 85,03 84,69 89,40 89,46
Naive Bayes NBCI TFIDF ltemsets (1,23 | ST-fraze (1,23
P U P U P U P U P U
RC v.1 - Dlouhé| 91,17 | 78,46 | 89,06 | 76,34 | 86,29 | 87,1 | 85,45 | 87,86 | 86,74 | 88,95
dokumenty 84,82 82,70 86,70 86,66 87,85
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Naopak pouzitim delsich ST-frazi tispésnost klasifikace roste, coz se nejvice projevi u
delsich dokumentl. Je to samoziejmeé dano jejich vétsi schopnosti rozlisit 1 velmi
blizka klasifikacni témata. Soucasné je oproti itemsetim vyhodou mensi pravdépo-
dobnost jejich vyskytu v dokumentech, které nepatii do tfidy, kterou reprezentuji.

4.3 Celkové vysledky klasifikace

V Tab. 4.2 jsou prezentovany konecné vysledky klasifikace na kolekci dlouhych a
kratkych dokumentti. Hodnoty z této tabulky by nemély implikovat obecnou kvalitu
jednotlivych klasifikacnich metod, pro jina vstupni data miizeme samozfejmé dostat
jiné potadi uspésnosti prezentovanych metod.

Nejlepsi hodnoty pro kratké dokumenty bylo dosazeno metodou Naive Bayes. Ta
pouziva ke klasifikaci vSech slov trénovaci kolekce, coz je v tomto piipadé nejlepsi
pfistup. Nedochazi zde totiz k zbyte¢né ztrat¢ informace vlivem hledéani urcitych Cas-
tych polozek, jako je tomu u ostatnich metod. Jiz u kratkych dokumentil je patrny
maly naskok v uspésnosti klasifikace, ktery ziskdvaji ST-fraze oproti Itemsetlim. Ten-
to naskok se podle oc¢ekavani nejvice projevil u kolekce delsich dokumenti, kde jiz
rozdil mezi metodou Itemsets a ST-frazemi Cinil 1,2%. Delsi dokumenty také podle
ocekavani lépe vyhovuji metodé TFIDF, které umoznuje pfitomnost vétsiho poctu
termu vytvorit relevantnéjsi vektory reprezentujici jednotlivé dokumenty a ve fazi
klasifikace potom dochazi k mén¢ chybam. Popis mén¢ zndmé metody NBCI je moz-
né nalézt v [6].

Jak je z Tab. 4.2 patrné, obecné lepSich vysledki jednotlivé metody dosahly pti klasi-
fikaci kolekce kratkych dokumentd. Delsi dokumenty pravdépodobné obsahuji vetsi
pocet jednotlivych termti spolecnych vice tfidam, coz ztézuje klasifikaci.

5 Zavér

Na testovacich kolekcich jsme ovétili, ze vysledky klasifikace ST-frazemi jsou velmi
dobré i vporovnani s jinymi zndmymi metodami. Pouziti delSich ST-frazi vede
k lepSim celkovym vysledkiim neZ u metody Itemsets, coZ je nejvice patrné u delSich
dokumentd. Pouziti 2 a 3-itemsetil nepfineslo zadné zlepSeni. Naopak se celkova
uspésnost klasifikace zhorsila.

Féaze trénovani pfi klasifikaci ST-frazemi je algoritmicky mén¢ narocné nez u metody
Itemsets. Slozitost Apriori algoritmu totiz pifi hledani K-itemseti vyrazné roste se
zvySujici se hodnotou K (viz [4]), zatimco vytvateni Suffix Tree struktury ma stale
linearni slozitost (viz [8]). Faze klasifikace je u obou metod algoritmicky i ¢asové
srovnatelna.
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Pfedmétem naseho dalsiho zkoumani bude porovnani slozitosti rtiznych algoritmti pro
ziskani ST-frazi, testovani moznosti dalsiho zvySovani efektivity tohoto zptsobu kla-
sifikace a moznost kombinace ST-frazi s dal§im klasifikatorem zalozenym predevsim
na metod¢ Naive Bayes.
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Annotation:
Suffix Tree phrases classification in comparison with Itemsets method

In this paper we present a text classification method using Suffix Tree (ST) phrases.
We describe how to obtain ST-phrases from the training corpora, how to evaluate
them and use them for text classification. Advantages and disadvantages of this ap-
proach are discussed and compared to the Itemsets method, which the Suffix Tree
classification is based on. We also explain the way a threshold for multiclass
classification is determined. We devote some time to examine the document length
influence on classification effectiveness and also compare the impact of higher order
Itemsets and ST-phrases in both methods. Of course, some comparison of the results
obtained with other favourite text classification methods is provided at last.
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Abstract. This article proposes a framework for conversion of ontolo-
gies between different formalisms. The transformation is done using meta-
models of both the source and target formalisms and optionally definition
of mapping between them. The methodology provides two ways, how to
do the conversion: with or without the mapping. The practical usage of
the Generalised Ontology Formalism (GOF) is to transform ontologies
repeatedly without human intervention. It is further shown how is the
SumatraTT system used as a user interface to make such transformations
easily.

Keywords: ontology, transformation, formalism, SumatraTT

1 Introduction

According to [1], one of the main purposes of ontologies is knowledge sharing
and reuse. However there exist multiple ontology formalisms (and others are
being developed) with specific advantages and drawbacks, supporting particular
features or focusing on a simplification of some operation. Ontologies are created
for a specific purpose in the most appropriate formalism satisfying needs of a
narrow target community. The problem arises when an ontology is going to
be used in another system supporting a different formalism. Although the basic
idea of ontologies is to consolidate hierarchy of concepts, the formalisms/formats
used are mutually incompatible. The biggest incompatibility we have met in the
CIPHER project was between formalisms based on Lisp (Ontoligua etc.) and on
RDF.

To solve the problem of ontology transformation between formalisms we pro-
posed a Generalised Ontology Formalism (GOF). We analysed the existing for-
malisms to be able to translate all important features. The GOF formalism can
be expressed as a graph with uniform vertices and six types of edges. The edge
types represent the basic relations between concepts found in all considered for-
malisms and express the structural part of ontology. The design is focused mainly
on frame-based formalisms and description logic, but it can also be used for other
systems like lattices, topic maps, or even ER diagrams, Java class hierarchy, etc.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 154-161, ISBN 80-248-0755-6.
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Different formalisms are handled by I/O gates, specific to the formalism.
Each gate converts the ontology from the original form to the GOF and back.
It also contains specific ontology of the formalism (FSO) defining a metamodel
of the gate. The conversion is done either with or without connections to the
FSO. Use of the FSOs leads to a more precise result, on the other hand it
requires mappings for every pair of formalisms. For the GOF we also defined set
operations for union and diff (mathematically (O1 \ O2) U (O2 \ O1)).

A user interface to the ontology transformation is provided by SumatraTT
system [2]. SumatraTT is a universal data processing system, originally designed
for data preprocessing for data mining. The presented framework contains meth-
ods for exporting both its gates and operations as SumatraTT modules. The
graphical interface is used for easier setup of the transformation and for testing.

2 Known Approaches

According to [3], there are three main approaches to transformation between
different knowledge representation formalisms:

Mapping Approach For every pair of formalisms a mapping is created which
transforms expressions in the source formalism to expressions in the target for-
malism. It can be well adapted to the two specific formalisms and therefore
involves lowest loss of information. However the number of transformations that
have to be designed is relatively high and their properties must be checked indi-
vidually. Thus this approach is feasible only for systems working with a relatively
small and fixed set of formalisms.

Pivot Approach To avoid the necessity to create a large number of trans-
formations one formalism is chosen as the pivot formalism. A transformation
between two different formalisms is done via the pivot one. The pivot formalism
has to be very expressive to enable lossless transformation of all other formalisms
into it, especially if the system involves formalisms that are unlike each other.
It has to be extended almost every time a new formalism has been added to the
system and it tends to be biased towards one type of formalisms.

Layered Approach The third approach uses a layered architecture contain-
ing languages with increasing expressiveness [3]. There has been an attempt by
W3C to provide a standard group of languages that would be layered on top of
each other, using RDFS as the base. However other requirements on the higher
ontology languages, especially decidability of reasoning, were more significant
for their design than full backwards compatibility with RDFS. Therefore except
for OWL-Full the ontological languages do not cover RDFS completely.

Family of Languages A new approach called the Family of languages ap-
proach is proposed in [4]. It is a generalization of layered and pivot language
approach. The family of languages involves languages forming a semi-lattice
with respect to some coverage relation. The coverage relation can be defined in
a number of ways depending on the properties, which the transformation should
preserve e.g. consequence-preserving. It can be proved that the properties of the
transformation hold for all languages in the family.
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3 Ontology Transformation

3.1 Formal Definitions

Ontology Definition For the investigation of transformations we need an exact
mathematical definition of ontology that would allow us to draw conclusions
about ontology transformations. Basically, ontology content can be divided into
two basic parts: structural and procedural. The structural part is addressed far
more often, for example by the Gruber’s definition [5]. The structural part can
be divided into a set of concepts and relations between concepts. The procedural
part consists of restrictions and actions. Thus ontology is a 4-tuple:

Ontology = (Concepts, Relations, Restriction, Actions) (1)
Concepts = concept set (2)

Concept is simply a node, represented by a unique literal. To simplify merging
of concepts from different sources we use also a namespace as a part of the literal
in the same way XML does. Finally, the namespace and a name of a Concept
becomes an identification of the concept.

concept = string(or literal) (3)

In our approach, the Concepts set is defined independently of formalism.

Formalism Definition Ontology formalism is defined by the triple Relations,
Restrictions, Actions. A relation is an n-ary predicate rel(xz1, 22, ..., z,), where
x1,Z2,...,%, € Concepts. In the following text we use an abbreviation Relation/n
to express a set of relations with n arguments, for example SubclassOf/2 is a
set of relations subclassOf with two arguments:

SubclassOf /2 = {rel(x1,z2)|rel = subclassOf, x1,x9 € Concepts}  (4)

We can say a formalism is a subset of another one, if all possible ontologies
in one formalism are also valid in the other:

F, C F, — Onto(F,) C Onto(Fy) (5)

Some examples of formalism definitions are shown below.

Taxonomy:
Otawonomy = (Conceptsa SUbCZGSSOf/Qa {}7 {}) (6)

In OCML [6], like in all frame-based formalisms assignment (a specific slot
is set to a particular value) has arity 3, as it connects the definition of the slot,
the instance and the target value. Both the Slot-type-validations and Actions
are Lisp functions connected to an event (assignment of a slot value).
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OCML:

Oocmr =({c|c € Class U Instance U Slot U Literal},
SubclassOf/2U HasSlot/2 U Assignment/3U . .., (7)
Slot-type-validations, Actions)

Similar definitions can be provided for description logic based formalisms,
topic maps, lattices, and even for non-ontology formalisms like ER diagrams or
Java classes hierarchy.

3.2 Generalised Ontology Formalism

Generalised Ontology Formalism Definition The approach presented in
this paper uses a metamodel language, consisting of concepts and relations ex-
pressed by arrows between them. The most important feature is the tendency
to define an abstract language with only few symbols. Rich languages describing
many details are restricted to these details and always become obsolete in a new
situation. We decided to lower the limitations of the metamodel language in or-
der to be able to describe a wide range of possible situations. This concept does
not require extending the model language for every new supported formalism.

The idea is similar to RDF, but the relations are not concepts themselves
and have no attributes. This allows a simple representation by means of a graph.
RDF based formalisms are hard to draw — relations can be subclasses of other
relations.

The Generalised Ontology Formalism Ogor is defined as follows:

GOF ArrowSet = {—, », —4,{1,—<,—} (8)
GOF Arrows = {arrow(cy, c2)|arrow € GOF ArrowSet, c1, ¢y € Concepts}

)
Ocor = {Concepts, GOF Arrows,{},{}} (10)

Semantics of GOF relations There exist six types of GOF relations, which
are graphically expressed by arrows with six different arrow heads.

instanceOf (—o) is used for decreasing the abstractness of the concept. It cor-
responds to the is-a relation in frames.

subclassOf (—) expresses the specialisation relation between a more general
and a more specific concepts.

has-domain (—«) “domain of a property,” o —€ A means that the class A is
a domain of the o property

has-range (—J) “range of a property,” o -] .A means that any instance of a
class A is a possible value of property a.

propertyOf (—<) “an assignment of a value to an instance of a property do-
main.” The particular value(s) assigned through this assignment is defined
by the — relation (defined below). More exactly:3 —<Z4 = Ja, 3 — a A
JA, o —4 ANTy — A. 3 is a property of an instance 74

R
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has-value (—) “a particular value of a property”:
0—1Ip=3da,f—oaNIB,a{1BANIg—B.

Gates A part of the whole generalised ontology formalism design is an idea
of gates to particular formalisms. Every “gate” will provide two kinds of trans-
formation of the formalism — an exact, lossless transformation with help of a
formalism-specific ontology and a transformation to the pure GOF.

The formalism-specific ontology (FSO) is a formal description of the formal-
ism, defining terms like Class, Subproperty, Restriction, etc. A transformation
between the generalised ontology formalism with FSO and the original formalism
has to be lossless to allow transformation of an ontology to GOF and back with-
out loss of information. Formalism-specific ontologies for RDFS, OWL, OCML
and some others have been already specified [7].

There may be a requirement to express an ontology in GOF without FSO.This
may be the case of converting ontology to another formalism, where FSO does
not exist (too different formalisms).

(Un)Informed Transformation There are three types of transformation be-
tween two ontologies:
Informed Transformation There exists a mapping of the source FSO to the tar-
get one. The transformation between formalisms uses FSOs and the mapping
between them.
Informed Transformation with Mediators There exists a path of formalisms,
where for every pair of succeeding formalisms exists a mapping of FSOs.
Uninformed Transformation If there is no way, how to use FSO, the transfor-
mation to the pure GOF is performed.

The informed transformation corresponds to the mapping approach men-
tioned in the section 2, while the uninformed transformation is generally similar
to the pivot approach, but uses a simple language instead of the richest one.

Mapping Engine Each gate must be able to transform ontology in GOF to
its specific formalism — to map GOF concepts to concepts in the FSO. To sim-
plify the gate development, the framework provides a rule-based engine. Each
rule defines, which combination of the FSO concepts can exist in the GOF. An
advantage of the default engine is its ability to minimise information loss if the
GOF form is invalid with respect to the set of rules. It identifies the smallest set
of invalid relations, which are then ignored or fixed manually.

Example An example of a possible difference in capabilities of formalisms is
the subproperty available in description logic. Frames do not provide any similar
construct — it is not possible to specify a “subslot” as a subclass of a slot. Figure 1
shows an ontology with subproperty (friendOf and hates are subproperties of
knows) represented in terms of the GOF. Frame-based formalisms are not able to
handle this model directly. For this reason a transformation of the source model
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will be carried out. Several kinds of transformation have been investigated and
the most general way is shown in figure 1(b). All properties turn into direct
properties of personS. Furthermore all instances have to be changed.

/ knows
— —a
personS knoTws personT personS ——friendOf —M personT

friendOf hates hates

(a) Ontology with subproperty (b) Translated ontology

Fig. 1. Translation of ontology

Restriction Handling As stated above, the framework focuses on the struc-
tural part of the ontology. Therefore the GOF was not designed to cover com-
pletely the procedural part of the ontology such as axioms, slot facets in OCML
and restrictions in OWL. However, in ontology languages based on description
logic such as OWL and DAML~+OIL, property restrictions play an important
role in definition of classes. Therefore special attention was devoted to them.
The example below shows the representation of an OWL property restriction
in GOF. The example was taken from the Knowledge Acquisition ontology [8].
The representation in GOF using the FSO can be seen in the figure 2. The
closest representation of restriction in frame-based languages is adding a slot
with a defined default value to the class. In our example, it means adding a slot
researchInterest with default value ResearchTopic to the class Researcher.

<owl:Class rdf:about="#Researcher">
<rdfs:subClass0f><owl:Class rdf:about="#AcademicStaff"/>
</rdfs:subClass0f>
<rdfs:subClass0f>
<owl:Restriction>
<owl:onProperty rdf:resource="#researchInterest"/>
<owl:allValuesFrom><owl:Class rdf:about="#ResearchTopic"/>
</owl:allValuesFrom>
</owl:Restriction>
</rdfs:subClass0f>
</owl:Class>
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owl:onProperty

AcademicStaff ?
T ASSIGNMENT1 H researchIlnterest
Researcher —’researcher—restr
l ASSIGNMENT2  —— ResearchTopic

owl:Restriction L

owl:allValuesFrom

Fig. 2. OWL restriction model in GOF

Sumnatra GUI - project file: fhome/aubrech/Sumatra2/projects/tests/test-GOF-Ui
Project Edit Schema Tools Window About

§¥Defauit | 4 Datamining | .1 core | () Datasources §rkM | @)1

(3] ] g ol 2l i ol 2 ] .

3 FromOwl)ena
1« ToHypergraph
< ToPrefuse

ﬂ. ToProlog

3 FromOwIRdfs]er

* ToO
",, FromDAMLJena
‘i ToDAMLlena 3
3 FromBabelFish |3

Fig. 3. Ontology processing in SumatraTT

4 SumatraTT

SumatraTT [2] is a universal data processing system, developed at the De-
partment of Cybernetics, CTU in Prague. The primary purpose was to build
a modular platform for development of modules providing specific tasks. The
SumatraTT kernel is flexible enough to support problem-specific data formats.
There has been developed a translation program generating SumatraTT modules
automatically from GOF gates.

5 Results & Conclusion

The GOF provides a framework for research of ontology formalism conversion.
This formalism is used as a dictionary in the process of information migration
between different systems for both data conversion and information interchange
between knowledge systems. The relative simplicity of GOF makes it suitable for
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transformations to/from many formalisms and sharing ontologies from multiple
sources in a uniform way. It also makes it easier to perform operations on ontolo-
gies based on either equal or different formalisms such as determining differences
between ontologies, merging ontologies etc.

The the described approach has been tested on several ontologies available
including SUMO, a from the DAML site and some ontologies created during the
project CIPHER such as the historical architecture ontology. The tests focused
mainly on transformation between OWL and Apollo in both directions. The size
of ontologies varied from tens to 1434/1729 (SUMO) concepts/relations.

The structural parts of ontologies were translated successfully. There were
differences between informed and uninformed transformation; in most cases due
to different handling of operators with a higher arity in the OWL gate, see 3.2.
Moreover the informed transformation was able to preserve literal data type,
while the uninformed transformation handled it as a string.

The generalised ontology formalism is implemented as a part of a system
SumatraTT, which provides a graphical interface for the transformations.

The presented research has been supported by IST RTD project Enabling
Communities of Interest to Promote Heritage of European Regions “CIPHER”
and the research grant No. 212300013 “Decision making and control for manu-
facturing” of the Czech Ministry of Education, Youth and Sports.
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Abstract. This paper describes an original software system developed in Java
for support of information retrieval and text mining. The system is being devel-
oped as open source with the intention to provide an easy extensible, modular
framework for pre-processing, indexing and further exploration of large text
collections. In paper, overall architecture of the system is provided, followed by
three typical use case scenarios showing some possible applications of our sys-
tem.

1 Introduction

Our research and education goals in the area of text mining and information retrieval

with the emphasis of advanced knowledge technologies for the semantic web resulted

in identification of the following requirements, which software system for our pur-
poses should poses.

1. Be able to efficiently preprocess potentially large collections of text documents
with flexible set of available preprocessing techniques.

2. Particular preprocessing techniques should be well adopted for various types and
formats of text (e.g. plain text, HTML or XML).

3. Text collections in different languages were envisaged, e.g. English and Slovak,
as very different sorts of languages require significantly different approaches in
preprocessing phase.

4. Support for indexing and retrieval in these text collections (and experiments with
various extended retrieval techniques).

5. Well-designed interface to knowledge structures such as ontologies, controlled
vocabularies or WordNet.

The decision to design and implement a new tool, Java library for support of text
mining and retrieval, was based on the detailed analysis of existing free software
tools that could be used to support the abovementioned functionality requirements.

We found four different groups of tools:

- Textindexing and retrieval tools (such as e.g. Lucene 1),

- Tools for text processing (e.g. GATE 2, JavaNLP 3),

- Tools and APIs for support of the process of knowledge discovery in data-

bases (Weka 4, KDD Package 5, JDM API 6),

- Frameworks for work with ontologies (e.g. KAON 7).

Features of all groups are summarized in the following table.
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Table 1. Some existing tools related to JBOWL.

Features
Tools text NLP | vector repre- | mining | interface to | full-text
analysis | methods sentation models | ontologies | search

Lucene yes no no no no yes
KDD no no not optimized yes no no
Package
WEKA no no not optimized yes no no
JDM API no no not optimized yes no no
GATE yes yes base support | textex- yes (text no

traction | annotation)

task only
JNLP yes yes base support no no no
KAON yes no base support no yes no

Each of the group covers very well one or two from the requirements stated above,
but none of the tools is suitable for support of the other requirements and therefore
are not very well suited for text mining and semantic retrieval.

Proposed Java library for support of text mining and retrieval provides an easy ex-
tensible and easy to learn modular framework for preprocessing and indexing of large
text collections, as well as for creation and evaluation of supervised and unsupervised
text-mining models.

The rest of the paper is organized as follows. Next, section 2 presents the overall
architecture of the designed system. Sections 3, 4 and 5 provide three different sce-
narios, how the system has been exploited for different purposes. Finally, Section 6
provides a brief summary of the paper as well as some sketches of our future work.

2 Architecture

JBOWL has the same architecture like standard Java Data Mining API (JSR 73
specification 6). This architecture has three base components that may be imple-
mented as one executable or in a distributed environment.

e application programming interface (API) - The API is set of user-visible
classes and interfaces that allows access to services provided by the fext min-
ing engine (TME). An application developer using JBOWL requires knowl-
edge only of the API library, not of the other supporting components.

e text mining engine (TME) - A TME provides the infrastructure that offers a
set of text mining services to its API clients. TME can be implemented as a
local library or as a server of a client-server architecture.

¢ mining object repository (MOR) - The TME uses a mining object reposi-
tory which serves to persist text mining objects.

TME manages execution of common text mining tasks, e.g. document analyzing,
building a model, testing a model, applying a model on new data, computing statis-
tics, and importing and exporting existing mining objects from and to MOR.
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3 Text Categorisation

JBOWL provides set of common java classes and interfaces that enable integration
of various classification methods. The design of JBOWL distinguishes classification
algorithms (i.e. SVM, linear perceptron, etc.) and classification models (i.e. linear
classifier, rule based classifier 8).

Note that users have many possibilities how to implement selected algorithm. For
example, our implementation of SVM algorithm is simply wrapper around the
SVMIib library. In this way, other packages like Weka can be integrated. Algorithms
can even be implemented in different programming languages (i.e. C, C++) and inte-
grated into JBOWL with Java Native Interface.

Following subsections describe implemented classification algorithms and some
experiments that we have done in JBOWL environment.

Instance based learning - kNN

The kNN algorithm 9 is simple: given a new document, the system finds the k
nearest neighbors among the training documents, and uses the categories of the
neighbors to weight the category candidates.

Since JBOWL provide support for document vector model, implementation of
kNN algorithm was very simple. In document analyzing task user can select various
components for term frequency, inverse document frequency and normalization fac-
tor and in this way, it is possible to create document vector model with various
weighting schemes (i.e. binary, tf, tf-idf weighting).

As settings for kNN algorithm user can select distance or similarity function (for
convenience, the cosine value of two document vectors is used as a similarity func-
tion) and tresholding strategy used to binary category assignments.

One practical disadvantage of KNN classifier is that it requires large memory size
to store all training documents. Using attribute selection and instance reduction meth-
ods can reduce these disadvantages.

For attribute selection, we have evaluated combination of three JBOWL attribute
selection models, including ranking selection based on document frequency, informa-
tion gain and mutual information. For instance reduction we have adopted algorithm
called Decremental Reduction Optimalization Procedure 4 (DROP). More informa-
tion about experiments was published in 10.

SVM

The support vector machine (linear) classifier 11 attempts to find, among all the
surfaces [;, [, ... in n-dimensional document space that separate the positive from the
negative training examples, the [,, that separates the positives from the negatives by
the widest margin.

Since learning of SVM requires solving of quadratic optimization problem
JBOWL implementation is based on SVMIib library 12 that is optimized for large
sparse matrices.

Decision trees and decision rules
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A decision tree classifier 13 is a tree in which internal nodes are labeled by attrib-
utes (words), branches departing from them are labeled by tests the weight that attrib-
ute has in the test document, and leafs are labeled by categories. Decision tree catego-
rizes a test document by recursively testing for weights that the attribute labeling the
internal nodes have in document vector, until a leaf reached.

Closely related to decision trees are rule-based algorithms, where each category is
represented as a list of rules in disjunctive normal form (DNF) 13.

JBOWL implementation of decision trees learning algorithm is decomposed to at-
tribute test evaluation function, search strategy and pruning method. In this way user
can build algorithm that uses various combinations of methods for tree growing and
pruning. For example user can implement algorithm, which will use information gain
criterion for test evaluation as in C4.5 algorithm and cost-complexity pruning as in
CART.

Algorithm for rule induction is decomposed in the similar way, so user can imple-
ment base algorithms such as FOIL, or complex algorithms like RIPPER which con-
sists of growing and pruning phase of individual rule and global optimization of the
final generated rule set.

Both implementations support learning on weighted training set, so they can be
used directly as a base algorithms in boosting method.

4 Clustering of Texts

The goal of text clustering is to find some unseen categories (or clusters) in the set
of analysed documents. Unlike text categorization, text clustering is the case of unsu-
pervised learning task. JBOWL support for text clustering is based on self-organizing
map architecture 14 that is suitable for high dimensional data produced in text min-
ing. The self-organizing map method is a non-linear projection, which maps a high-
dimensional data collection to an organized two-dimensional output map. One disad-
vantage of SOM maps is their static architecture. Related to SOM is GHSOM archi-
tecture (Growing Hierarchical SOM 15) that is designed to dispose of this problem.
GHSOM grows the initial map (some rows or columns of neurons are added) and
creates hierarchy of SOMs with possibly many layers.

Implementation of GHSOM integrated to JBOWL consists of clustering algorithm
and visualization and evaluation method. We have implemented modified GHSOM
algorithm 16, which avoids some problems with growing of the map and initialisation
of the new layers. Compared to original method, modified version adds only single
neuron in the growing phase that avoids appearance of un-initialised neurons when
the whole row or column is added.

Currently output of the visualization and evaluation method is set of HTML pages
generated for each layer. For each neuron, list of characteristic content bearing terms
sorted according to their variability of occurrences in covered documents are ex-
tracted together with information about number of documents assigned to cluster 19.

The quality of the document cluster analysis depends on the text analysis task
used for document pre-processing. To improve quality of clustering analysis of
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documents in Slovak language, JBOWL provides NLP methods for morphological
and syntactical analysis 20. Implemented morphological filter assigns tokens to
grammatical categories (i.e. POS, case, number etc.) required for syntactical analysis
and transform various word forms to base form (lemmatisation). Syntactical analysis
can be used to recognize nominal phrases denoting one concept or proper name (i.e.
"artificial intelligence", "European Union"). Note that all token filters are general and
can be used for other text mining tasks.

5 Webocrat Scenario

The Webocracy! project addressed the problem of providing new types of commu-
nication flows and services from public institutions to citizens, and improving the
access of citizens to public administration services and information. The new types of
services increase the efficiency, transparency and accountability of public administra-
tion institutions and their policies toward citizens.

Within this project a WEBOCRAT system? has been designed and developed 18.
WEBOCRAT system is a Web-based system comprising Web publishing, computer-
mediated discussion, virtual communities, discussion forums, organizational memo-
ries, text data mining, and knowledge modeling. The WEBOCRAT system supports
communication and discussion, publication of documents on the Internet, browsing
and navigation, opinion polling on questions of public interest, intelligent retrieval,
analytical tool, alerting services, and convenient access to information based on indi-
vidual needs.

WEBOCRAT intelligent retrieval mechanism is built on top of JBOWL functional-
ity. Document analysis, indexing, vector representation and API for text mining have
been used as a basis. Three different text-mining tasks have been experimented for
their possible exploitation within or for the WEBOCRAT system 17. Clustering and
association rules mining are used to support development and maintenance of the
ontology. But the most important is use of fext categorisation support for semi-
automatic annotation of newly added text resources as well as for automatic routing
of users’ informal submissions to particular department.

Moreover, full-text retrieval mechanism has also been added and tightly integrated
with the concept-based retrieval. That means, if the user starts e.g. with full-text
search, in addition to the results of the full-text query he/she will get also a list of
relevant concepts and clicking to them, switch to concept-based retrieval is per-
formed.

Support for design and maintenance of the ontology

Clustering does not fit the functionality of the WEBOCRAT system, because
documents in WEBOCRAT system are primarily organized by their links to knowl-

TIST-1999-20364 Webocracy: “Web Technologies Supporting Direct Participation in Democ-
ratic Processes”
2 http://www.webocrat.sk/



Java Library for Support of Text Mining and Retrieval 167

edge model so that primarily knowledge model is used for document retrieval and
topic-oriented browsing. On the other hand, it could be useful to use techniques like
GHSOM, because of its hierarchical structure that is tailored to the actual text data
collection, as a supporting tool within the initial phase, when the knowledge model of
a local authority is being constructed. This is true in such a case when local authority
has a representative set of text documents in electronic form available for this pur-
pose. But users must be aware of the fact, that GHSOM does not produce any ontol-
ogy. It is just a hierarchical structure, where documents are organized in such a way
that documents about similar topics should be topologically close to each other, and
documents with different topics should be topologically far away from each other.
Particular node in this hierarchical structure is labeled by (stemmed) words — terms,
which occur most often in cluster of documents presented by this node. This list of
terms can provide some idea about concept(s), which can be (possibly) represented in
the designed knowledge model.

Association rules can be exploited e.g. for automatic improvements of the knowl-
edge model in the following way. When we use as input attributes for association
rules mining algorithm only concepts to which documents are linked that means that
we are looking for frequently occurring linking patterns. These patterns can be con-
fronted with the actual ontology. When e.g. the algorithm finds association between
concepts X and Y and in the ontology no relation between concepts X and Y is pre-
sented, one can expect a missing relation between them.

Support for semi-automatic annotation of documents to concepts from ontology

In the WEBOCRAT system, ontology is used as a knowledge model of the do-
main, which is composed from concepts occurring in this domain and relationships
between these concepts. Information is stored in the system in the form of mainly text
documents, which are annotated by set of concepts relevant to the document content.

One strategy for document retrieval is based on concepts. User selects interesting
concepts and asks for information related to them. The decision about document
relevance to the user query is based on a similarity between set of query concepts and
a set of concepts, which are annotated to the document.

Retrieval accuracy of concept-based model depends on the quality of documents
annotation. Annotation of the new document is the classification task (text categori-
zation task) when we need to make decision which concept (concept represents cate-
gory) is relevant to the content of the document. To achieve required quality of anno-
tation, data mining methods can be useful to guide user at annotating new document.

The system must propose relevant concepts for new document in real time, so im-
portant requirement to used algorithm is execution time efficiency. User can add or
delete some associations between new document and concepts, and these changes can
be immediately integrated into classifier. This requires ability of incremental learning.
Relevance weighting of the concepts to the new document is better than simple binary
decision. Concepts are ordered by weight of the relevance to the new document and
user can search for additional relevant concept according to this ordering.
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6 Conclusions and Future Work

In this paper a new research and educational toolkit has been described. Proposed
Java library for support of text mining and retrieval provides an easy extensible and
easy to learn modular framework for preprocessing and indexing of large text collec-
tions, as well as for creation and evaluation of supervised and unsupervised text-
mining models.

Different target user groups are expected to have interest to use this toolkit.

- Text mining researcher, who wish to develop and test new text mining meth-

ods;

- Application developers — Java programmers who wish to use text mining API

for building of WEB or GUI applications;

- Component developers — that intend to implement framework extensions or

integrate existing software with (part of) functionality of our framework;

- Students — Java knowledgeable students who have a basic understanding of

the problems that text mining can solve.

We plan to provide our system for the research community for free and we expect
the research community to use it for various experiments and extend it with new
features (coordinating these efforts with our group). Currently, we are working on the
following new modules — word sense disambiguation module; improved NLP meth-
ods for preprocessing of texts in Slovak language; vector representation of RDF
sources with fuzzy retrieval and interface to OWL ontologies.
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Abstrakt. Jednou ze zakladnich tloh vyhledévani znalosti je dolovani
castych vzort. V tomto ¢lanku popiSeme algoritmus dRAP-INDEPEN-
DENT pro nezavislé distribuované hledani maximalnich castych vzora
v logice prvniho fadu. Na multirela¢ni databazi chemickych molekul uka-
zeme, ze novy algoritmus nalezne vice delsich maximalnich vzora v krat-
$im nebo stejném case jako sekvenc¢ni algoritmus.

1 Uvod

Hledéni ¢astych vzort [1,9], tj. konjunkei podminek (literalit) platicich alesporn
pro dany pocet zaznamt z databaze, je jednou ze zakladnich tloh dolovani zna-
losti z databazi. Maximalnim c¢astym vzorem pak rozumime Casty vzor, ktery
nelze rozsiFit o dalsi literal. Casté vzory jsou pouzivany v mnoha aplikacich,
napi. pfi hledani asociac¢nich pravidel ¢i pro tvorbu novych rysti. Proto je stale
vénovano znacné usili navrhu efektivnich metod pro jejich vyhledavani, a to
jak v datech jednoduché struktury (atributové-hodnotovd nebo také propoziéni
databézi, kterd budeme déle oznacovat jako data multirelaéni). Nejvétsi duraz je
pritom kladen na snizeni vypocetni narocnosti, zejména netimérného vyuzivani
paméti, a zrychleni vypoctu pokryti testovanych vzort. Ani ty nejlepsi sekvenéni
algoritmy vSak nestaci pro zpracovani prili§ velkych dat a navic nemohou byt
piimo pouzity pro dolovani v distribuovanych databéazich (lokdlnich zdznamech
pobocek firem apod).

Pri dolovani v datech slozité struktury, napf. v chemickych molekulach, fe-
tézcich DNA ¢i v textu, se pak Casto setkdvame s problémem, Ze nejsme schopni
v rozumném c¢ase zpracovat ani pomérné mald data. Nejznaméjsi systém pro
hledani ¢astych vzord v multirela¢nich datech WARMR [6], neni mozné efektivné
pouzit pro hledani dlouhych, pfipadné maximéalnich vzort v hustych datech,
prestoZe je zaloZen na algoritmu Apriori [3] a vyuziva fadu vylepSeni. Nékteré
nedostatky WARMRu se snazi pieklenout systém FARMR [10] a také systém RAP
[4], ktery jsme navrhli a implementovali v nasi pfedchozi préci. Zpracovani velmi
rozsdhlych dat vSsak muze byt stale prilis naroéné, protoze oba uvedené systémy,
mohou vyderpat dostupnou pamét ¢i ¢as vyhrazeny pro vypocet.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 170-177, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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Pozornost je proto v soucasnosti vénovana navrhu technik pro distribuo-
vané hledani castych vzori. V tomto ¢lanku popiseme prvni verzi systému RAP
pro nezavislé distribuované hledani maximélnich ¢astych vzort v logice prvniho
fadu. Distribuovanym systémem pfitom budeme rozumét paralelni systém bez
sdilenych prostiedkt (paméti, shérnice apod.).

2 Distribuované hledani castych vzoru

Pro distribuované hledani castych vzort v propozi¢nich datech jiz byla vyvinuta
celd fada systému (viz studie [8]). Uvedeme proto pouze kratky prehled zéklad-
nich metod a podrobnéji popiSeme pouze algoritmus Partition [11], ze kterého
jsme vychézeli pfi ndvrhu systému dRAP. Krétce se zminime také o systému Po-
lyFARM [5], ktery je jako jediny z distribuovanych systému schopny zpracovavat
multirelacni data.

Systémy lze rozdelit do ne€kolika kategorii podle toho zda distribuuji data,
prostor hypotéz, nebo oboji. Dilezitou roli hraje také zpisob komunikace uzlt
béhem vypoctu. Systémy, jejichz uzly nekomunikuji viibec, vétsinou dosahuji
velmi dobrych vysledkti. Je vSak velmi tézké rovnomeérné rozdélit praci mezi
jednotlivé uzly. Castéji se proto vyvazuje zatéz béhem vypoctu zasilanim zprav
jednotlivych uzlim.

Pfi analyze sekvencnich algoritmil zjistime, Ze ¢asové nejnarocnéjsi ¢ast vy-
poctu spociva v testovani kandidatnich vzor na datech, tedy vypoctu pokryti.
Pokryti, nebo také podporu vzoru () na databazi r definujeme jako pocet za-
znamu z r spliiujicich podminku danou vzorem ). Dale budeme pouzivat znaceni
freq(@Q,r).

Problém lze fesit distribuovanim dat, jako napf. v algoritmu Count Distri-
bution (CD) [2], ktery je také zaloZen na algoritmu Apriori [3]. V n-tém kroku
jsou vytvoreny kandidatni vzory délky n, které jsou rozeslany vsem vypocet-
nim uzlam. Ty spocitaji pokryti na svém vzorku dat a vysledek vrati ridicimu
uzlu, ktery vybere casté vzory a pokracuje ve vypoctu. Protoze vSak kazdy uzel
udrzuje v paméti vSechny kandidatni vzory, mize dojit k vycerpani paméti.

Tento problém se snazi fesit techniky pro distribuovani prostoru feseni. Kazdy
uzel ma kompletni data, avsak testuje na nich pouze ¢ast mnoziny kandidatnich
vzori. Rovnomérné rozdéleni zamezi vycerpani paméti a fesi tedy problém, se
kterym se potyka rada sekvencnich, ale také distribuovanych algoritmu zaloze-
nych na horizontalnim déleni dat. Vyvazovani prace je vSak velmi narocné a
¢asto jej nelze realizovat efektivné. Zastupcem téchto algoritmu je napi. Intelli-
gent Data Distribution (IDD) [7].

Vihody obou uvedenych piistupti kombinuji tzv. hybridni systémy. Pti vy-
poctu dochazi jak k déleni dat mezi uzly, tak k paralelnimu zpracovani mnoziny
kandidatt. Tento pfistup je pouzit napf. v algoritmu Hybrid Distribution (HD)
[7], ktery pridéli stejny vzorek dat skupiné uzlii. Mezi nimi jsou poté distribuo-
vany kandidatni vzory.

Algoritmus Partition. Algoritmus Partition [11] je uréen pro vyhleddvéni
v8ech CGastych vzorti v horizontalné fragmentovanych datech. Kazdému uzlu (7),
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podilejicimu se na vypoétu, je pfifazena ¢ast databdze (r;). Nasledné je na uzlu
a fragmentu databaze spustén néktery sekvencni algoritmus pro nalezeni vSech
¢astych vzoru s prahem miniméalniho pokryti nastavenym na hodnotu min freg;,
vypodéitanou na zdkladé poétu zdznamu (|r;|) ve vzorku i a v celé databazi (|r|)
tak, ze

4|

x|

Po skonceni vypoctu jednotlivych uzli jsou shromazdény vSechny nalezené lo-
kalné casté vzory a je spocitano jejich pokryti na celé databazi. Zakladni mys-
lenka, na které je algoritmus postaven, spoc¢iva v tom, ze kazdy ¢asty vzor musi
byt lokalné Casty alespoil na jednom vypocetnim uzlu. Vyhodou algoritmu je
pak zejména to, ze nevyzaduje zadnou komunikaci béhem prvni faze vypoctu.

minfreq; = minfreq -

PolyFARM. Pro distribuované dolovéani ¢astych vzort v horizontalné fragmen-
tovanych multirela¢nich datech byl prvnim a dosud jedinym systémem Poly-
FARM! [5]. Je zaloZen na algoritmu Count Distribution, jeho struktura je vSak
modularni. Vypocet probihd ve tfech fazich, které jsou feSeny samostatnymi
moduly. Kandidatni vzory jsou vytvareny modulem Farmer, vypocet pokryti
na vzorku dat fesi modul Worker a modul Merger slucuje informace o pokryti
od jednotlivych uzli a néasledné predava nalezené vzory zpét modulu Farmer.
Zajimavosti je pak zejména to, Ze cely systém je napsén ve funkciondlnim pro-
gramovacim jazyce Haskell, pfi¢emz data a nalezené vzory jsou zapsany v jazyce
logiky prvniho fadu.

3 Distribuovany RAP

V nasi pfedchozi praci [4] jsme navrhli a implementovali RAP, systém pro hledani
prvofadovych maximélnich ¢astych vzort v multirelaénich datech. RAP vyuziva
nékolik metod prohledavani, poskytuje nékolik heuristik pro vybér vzort z mno-
ziny vSech kandidatd a metod profezavani stavového prostoru. Zamérili jsme
se na TeSeni problému spojenych s ¢asovou naro¢nosti vypoc¢tu pokryti vzoru
a navrhli algoritmus dRAP-INDEPENDENT pro vyhleddvani maximalnich vzort
v distribuovanych datech.

3.1 Algoritmus dRAP-Independent

Vypocet tohoto algoritmu sestava ze tii krokt. Prvni krok vypoctu — rozdéleni
databaze — a druhy krok — vyhledani lokalné ¢astych vzoru — pritom vyzaduje
jen velmi malé tipravy oproti algoritmu Partition. K nalezeni kone¢né mnoziny
globalné maximalnich ¢astych vzord, treti krok vypoctu, vSak pouzit algoritmus
Partition nelze. Kazdy nalezeny vzor je sice Casty vzhledem k celé databazi,
nemusi ale nutné byt maximalni. Naopak vzory, které byly sice lokalné casté, ale
nejsou Casté globalné, je nutné nejprve zobecnit a posléze zpracovat stejné jako

! nttp://www.aber.ac.uk/compsci/Research/bio/dss/polyfarm/
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ostatni lokdlné ¢asté maximalni vzory (specializovat). Algoritmus dRAP-INDE-
PENDENT tedy vypada nésledovné.

Algoritmus: dRAP-INDEPENDENT

Vstup: Databaze r, prah minimalniho pokryti minfreq a pocet vypocetnich uzlia n
Vystup: mnozina globalné maximéalnich ¢astych vzorat GFMP

1: rozdél databézi r na n éasti (r1,...,r,)

2: fori=1ton do

3:  na uzlu i spust RAP se vstupem r; a minfreq;
4: end for

5: for kazdy nalezeny lokalné casty maximalni vzor (Q do
6: while freq(Q,r) < minfreq do

7 zobecni Q

8: end while

9: if Q ¢ GFMP then

10: vytvof RAPem specializaci Qs vzoru @

11: pridej specializaci Qs do GFMP

12:  end if

13: end for

Zbytek této podkapitoly vénujeme bliz§imu popisu jednotlivych fazi vypoctu.
Nastinime také mozna zlepSeni a dalsi sméry vyvoje.

Déleni dat. Déleni multirela¢ni databaze neni trividlni. Kazdy ptiklad totiz
mize byt definovin pomoci mnoha faktd z riznych tabulek. Situaci pak na-
vic stézuje pouziti doménové znalosti. Fragmentovani se proto c¢asto provadi
pouze na mnoziné jednoznac¢nych identifikatora prikladt. Identifikdtorem muze
byt napt. primarni kli¢, jedna-li se o RDBS. Nevyhodou je pak to, Ze systém
nacita i data, ktera k vypoctu nepotiebuje.

Stéavajici verze algoritmu dRAP-INDEPENDENT vyuziva pravé tento pristup.

Ptiklady jsou jednotlivym uzltim pfidé€lovany nahodné, pricemz je ve vSech ¢éas-
tech zachovan stejny pomeér tiid jako na datech ptivodnich. To vsak znemoziuje
rozumné vyvazovat praci mezi uzly. Lze totiz vytvorit vzorek ptilis 7idkych nebo
naopak hustych dat, tj. dat, ve kterych lze vyhledat malo resp. velmi mnoho
dlouhych éastych vzorti. ReSeni problému s vyvazovanim zatéze je jednim z cili
nasi dalsi prace.
Lokalné ¢asté maximalni vzory. K hlavnim vyhodam modelu nezéavislého
pocitani patii moznost pouziti libovolného systému pro vypocet lokalné ¢astych
vzoru. Stavajici verze algoritmu vyuziva této vlastnosti a druhy krok vypoctu
realizuje sekvenc¢ni verzi systému RAP.

Globalné ¢asté maximalni vzory. Zpracovani nalezenych lokalné ¢astych ma-
ximélnich vzori je stézejnim krokem vypoctu algoritmu dRAP-INDEPENDENT.
Nejprve jsou zobecnény vzory, které nejsou lokalné casté. Poté jsou sekvencni
verzi algoritmu RAP nalezeny jejich specializace. Z kazdého vstupniho vzoru je
pfitom vytvofen pravé jeden vzor maximalni.

Cely proces je ve stavajici verzi vykonavan na jednom vypocetnim uzlu. Proto
je zvlasté druha cast, specializace vzorti, pomérné ¢asové narocna. Cilem dalsi
préce je proto distribuovat také tuto fazi vypoctu.
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3.2 Rizeni vypoétu

Pfi nevhodném rozdéleni dat se miize stat, ze vypocet celého systému uvazne pii
¢ekani na jediny uzel, zatimco ostatni jiz svij béh ukoncily. Tento jev nastava
v pripadé kdy jeden uzel zpracovava prilis hustd data a musi generovat ptilis
dlouhé vzory. P¥itom nalezené maximalni vzory vétsinou nebyvaji globalné casté.

Algoritmus dRAP-INDEPENDENT feSi tyto problémy pomoci uzivatelem defi-
novanych omezeni, jako jsou maximalni pocet hledanych vzord, maximalni délka
vzorll, ¢asové omezeni pro vyhledavani lokalné ¢astych maximalnich vzord a mi-
nimalni pocet pracujicich uzli. Pro uzivatele je pak zajimava zvlasté posledni
hodnota, kterou miize ¥ici, ze pokud jiz vypocet probiha na mensim poctu uzli,
nez je stanoveny prah, ma byt cely vypocet ukoncen. Experimentalné jsme oveé-
fili, ze nasilné ukonceni ve vétsiné pripadil zamezi vytvareni prilis dlouhych
vzorl, které nejsou globalné casté.

4 Experimenty

Algoritmus dRAP-INDEPENDENT jsme testovali na databézi chemickjch slouce-
nin Mutagenesis [12]. Experimenty jsme provadéli na 2, 4, 8 a 16 vypodetnich
uzlech vybavenych procesory AMD Athlon™XP 1600+ a 512 MB operaé¢ni
pameéti. Testovali jsme také vliv dodateénych omezeni, konkrétné nastaveni ma-
ximalniho ¢asu pro vyhledavani lokalné castych maximalnich vzort. Hodnotu
jsme pritom volili jako 10, 20, ..., 100 % ¢asu spotfebovaného sekvenénim algo-
ritmem, kterou jsme ziskali spusténim sekvenéniho RAPu na celych datech.

Pro méfeni vykonu systému jsem pouzili miru, kterd zohledniuje nejen cas
vypoctu, ale také pocet nalezenych vzoru a je definovana jako

ts cq
td Cs’

kde t, je cas sekvencniho algoritmu t4 ¢as distribuovaného algoritmu a hodnoty ¢,
a cqg udavaji pocet maximalnich vzort nalezenych sekven¢nim a distribuovanym
algoritmem.

Sledovali jsme zrychleni druhého kroku vypoétu (vyhledavani lokalné Gastych
maximalnich vzori) a celého algoritmu dRAP-INDEPENDENT. Zkoumali jsme
také, jaké vzory jsou distribuovanym algoritmem nalezeny, zejména jejich délku,
strukturu, ¢i chovani hodnoty heuristické miry na celych a rozdélenych datech.

Analyza dat Mutagenesis. Pro dolovani jsme vyuzili doménovou znalost B,
[12], kterd obsahuje informace o atomech, vazbach mezi atomy, seznam sloZi-
t&jsich struktur (benzenové kruhy a podobné) a hodnoty LogP a erypo. Préh
miniméalni frekvence byl nastaven na hodnotu 25 % (tj. 43 molekul ze 169), pro-
stor feseni byl prochazen heuristickym prohledédvanim a profezavany byly ty
vzory, které byly prefixem néjakého jiz nalezeného vzoru. Spojité hodnoty byly
diskretizovany do tii novych podintervala.

Sekvenéni algoritmus RAP v celych datech nalezl celkem devét maximalnich
vzori (3 délky 4, 5 délky 5 a 1 dlouhy 7 literdli). K tomu bylo potieba 155
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krat diskretizovat spojité hodnoty, coZ spotfebovalo zhruba 20 % celkového casu.
Celych 76 % casu spotieboval vypocet heuristiky pro vybér kandidatnich vzori,

Tabulka 1. Vysledky experiment pro osm vypocetnich uzla.

Predcasné Pocet vzoru Zrychleni
Limit | ukonéeno |LFMP GFMPc GFFPc GFMP |gLFMP gGFMP
10% 8 30 16 (13) 6 1 18 6.7
20 % 8 43 24 (20) 7 1 13 44
30 % 8 54 29 (25) 9 1 11 3.1
40-50 % 6 62 32 (27) 11 1 9-7  2.9-28
60-100 % 2 73 35(29) 12 1 6-4  2.6-2.2

jejichz vytvéareni zabralo pouhd 2% casu. Provedeni zbyljch krokt vypoctu,
nacitani dat a testovani zda je vzor znamy, nebo neni c¢asty, zabralo pfiblizné
1.2 % celkového ¢asu. Vypocet trval piiblizné 53 sekund.

Tabulka 1 obsahuje srovnéani vysledk dosazenych pfi provadéni vypocétu na
osmi uzlech. Na kazdém tadku je uvedeno, na kolika uzlech bylo pred¢asné ukon-
¢eno hledani lokdlné maximalnich vzort a pocet vSech lokdlné (LFMP) a glo-
bélné (GFMPc) castych vzorti (v zavorce je uvedeno kolik vzori bylo zaroven
globélné maximalnich). Zobectiovanim bylo vytvofeno GFFPc novych kandidat-

RAP (GMFPc) RAP (GMFP)
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Obr. 1. Zavislost miry zrychleni s na hodnoté omezeni ¢asu vypoctu.

nich vzort. Hodnota GFMP udéava pocet shodnych vzort nalezenych sekvenc-
nim i distribuovanym systémem. Pouze jeden spole¢ny vzor pak byl nalezen
vlivem diskretizace spojitych hodnot. Miru zrychleni vytvareni lokalné maxi-
malnich vzorl a celého vypoctu zobrazuji hodnoty gLFMP a gGFMP.
Rozdéleni dat vede k rychlej$imu nalezeni vétsiho poétu vzort jiz pro 10 %
limit. Nalezenych GFMPc vzori je téméf dvakrat vice nez pri sekvenénim hle-
dani. To odpovida osmnéactindsobnému zrychleni prvni faze vypoctu. Zrychleni
kleséa s rostoucim casovym limitem. To je zptisobeno pouzitym profezavanim a
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vytvafenim delSich vzort (8 literal). Zavislost gLFMP a gGFMP na pfidéle-
ném case pro vSechny experimenty zobrazuji grafy na obrazku 1. Relativné malé

-- LFMP -- 8 nodes -- -- GFMP -- 8 nodes --

350 - serial -----
loading
300 gen. refinements
discretizing
250 F selecting ref.
chek. infreq
200 | chck. known
comp. coverage

all

150 -

FT T e REEEE CEEERE CEEEE FEEEE

50

10 20 30 40 50 60 70 80 90 100 no
node id limit (%)

Obr. 2. Cas spotfebovany jednotlivymi kroky algoritmu RAP pii vyhledavani lok4lné
¢astych maximalnich vzori na osmi vypocetnich uzlech (levy graf) a specializaci vzora
nalezenych v daném ¢ase (vpravo).

zrychleni celého vypoctu je disledkem sekvenéni specializace nalezenych vzori.
V dalsi verzi systému bude také tento krok pocitan distribuované.

Levy graf na obr. 2 zobrazuje relativni ¢as (poéitano vzhledem k hodnotam
naméfenym pii sekvenénim vypoctu) jednotlivych krokii pfi vyhledavani lokalné
¢astych maximélnich vzord na osmi vypocetnich uzlech bez omezeni vypocetniho
casu. Vidime, ze nejnarocnéjsi kroky jsou provedeny podstatné rychleji a také to,
Ze osmému uzlu byla pfifazena velmi husta data. S rostouci hodnotou pridéleného
¢asu, potazmo poctu lokalné castych vzori, pak roste také doba specializovani.
Tato faze pak trva stejné dlouho jako sekvenéni vypocet, coz je vSak Casteéné
zpusobeno zpracovanim del$ich vzori.

Vysledky Ize tedy shrnout tak, Ze pro vyssi pocet vypocetnich uzli a pomérné
striktni omezeni ¢asu vyhledavani lokalné ¢astych maximalnich vzord, dosahuje
stéavajici verze algoritmu dRAP-INDEPENDENT nejlepsich vysledki.

5 Zavér

Prezentovali jsme dRAP-INDEPENDENT, prvni systém pro distribuované hledani
maximalnich vzord v multirelac¢nich horizontalné fragmentovanych datech. Na
testovaci databazi jsme ukazali, Ze distribuované vyhledavani vede k rychlejsimu
nalezeni vétsiho poctu delsich maximalnich vzort.

V dalsi praci se chceme zabyvat odstranénim nedostatkii navrzeného algo-
ritmu, zejména neefektivniho sekvencéniho specializovani vzorti. Planujeme do
systému implementovat metody vyuzivajici komunikaci pro fizeni vypoctu a
metody pro efektivni déleni prostoru dat i kandidati. Systém budeme testovat
na dalsich datech, zejména na datech z oblasti zpracovani prirozeného jazyka ¢i
biologie.



dRAP: Distribuované hledani prvoradovych maximalnich ¢astych vzoru 177

Podékovani. Rad bych podékoval anonymnim recenzenttim a L. Popelinskému
za cenné piipominky. Tato prace byla ¢aste¢né podporovana z grantfit MSMT
143300003 a 0021622418.

Reference

1. Agrawal R., Imielinski T., and Swami A. N. Mining association rules between
sets of items in large databases. Proc. of the 1993 ACM SIGMOD Int. Conf. on
Management of Data, Washington, D.C.,, pp. 207-216. ACM Press, 1993.

2. Agrawal R. and Shafer J. C. Parallel mining of association rules. IEEE Transacti-
ons on Knowledge and Data Engineering, 8(6):962-969, 1996.

3. Agrawal R. and Srikant R. Fast algorithms for mining association rules in large
databases. Proc. of 20th Int. Conf. on Very Large Data Bases, pp. 487-499. Morgan
Kaufmann, 1994.

4. Blaték J. and Popelinsky L. Mining first-order maximal frequent patterns. Neural
Network World, 5:381-390, UIVT AV CR, 2004.

5. Clare A. and King R. D. Data mining the yeast genome in a lazy functional
language. Proc. of the 5th Int. Symposium on Practical Aspects of Declarative
Languages, pp. 19-36. Springer-Verlag, 2003.

6. Dehaspe L. and Toivonen H. Discovery of Relational Association Rules. Relational
Data Mining, pp. 189-212. Springer-Verlag, 2001.

7. Han E.-H., Karypis G., and Kumar V. Scalable parallel data mining for association
rules. Proc. ACM SIGMOD Int. Conf. on Management of Data, pp. 277-288. ACM
Press, 1997.

8. Joshi M. V., Han E.-H., Karypis G., and Kumar V. Efficient parallel algorithms
for mining associations. Large-Scale Parallel Data Mining, pp. 83-126, 1999.

9. Mannila H. and Toivonen H. An algorithm for finding all interesting sentences.
Proc. of the 6th Internation Conf. on Database Theory, pp. 215-229, 1996.

10. Nijssen S. and Kok J. N. Efficient frequent query discovery in farmer. 7th European
Conf. on Principles and Practice of Knowledge Discovery in Databases, pp. 350—
362. Springer, 2003.

11. Savasere A., Omiecinski E., and Navathe S. B. An efficient algorithm for mining
association rules in large databases. The VLDB Journal, pp. 432-444, 1995.

12. Srinivasan A., Muggleton S., King R., and Sternberg M. Theories for mutagenecity:
A study of first-order and feature based induciton. Technical report, PRG-TR-8-95
Oxford University Computing Laboratory, 1995.

Annotation:
dRAP: Distributed mining first-order mazimal frequent patterns

Frequent pattern discovery is one of the most important data mining tasks. In
this paper we describe dRAP-INDEPENDENT, algorithm for independent distri-
buted maximal frequent pattern mining in first-order logic. We show that the
new algorithm finds more and longer maximal frequent patterns in the same
time as the serial RAP algorithm in the database of chemical compounds.
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Abstrakt. Prispevok sa zaobera vizualizdciou ontologie v systémoch
vyuzivajlcich znalostné modely. Prezentuje sa sposob zjednodusenia vniitornej
Struktury ontoldgie, ktory dovoluje pomocou ontologickych sieti Struktirovat,
archivovat,, usporaduvat a vyhladavat' informacie vo vzidjomnom kontexte,
pritom vsak pre pouzivatel'a transparentne a zrozumitel'ne. V prispevku su tiez
predstavené mechanizmy jazykovej analyzy textu, sliziace ako podporné
nastroje pre budovanie a spravu doménového modelu, t.j. na abstrahovanie
znalosti z textovych dokumentov. Tento pristup je demonstrovany na priklade
konkrétneho webovského systému na publikovanie a inteligentné vyhl'adavanie
informacii, vyvijaného na zaklade vysledkov medzinarodnych projektov
KnowWeb ESPRIT No. 29065 a Webocracy IST-1999-20364.

KPacové slova: ontologia, manazment znalosti, doménovy model, jazykova
analyza, konceptualizacia

1 Uvod

Pouzivanie znalostnych technolégii v informacnych systémoch, napriek nespornym
vyhodam explicitnej reprezentacie znalosti, stdle nedosahuje moznosti a potencial,
ktory tieto technoldgie ponukaju. Vyhodou znalostnych systémov je najmé oddelenie
Struktary udajov od ich informaéného obsahu, poskytovanie informacii v kontexte,
presnositelnost’ a zdiel'anie informacii, nezavislost’ na pevnej architektire databazy ¢i
iného spdsobu ulozenia udajov. Z hladiska pristupu k informaciam je velkou
vyhodou odvodzovanie, ¢ize tvorba kvalitativne novych sémantickych suvislosti a ich
vyuzitie na ziskanie kontextovo prepojenych informacii podl'a ich obsahu.

Napriek tomu uplatnenie znalostnych technologii v praxi zaostava za svojimi
moznostami. Jednym z dovodov je zlozitost a narocnost tvorby znalostnych
modelov, vyzadujica si podrobnii analyzu doménovej oblasti a zdihavi &innost
experta, znalostného inziniera. Naro¢né s aj procesy konceptualizacie, prepojenia
doménového modelu s informaénym obsahom, najmd vzhladom na konzistenciu
konceptualnych popisov. Zmeny doménového modelu, vyzadované zvéacSa prave
pocas konceptualizcie, tiez vyzaduji zasah znalostného inziniera. Sumarizujic
uvedené, problémom pri nasadeni znalostnych technologii v praxi je tvorba
a administracia doménového modelu, dovodom je najmd zlozitost’ Struktar
znalostného modelu, jeho mala transparentnost’ a zrozumitel'nost’ pre pouzivatelov.

V prispevku predstavime sposoby, ktoré by mohli ¢iastoéne odstranit’ problémy
spojené s komplexnostou znalostného modelu, ktoré by sti¢asne ¢o najviac zachovali

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 178-185, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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povodné vyhody, najméd nezavislost' idajov od informa¢ného obsahu a schopnost’
odvodzovat’ nové fakty. Modelovym prikladom bude webovsky informacny
a publika¢ny systém, obsahujici informacie vo forme textovych a multimedialnych
dokumentov. Na reprezentaciu sémantického kontextu dokumentov bude sluzit
formalizmus ontologie, pomocou ktorého je vytvoreny znalostny doménovy model.

2 Tvorba a administracia doménového modelu

Ontologie su vd’aka flexibilite a vysokej vyjadrovacej schopnosti [1] v sucasnosti
popularnym, tspesnym a efektivnym nastrojom na modelovanie znalosti. Vytvaraji
vhodnu platformu pre jednoznac¢nu sémanticku reprezentaciu pojmov a vztahov danej
oblasti (domény), umoziuji zdielanie, znovupouzitelnost a modifikovatelnost’
doménovych znalosti. Zakladné jednotky ontoldgie, tzv. koncepty (resp. pojmy), st
abstraktné konstrukty, pomocou ktorych sa buduje model relevantnej Casti sveta.
Rozoznava sa viacero typov konceptov: triedy, reldacie, funkcie, procedury, objekty,
premenné, konstanty, a iné. Tvoria zvicSa zloziti sietova Struktiru — doménovy
model danej problémovej oblasti. Proces tvorby doménového modelu sa oznacuje ako
pojmové, resp. doménové modelovanie. Vzhl'adom na rozsah a zlozitost’ vysledného
modelu v redlnych podmienkach tento proces nie je trividlnou ulohou. Zlozitost’ sa da
znizit' napriklad redukciou typov konceptov a definiciou dodatocnych ohraniceni
spresiiujicich pomerne volnu Strukturu vSeobecnej ontoldgie. Moznosti ohranicenia
ontoldgie pomocou objektového pristupu sme v rokoch 1999-2001 skiimali a testovali
pri navrhu, vyvoji aimplementacii systému KnowWeb — systému na modelovanie
znalosti a na podporu rozhodovania v organizacii [5]. Tento systém bol vysledkom
medzinarodného projektu Web in Support of Knowledge Management in Company ,
ESPRIT Project No. 29065 (http:/knowweb.fei.tuke.sk). Ohranicenia sa riadili
poziadavkami priemyselnych partnerov zucastnenych na projekte [4]. Testovanie
v realnych podmienkach ukézalo, Ze navrhnuté obmedzenia nemaju vyrazny vplyv
na vyjadrovaciu schopnost’ ontologie, rozhodujicou mierou vSak prispievaji
k jednoduchsiemu a pouzivatel'sky akceptovateInému procesu tvorby a administracie
doménovych modelov [4]. Boli prijaté nasledujtice ohranicenia:
- Struktara ontologie bude strom, a nie siet. Kazdy uzol (koncept) bude teda

mat’ maximalne jeden rodi¢ovsky uzol.

Typy konceptov: a) Instancie, konkrétne objekty, b) Triedy, abstraktné

pojmy. InStancia musi mat’ prave jednu rodiCovsku triedu, zdrovenn nesmie

byt rodi¢om iného uzla.

Typy relacii: a) orientovana relécia ,,Subclass_of* medzi dvoma triedami, b)

orientovana relacia ,,/nstance_of* medzi triedou a inStanciou.

Uzly (koncepty) mozu byt ohodnotené jednym alebo viacerymi atributmi —

udajovymi Struktirami odvodenymi od existujucich tried a inStancii

a dedenymi v hierarchii ontologie.
Tieto ,,striktne objektové” pravidla boli doplnené o nasledujice:

Existuje pat’ elementarnych tried. St to {retazec, cislo, datum, cas, mena}.

Atribut, ktorého typ je elementdrny, ma hodnotu zodpovedajucu tomuto

elementarnemu typu.
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Syst¢ém KnowWeb bol pokusne nasadeny a testovany v prostredi komer¢nych
organizacii a univerzit na Slovensku, vo Finsku a vo Velkej Britanii. Z vysledkov
testov je zrejmé, Ze zvoleny pristup je sl'ubny a rieSenie je prinosom pre riadenie
a monitorovanie informacnych tokov v za¢astnenych organizaciach [6].

3 Pouzivatel'ské rozhranie a konceptualizacia

Pouzitie zjednoduSeného modelu ontologie vo webovskom publika¢nom systéme
ukazalo nevyhnutnost’ d’alsich modifikacii, a to najméd smerom k prehl'adnému a pre
pouZzivatel'a transparentnému rieSeniu administratorského a publikaéného rozhrania.
Systém, ktory sme v uvode definovali ako modelovy priklad tohoto prispevku, totiz
kladie d’alSie poziadavky na moZznosti a spésob modifikacie doménového modelu:
jednoduchost’ a zrozumitelnost rozhrania, transparentnost administratorskych
zasahov, transformacia zmien v znalostnom modeli do webovského rozhrania, a iné.
Tieto poziadavky postupne vyplynuli z pouzitia zjednoduseného modelu ontologie
v systéme Webocrat, vyvijanom v rokoch 2000-2003 v ramci projektu Webocracy
IST-1999-20364 (Web in Supporting Participation in Democratic Processes). Tento
systém, primarne urceny pre oblast’ elektronickej verejnej spravy (eGovernment),
poskytuje obcanom cez WWW rozhranie integrované dynamické sluzby — diskusie,
hlasovania a prieskumy verejnej mienky, inteligentny pristup k dolezitym
dokumentom, podporu verejného obstaravania, portdl na odosielanie r6znych podani,
a podobne. Integrujucim prvkom pre tieto sluzby je ontologicky znalostny model
uradu verejnej spravy [8]. Tento model tvori reprezentaciu sémantického kontextu
publikovanych dokumentov a objektov, ¢im vlastne vytvara Struktiru WWW stranky
— definuje Strukturu menu a siet’ hypertextovych liniek spajajicich publikované
dokumenty. Podiel'a sa aj na procese inteligentného ziskavania informacii, kde sa
fulltextové vyhl'adavanie kombinuje s konceptualnym vyhl'adavanim.

Informacie publikuju zamestnanci organizacie v pridelenej Casti web priestoru
pomocou Specializovaného rozhrania so zabezpeCenym pristupom podla
pouzivatel'skych skupin. Publikovat’ dokument pritom znamena nielen napisat’ text,
ale aj zaradit’ ho do $truktiry stranky, ¢ize nalinkovat’ ho na pojmy modelu. Pri tomto
procese je Casto potrebné modifikovat' samotny model — zmenit’ ¢i vytvorit' nové
koncepty, atributy a relacie. Publikujuci zamestnanci vSak nie si znalostni inZinieri,
preto sposob konceptualizacie a upravy doménového modelu musi zodpovedat’ ich
schopnostiam a potrebam. Rozhodne nie je mozné pouzit Standardné nastroje na
tvorbu ontologii, nevyhovujuce prilisSnou zlozitostou. Publikacny ndstroj nema
vyzadovat’ $pecialne znalosti, konceptualizacia ma byt jednoducha, transparentnd a
podl'a moznosti aj CiastoCne automatizovana, aby zmeny doménového modelu bolo
mozné vykonavat intuitivne a aby sa tieto zmeny hned’ prejavili na Struktire stranky.

Z tychto praktickych poziadaviek vyplyva potreba d’alSej modifikacie Struktiry
ontologie, a to najmd vzhl'adom na skutocnost, ze doménovy model (respektive jeho
cast)) definuje vlastnii povrchovu §truktiru a organizaciu WWW stranky. Naviac sa
ukazalo nevyhnutné upravit’ ontologiu tak, Ze sa nerozliSuju typy konceptov, teda ze
triedy a insStancie v koneCnom doésledku splyvaju do jedného typu abstraktného
konceptu (ktory ma v skutocnosti vlastnosti triedy).
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K ohrani¢eniam z predchadzajicej Casti pribudli tieto spresnenia:
Bude existovat’ uzol (koncept) iba jedného typu, a to typu Trieda.
Korenovy uzol celej ontologie je abstraktny, nepouziva sa na konceptudlny
popis, sliZi iba na prepojenie tzv. vnutornej a tzv. vonkajsej vetvy ontologie.
Prvl Groven tvoria prave dva uzly (koncepty): a) koreit vniitornej vetvy,
b) koreni vonkajsej vetvy ontoldgie.
Vonkajsia vetva ontologie je objektovou a udajovou reprezenticiou
stromovej Struktuory WWW stranky. Koncepty vonkajsej vetvy maju povinné
atribiity {ndzov, popis, text}, zodpovedajuce priamo vizualizacii tychto
konceptov ako poloziek menu vo WWW stranke.
Vnutorna vetva ontologie tvori samotnil znalostnl bazu systému. Slizi
na tvorbu konceptualneho popisu asociovanych dokumentov, av§ak zaroven
aj na konceptualny popis uzlov vonkajsej vrstvy.

Dokumenty a dynamické objekty WWW stranky nie su sucastou znalostného
modelu, ich obsah je vSak sémanticky ohodnoteny konceptudlnym popisom pojmov
vnutornej aj vonkajsej vetvy. Symetrické vizby (linky) dokumentov s konceptami
vonkajsej vetvy, tzv. asocidcie, sa premietaju priamo do Struktury stranky. Maju preto
vyssiu prioritu ako vézby s konceptami vnutornej vetvy. Celd Struktara vnitornej
organizacie ontoldgie, dokumentov a objektov v systéme je zobrazena na obrazku 1.

hierarchia menu
A WWW stranky

Konceptudalny popis

dokumentov a objektov Dokumenty a objekty

WWW stranky

Obr. 1. Struktira ontologie a asociaénych vzt'ahov.

Z pouzivatel'ského hladiska kompetentni zamestnanci vykonavaju pomocou
$pecializovaného administratorského nastroja nasledujtce akcie:

Tvoria a modifikuju Struktiuru menu WWW stranky. Kazda polozka menu ma
nazov, strucny popis a samotny HTML text. Jej reprezentaciou je uzol vo vonkajsej
vetve ontologie, avSak pre pouZzivatelov je proces vytvarania a zmeny tychto uzlov
transparentny a okamzite sa premieta do grafickej, vizualnej formy WWW stranky.

Vkladaju do systéemu dokumenty a dynamické objekty a asociuju ich s polozkami
menu. Systém dovoluje publikovat’ siibory rdéznych formatov, diskusie, hlasovania,
novinky, Casovo ohrani¢ené udalosti, textové HTML dokumenty a dalSie
$pecializované objekty. Jeden objekt alebo dokument moéze byt asociovany
s viacerymi (pripadne so ziadnym, alebo aj so vSetkymi) polozkami menu.
Administratorsky nastroj ponukne cely strom menu, v ktorom pouZzivatel' oznaci tie
polozky, s ktorymi ma byt’ dany dokument asociovany.
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Konceptudlne popisujii polozky menu, dokumenty a objekty, pripadne aj dop liiajii
doménovy model. V tomto pripade existuju tri mozné pristupy, odstupiiované
v zavislosti od miery zrozumitelnosti vnitornej vetvy doménového modelu pre
zamestnancov — pouzivatel'ov:

1. Manudlna konceptualizacia, predpokladd dobru organizaciu doménového modelu
a jeho zrozumitelnost’ pre pouzivatelov. Vnlitorna vetva ontoldgie sa zobrazuje
ako hierarchia pojmov. Vyberom niektorych z tychto pojmov pouzivatel’ vytvori
konceptualny popis pre polozku menu, pre publikovany objekt alebo dokument.

2. Ciastocne automatizovand konceptualizdcia. Systém vykona jazykowii analyzu
textu polozky menu, objektu alebo dokumentu. Na zaklade analyzy systém
navrhne zoznam konceptov, ktoré by mali tvorit’ konceptudlny popis. Pouzivatel
moze navrh akceptovat’ alebo vyber manualnym sposobom upravit’.

3. Automaticka konceptualizacia. Cela vnltorna vetva ontoldgie je pre pouzivatel'ov
skryta, konceptudlne popisy sa tvoria a modifikuju automaticky, s pouzitim
mechanizmov jazykovej analyzy textu.

Vysledkom je dynamickda WWW stranka, ktorej hierarchické menu zodpoveda

vonkajSej vetve ontologie. Po kliknuti na polozku menu sa zobrazi jej text spolu so

zoznamom asociovanych dokumentov aobjektov. Sucasne sa na zdklade
konceptualneho popisu polozky menu vyhladd a zobrazi zoznam obsahovo
stvisiacich dokumentov (stupen obsahovej blizkosti je vyjadreny ¢iselnou vahou).

Konceptualny popis sa tiez pouziva pri vyhl'adavani, v kombinacii s fulltextovym
indexom. Primarne sa vykond fulltextové vyhladdvanie, nasledne sa k ziskanym
dokumentom na zaklade konceptualnych popisov vyhladaju obsahovo suvisiace
dokumenty. Vysledkom je Struktra primarne zoradena podla fulltextového indexu,
avSak sémanticky rozsirena o obsahovo blizke dokumenty.

4 Jazykova analyza. Aktualizacia doménového modelu

Ulohou jazykovej analyzy je vhodnym formalizmom vyjadrit sémanticky obsah
textu. KedZe v popisovanom systéme su nositeImi sémantickej informacie iba
koncepty znalostného modelu, jazykovéd analyza vykonava transformaciu pisané¢ho
textu do podmnoZziny konceptov vnltornej vetvy ontolégie. Tato podmnoZina
nasledne tvori konceptualny popis dokumentu, ktorému prisliicha analyzovany text.

Text je tvoreny textovymi jednotkami ako st morfémy, slova, frazémy, vety
avetné celky, je nositefom vyznamu a ma teda isty obsah. Analyza textu spociva
v identifikécii lingvistickych jednotiek a ich vzdjomnych vztahov. Text sa Cleni na
obycajne hierarchicky organizované, suvislé a obsahovo ucelené Casti, lingvistické
jednotky, z ktorych sa nasledne abstrahuju ich prislusné konceptualne popisy. Tieto sa
porovnavaju s vnutornou vetvou doménového modelu. Ak sa v nej identifikované
koncepty nachadzaju, potom sa priradia prislusnej Casti textu ako jej popis. Moze sa
vsak stat’, ze analyza identifikuje nové, v doménovom modeli doteraz nezaradené
koncepty. Vtedy je potrebné najprv aktualizovat doménovy model, doplnit’ nové
koncepty, a az nasledne nimi reprezentovat’ obsah danej Casti textu. Tymto spésobom
moze jazykova analyza bud’ automaticky, alebo v spolupraci so administratorom —
znalostnym inZinierom, aktualizovat’ doménovy model [3].
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Jazykovl analyzu mozno riesit’ bud’ Statistickymi metédami, alebo kombinaciou
lingvistickych a pravdepodobnostnych metdéd. Pre flektivny jazyk, akym je
slovencina, je vyhodnejsi a presnejsi druhy spdsob, t.j. vyuzitie pravdepodobnostnych
metdd na identifikdciu nezndmych jazykovych jednotiek vtexte a ich néasledné
zaradenie do lingvistickych kategorii a vztahov. Na rozdiel od ¢isto lingvistického
pristupu je tu splnend poziadavka otvorenosti a adaptability — systém by totiZ nemal
byt ohrani¢eny akymkol'vek pevne definovanym slovnikom, mal by byt schopny
v texte rozoznat’ aj nové, doteraz v systéme nezaradené jazykové jednotky [3]. Je to
dolezité najmd pri informacnych a publikacnych systémoch pracujtcich s realnymi
textami, kde napriklad vlastné mena, skratky a ustalené slovné spojenia nie je mozné
vycerpavajico v slovniku zachytit. Pritom s prave tieto Casto hlavnymi nositel'mi
sémantickej informacie. Je preto vhodné, aby sa modul jazykovej analyzy koncipoval
ako uciaci sa systém, schopny na zaklade trénovacej mnoziny dokumentov, resp.
inych apriérnych vedomosti, indexovat’ aj texty obsahujlice nové jazykové jednotky —
slova, frazy a syntaktické konstrukcie. Zodpoveda to tiez kognitivnej funkcii jazyka,
ktora mozno povazovat’ v procese abstrahovania obsahu z textov za kI"icovu [7].

Vstup | Predspracovanie Sekvencia Proces analyzy | VySIfupjk
vstupného elementarnych | § morfologické analjza o
Text, refazca Jjazykovych § slovotvorna analyza Spiitna vizba
retazec Jjednotiek § syntakticka analyza systému
znakov § sémanticka analyza
Identifikdcia

Zasahy na zmenu tidajovych
Struktar

Vznik nového objektu
Zanik objektu
Zmena pravdepod. vah

Obr. 2. Schéma jazykovej analyzy ako uciaceho sa systému.

Adaptabilné udajové Struktary
Udaje pre moduly jazykovej analyzy:
§  morfologicky slovnik
§  derivatologicky slovnik
§  syntakticky slovnik

§  sémanticky slovnik

Zasah
ucitela

Na obrézku 2 je schéma jazykovej analyzy, ktorej iidajové $truktury sa dopliajii

o nové poznatky ziskané bud’ spitnou védzbou, alebo zdsahmi ucitel'a, administratora.

Moduly jazykovej analyzy pracuju v paralelnom rezime, vzajomne si poskytuju

informacie o medzivysledkoch a si¢innost’'ou eliminuji nejednoznacnosti.

Systém jazykovej analyzy pozostava z tychto piatich modulov:

1. Predspracovanie vstupu. Bezkontextovou gramatikou sa text ¢leni na postupnost’
tzv. elementdrnych jazykovych jednotiek — najmensich, dalej nedelitelnych
segmentov textu, ako su ¢isla, retazce alfabetickych znakov, interpunkcia, a iné.

2. Morfologicka analyza skima jazykové javy na Urovni slov. Spaja elementarne
jazykové jednotky do slov a urcuje ich morfologické charakteristiky. St to najma
zakladny tvar slova (lemma), slovny druh a prislusné gramatické kategorie. Prave
tu mozno efektivne vyuzit kombindciu lingvistickych a pravdepodobnostnych
metod. Paralelnym vyuzitim dynamického morfologického slovnika, heuristickej
bezkontextovej gramatiky na separaciu korenov a pravdepodobnostného modelu
tvarovej podobnosti [7] sa vyrazne znizi neurcitost, skvalitni sa morfologicka
identifikacia a zachova sa otvorenost’ voci neznamym slovam.
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3. Slovotvorna analyza pomaha urcit’ sémanticky kontext slovotvorne motivovanych
slov a identifikovat’ slovotvorné hniezda — skupiny v ur¢itom zmysle sémanticky
blizkych slov. Vyuziva sa slovnik pozostavajlici zo zoznamu typov slovotvornej
motivacie, tzv. onomaziologickych kategorii [2]. Vstupom je lemma, uréena
pocas morfologickej analyzy. V lemme sa hladaju slovotvorné predpony
apripony, ktoré zodpovedaji  slovotvornym  formantom  ulozenym
v slovotvornom slovniku, a ktoré st zaroven nositelmi parcidlnych vyznamov.
Slovotvorna a morfolgicka analyza najviac prispievaju k identifikacii potencialne
novych konceptov, pomocou ktorych sa nasledne aktualizuje doménovy model.

4. Syntaktickd analyza skima jazykové javy na Urovni viet a zavislostné vztahy
medzi slovami. Pouziva sa mechanizmus rozsirenych prechodovych sieti (ATN),
pomocou ktorého sa formalne definuji vetné syntaktické modely [3]. Vetné
modely koncepéne vychadzaji z tedrie slovesnej valencie, Cize z centralneho
postavenia slovesa vo vete, vyzadujuceho vo svojom bezprostrednom okoli vetné
participanty [9]. Sloveso so zoznamom participantov sa nazyva valencny ramec a
formalizované do tvaru ATN siete sluzi na identifikaciu viet a vetnych ¢lenov, na
jednozna¢né urcenie morfologickych dvojtvarov a na sémantické ohodnotenie
slov a frazém podla ich postavenia vo vete.

5. Sémanticka analyza. Sémanticky slovnik zaznamendva vyznamové a sémantické
charakteristiky ur€ené v predchadzajucich moduloch, méze tiez obsahovat
explicitné sémantické pravidla. Tento slovnik slizi ako zdroj tudajov
pre aktualizciu doménového modelu.

Moduly jazykovej analyzy boli (v rdmci doktorandskej dizertacnej prace autora, [3])

implementované do funkéného celku a systém bol ako prototyp testovany na kolekcii

textov v publicistickom §tyle, najmd novinovych ¢lankov obsahujucich politické,

ekonomické, Sportové a kultirne informacie. Testovaciu kolekciu tvorilo 280

dokumentov, jeden text mal priemernt dizku 154 slov. Vysledky testov potvrdili, ze

hodnoty presnosti a uplnosti systému vyuzivajuceho jazykova analyzu v spojeni

s konceptualnou reprezentaciou st v priemere o 26 % lepSie ako pri Statistickych

pristupoch zalozenych na metdde kI'iovych slov a na fulltextovom vyhladdvani [3].

5 Zaver

Prezentovany spdsob zjednodusSenia vnltornej Struktury ontologie, jej prepojenia
s logickou Struktirou WWW stranky a podporné moduly jazykovej analyzy tvoria
jednu z moznych ciest integracie znalostnych technologii do webovskych
informacnych a publikacnych systémov. SvedCia o tom jednak vysledky testovania
prototypov jednotlivych sucasti, ako aj implementacia a nasadenie systému ako celku
v redlnom prostredi viacerych organizacii.

Systém Webocrat s povodnou Strukturou ontoldégie podla popisu uvedeného
v Casti 2 je v prevadzke na uradoch mestskych casti KoSice — Dargovskych hrdinov
(http://www kosice-dh.sk) a Kosice — Tahanovce (http://www.tahanovce.sk/mutah),
a tiez pre Grad mesta Wolverhampton vo Velkej Britanii (http:/www.wolforum.org).
Dalsi vyvoj, spoéivajuci najmi v modifikacii znalostného modelu a algoritmov
jazykovej analyzy podla zasad z Casti 3 a 4, vyustil do implementacie webovského
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publikacného systému, ktory je v stcasnosti v testovacej prevadzke vo viacerych
organizaciach samospravy, verejnej spravy, Skolstva a komerc¢nej sféry. Predbezné
vysledky a odozvy od pouzivatelov nasvedcujl, Ze zvoleny pristup je slubny a ma
perspektivu ako spdsob integracie znalostnych systémov do praktickych aplikécii
webovskych publikacnych a informacnych systémov.
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Annotation:
Ontology, user-driven approach

This paper treats of the visualisation of ontologies in knowledge-based systems.
Emphasis is given on the process of such administration tasks as domain modelling
and conceptualisation from the perspective of users. A method of simplification of the
inner ontology structure is described, which enables to manipulate with the
conceptual structure of information in a transparent and understandable way for the
users. A module of linguistic analysis as a supporting tool for creation and
modification of ontology-based domain model is also presented. This approach is
demonstrated on the example of real web-based publishing and information retrieval
system, designed and implemented using the results of two international projects:
KnowWeb ESPRIT No. 29065 and Webocracy IST-1999-20364.
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Abstrakt. Soucasné velikost Webu s sebou pfinasi fadu problémi ty-
kajicich se pfedevsim vyhledavani konkrétnich stranek. V tomto ¢lanku
prezentujeme metodu umoznujici pomoc s navigaci pfi vyhledavani. Tato
metoda je zaloZena na hledani 2-souvislych komponent. Budou-li inter-
netové stranky predstavovat vrcholy grafu a jednotlivé webové odkazy
hrany tohoto grafu, mizeme vyuzit nékolik zndmych metod z teorie grafi
k nalezeni komponent, které budou predstavovat shluky souvisejicich
stranek.

Kli¢ova slova: Web, graf, 2-souvislda komponenta.

1 Uvod

Studium rdznych typu siti (informacénich, socidlnich, biologickych) bylo a je stéle
velmi popularni. Inspirovana empirickymi studiemi byla vyvinuta cela fada riz-
nych modeli a postupi, které ndm umoziuji 1épe porozumét vlastnostem téchto
siti. Nejdulezitéjsim reprezentantem informacnich siti je pro nés pochopitelné
World Wide Web. Na model Webu se mtzeme divat jako na obrovsky graf, kde
vrcholy grafu predstavuji webové stranky a linky mezi nimi jsou chapany jako
hrany tohoto grafu.

Soucasna velikost Webu s sebou pfinasi fadu problému tykajicich se prede-
vsim vyhledavani konkrétnich stranek. V tomto ¢lanku se zabyvame moznosti
usnadnit navigaci pfi vyhledavani prostfednictvim hledani vice souvislych kom-
ponent (konkrétné 2-souvislych komponent), které neforméalné feceno predstavuji
jista mista s CastéjSimi vazbami. Lze predpokladat, ze takto propojené stranky
maji do ur¢ité miry podobny obsah, viz [2]. To znamen4, Ze tato metoda miize
doplnit vyhledavaci metody tim zptsobem, Ze poskytne uzivateli seznam dalsich
stranek souvisejicich se strankou vyhledanou.

Vlastnosti grafu Webu byly a jsou intenzivné zkoumdany. Jednim z nejznaméj-
Sich experimentt, ktery byl pozdéji matematicky upfesnén v [11], byla demon-
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strace tzv. ,small-world“ efektu - faktu, ze mnoho dvojic vrcholl v riznych si-
tich je spojeno relativné  kratkou cestou. Napfiklad v [12] je uvedena pramérna
délka 16 orientované cesty mezi dvéma vrcholy a primérna délka neorientované
cesty 6 (pokud tyto existuji). Déle je v téZe publikaci uveden priumeér 28 grafu
Webu. Tato hodnota vSak plati pro vrcholy lezici v jakémsi jeho ,jadru® - silné
souvislé komponenté. Prameér celého grafu Webu je vice nez 500.

Pro zkouméni rtznych vlastnosti grafu Webu je velmi zajimava distribuce
stupiiti (zejména vstupnich stupni v pfipadé orientovaného grafu) vrcholt grafu.
Je zajimavé, ze Web spliuje tzv. ,power-law“, tj. plati, ze pravdépodobnost, Ze
vrchol mé stupen i, je proporcionalni

1/i® (1)

pro ngjaké z > 1. V [12] je uvedeno, ze pii pokusech pro zde uvedeny graf Webu,
bylo zjisténo, ze ¢ast Webu s ¢ vstupnimi linky (zajimé nés tedy vstupni stupen
vrcholu) je proporciondlni 1/i%1. P¥i hled4ni souvisljych komponent v experi-
mentélnim grafu Webu v [12] byla nalezena jedna velkd souvisld komponenta
(neorientovand) s témér 91% vsech vrcholil a bylo zjisténo, Ze exponent x je 2.5.

Protoze pracujeme s grafem Webu, mtuzeme vyuzit metody znamé z teorie
grafi k nalezeni komponent, které budou predstavovat shluky tematicky sou-
visejicich stranek. Zakladni myslenkou je prevést graf Webu na jednodussi ,re-
dukovany* graf, strom, a tak podstatné zprehlednit a urychlit praci s Webem.
Vychazime z predpokladu, Ze prehlednéjsi a jednodussi struktura Webu umozni
efektivnéjsi vyhledavani a praci s internetovymi strankami. Vyse uvedené ex-
perimenty s grafem Webu zkoumaly pouze 1-komponenty nebo silné souvislé
komponenty. Nas zajima existence vice souvislych komponent v grafu Webu,
konkrétné 2-souvislych a 3-souvislych komponent, pro jejichz hledani existuji
algoritmické postupy. V prvnim kroku redukce je proto pouzit algoritmus pro
vyhledavani 2-souvislych komponent. Nalezené 2-komponenty lze dale zkoumat
a hledat v nich dalsi ,vice souvislé* komponenty. Ty pak budou reprezentovat
obsahové blizsi stranky.

Prvni kapitola obsahuje definice potiebnych pojmt a jsou zde uvedena dule-
7ita tvrzeni charakterizujici souvislost grafu. V dalsi kapitole je zminén postup
redukce grafu Webu na strom, ktery podlozime experimenty na kolekci WebTrec.
Na zavér ukazeme mozné smeéry dalsiho vyzkumu.

2 Ddalezité pojmy z teorie grafu

V této kapitole budou shrnuty nebo zavedeny potfebné pojmy, viz [8]. Pfedpo-
kladejme, Ze pracujeme s neorientovanym grafem. Pokud budeme hovofit o ori-
entovaném grafu, bude to explicitné uvedeno.

Definice 1. Pocet hran, se kterymi je dany vrchol v incidentni, se nazyvd stu-
pen vrcholu v a oznacuje se d,,.
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Definice 2. Jsou-li u a v vrcholy grafu G, rikame, Ze vrchol v je dosazitelny
z vrcholu u, jestlize v grafu G existuje cesta z vrcholu u do vrcholu v.

Definice 3. Pramér diam(G) grafu G je mazimdlni ze viech délek nejkratsich
cest mezi libovolnymi dvéma vrcholy grafu G.

Definice 4. Graf, ve kterém jsou z libovolného vrcholu dosaZitelné vsechny ostatni
vrcholy, se nazyvd souvisly. Jinak se mazyjvd nesouvisly. Silné souvisly graf je
takovy graf, ve kterém pro kaZdou dvojici vrcholi x,y existuje orientovand cesta
zx doy a také zpét zy do x.

Definice 5. Komponenta H grafu G je maximdlni souvisly podgraf H grafu
G. Mazimalni silné souvisly podgraf daného grafu G se nazgvd silné souvisla
komponenta grafu G.

Definice 6. Vrchol x grafu G se nazyva artikulace grafu G, jestlize existuji
hrany {z,y1} a {z,y2}, které nepatii soucasné téze kruznici grafu G.

Definice 7. MnoZinu vrcholi, jejichZ vynechdnim se graf stane nesouvislym
nebo trividlnim, nazyvdme vrcholovym fezem nebo jen fezem grafu G.

Definice 8. Vrcholova souvislost nebo jen souvislost k(G) grafu G je minimdlni
pocet vreholil, jejichZ vynechdnim dostaneme bud nesouvisly graf nebo izolovani
vrchol.

Definice 9. Graf G nazgyvame vrcholové k-souvislym nebo jen k-souvislym,
jestlize je k(G) > k,k > 1.

Analogické pojmy lze definovat také pro hranovou souvislost (most, hranovy
fez, hranova souvislost, hranové k-souvislost x'(Q)).

Definice 10. Netrividlni souvisly graf bez artikulaci se nazyvd neseparabilni
(nerozloZitelng) graf.

Definice 11. Blok grafu G je maximdlni neseparabilni podgraf grafu G.

Z uvedenych definic vyplyva, ze graf G je 1-souvisly jestlize G je netrivialni
a souvisly, dale graf G 2-souvisly jestlize G je neseparabilni graf fadu 3 a vice.
Obecné graf G je k-souvisly jestlize odstranénim méné nez k vrcholi nevznikne
ani nesouvisly ani trividlni graf.

Véta 1. Pro kazdy graf G plati
K(G) < K'(G) < 6(G), (2)

kde §(G) kde je minimalni stupen grafu G, tj. 6(G) = min{d;|x € U(G)}.
Diikaz. Viz [8]. O

Cim vyssi jsou stupné vrcholt grafu tim je pravdépodobnéjsi, ze graf ma
wvysokou“ souvislost.
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Véta 2. Necht G je graf 7ddu > 2 a necht k je celé ¢islo takové, Ze1 < k < n—1.
Jestlize

dy > [(n+k —2)/2] (3)
pro kazdy vrchol x € G, potom graf G je k-souvisly.
Diikaz. Viz [8]. O
Definice 12. Necht G je graf. Pak k-souvislou komponentou grafu G nazveme
maximdlni k-souvisly podgraf H grafu G.

Specialné nés zajimaji 2-souvislé komponenty grafu GG, coz jsou maximalni
2-souvislé podgrafy grafu G, viz priklad 1.

Definice 13. Bud G souwvisly graf, by, ..., b, vsechny jeho bloky, ay, ..., as vSechny
jeho artikulace. Graf B(G), definovany pfedpisem

U(B(G)) :alv"'aasabla'-'vbrv (4)

H(B(G)) = {{a, b}BZ,j a4 =a;,b= bj, a; € U(bj)}, (5)
se nazyvd blokovy graf grafu G.
Ztejma, le¢ dilezita vlastnost blokového grafu je popsana v nasledujicim

tvrzeni.

Véta 3. Pro kazdy souvisly graf G je blokovy graf B(G) stromem.
Dikaz. Viz [8]. O

Proto dvé k-komponenty grafu G které sdileji vrcholovy fez s nejvyse k vr-
choly jsou v grafu B(G) spojeny cestou délky 2.

1 2 3
b1 b{ b1

4
4 at b2

5 4 b4
TO 6 7 a2 b3
8 8 a3 b4

b5

9 10 ) bs
c) Blokovy graf B(G).

a) Graf G je b) Graf G rozdéleny na 2-souvislé
1-souvisly komponenty

Obr. 1. Piiklad rozdéleni grafu na souvislé komponenty pomoci 1-vrcholovych fez.
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3 Hledani 2-souvislych komponent

Pro nalezeni 2-souvislych komponent se pouziva algoritmus prohleddvdini do
hloubky, dale jen DFS podle anglického nazvu Depht-First Search. Tento al-
goritmus je s drobnymi tpravami (viz [13]) aplikovatelny jak na neorientovany,
tak na orientovany graf.

Modifikace algoritmu. Vzhledem k velikosti grafu a velké slozitosti DFS-
algoritmu hledéame jiné rychlejsi k nalezeni 2-souvislych komponent. S vyuzitim
véty 2 a vzhledem ke statistickym vlastnostem grafu je mozno modifikovat al-
goritmus pro hledéni 2-souvislych komponent. Formélné toto muzeme formu-
lovat tak, Ze definujeme prah ng, pomoci kterého omezime maximalni velikost
2-souvislé komponenty (pocet vrcholit). Je totiz méalo pravdépodobné, Ze stranky
reprezentované uzly v rozsahlé 2-souvislé komponenté budou mit navzajem vel-
kou podobnost. Dalsi moznosti, jak urychlit hledani 2-komponent, je eliminace
kruznic. Opét mizeme tvrdit, Ze dva nejvzdalenéjsi vrcholy ve velké kruznici jsou
si méalo podobné. Jinymi slovy, bude-li v pribéhu hledani nalezena 2-souvisla
komponenta, pro kterou plati, ze % se blizi 2, potom muzeme Fict, Ze se tato
komponenta podoba kruznici. Bude-li pak |V| > zvoleny prah, nemusime se
touto komponentou dale zabyvat.

4 Experimenty

4.1 Popis testovaci kolekce Webtrec

Pro potreby otestovani uvedenych pristupt, tj. rozkladu grafové struktury na 2-
souvislé komponenty, jsme pouzili kolekci Webtrec. Tato testovaci kolekce byla
(do konce roku 2004) poskytovana organizaci CSIRO (Commonwealth Scientific
and Industrial Research Organisation), viz [4]. Vytvofena byla postupnym sta-
hovanim webovych stranek v doméné .gov na pocatku roku 2002. Dokumenty
byly ofiznuty na velikost 100kb, protoze ptivodné velikost testovaci kolekce byla
35.5G. Nyni je velikost kolekce 18.1G. Dalsi informace jsou uvedeny v tabulce 1.

4.2 Vysledky experimentu

Provadéli jsme experimenty pro hledani 2-souvislych komponent nad nékolika
riznymi neorientovanymi grafy, které reprezentovaly urcitou ¢ast testovaci ko-
lekce Webtrecu:

— Grafy G; a G4 reprezentovaly cely Webtrec. Pred tvorbou grafu G jsme ale
z kolekce odstranili vSechny stranky typu .pdf, .gif, .txt.

— Grafy Gs, G4 a G5 vznikly postupnym prochazenim webovych stranek Web-
trecu od urcité korenové stranky. U grafu GG3 byla omezena hloubka zanofeni
na 10 a u grafu G4 resp. G5 byl naopak omezen pocet stranek na cca 200000
resp. 100000.
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Tabulka 1. Parametry testovaci kolekce Webtrec

Dokumentt 1247753 (1.25 miliéni)
text/html 1053372
application/pdf 131333

text/plain 43754
application/msword 13842
application/postscript 5673

ostatni 44

Svazku 4613

Celkové velikost 19455030550 = 18.1G
Primérna velikost svazku 4217435 = 4.0M
Primérna velikost dokumentt 15592 = 15.2k
Velikost ofiznuti soubori 100kb

Dokumenty, které neobsahovaly slova|55

Parametry jednotlivych grafi jsou uvedeny v tabulce 2.

Uvedené grafy jsme analyzovali pomoci dvou nezavislych produktd. Prvnim
byl program Pajek, viz [3]. Piehled vysledkt dosazenych programem Pajek je
v tabulce 2. Vysledky testti jsou si do zna¢né miry podobné. Ve vsech pripadech
vétsina nalezenych komponent obsahovala 2 vrcholy. Zbyvajici komponenty mély
do 15 vrcholi, s vyjimkou jedné komponenty (viz tabulka 3), kterd méla pouze
o néco malo méné vrcholt nezli cely graf.

Tabulka 2. Parametry testovacich grafi a vysledky hledani 2-komponent.

Graf| Vrcholu Hran|Pocet komponent| Pocet komponent

s vice nez 2 vrcholy
G1 |1 247 753|11 164 829 158 920 272
G2 |1 053 372(10 606 653 100 642 280
Gs | 179 571 700 267 96 215 47
G4 | 200 010] 708 469 96 924 62
Gs | 100 006] 256 231 57 769 24

Tento vysledek vyplyva z charakteru testovaci kolekce Webtrecu. Stranky
byly totiz ziskany z jedné spoleéné domény .gov, kde je provazanost asi tak vy-
soké, ze vznika jedina 2-souvisla komponenta. Existence spousty malych kompo-
nent je naproti tomu zpiisobena spoustou odkazi z hlavni velké skupiny stranek
nékam, kde jiz nebylo dal provadéno stahovani do Webtrecu.

Narozdil od [7] (kde se pracovalo s grafem o pouhych 171 vrcholech) se ovSem
nepotvrdilo, ze velké 2-souvislé komponenty se podobaji kruznicim, coz vyplyva
z tabulky 3, ve které je uveden vypocitany pomér % (kde V' je mnozina vrcholi
a H je mnozina hran). Proto jsme déle zjistovali, jaké stupné maji vrcholy v jed-
notlivych komponentach a zjistili jsme, Ze se v téchto 2-komponentach nalézaji
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Tabulka 3. Vlastnosti nejvétsi nalezené 2-komponenty.

Graf Pocet vrcholu Pocet hran|Pomeér %
v nejvétsi komponenté|v nejvétsi komponenté

G 1 067 700 10 995 025 8,948

Go 940 332 10 494 707 11,161

Gs 83 278 602 940 7,240

[en 102 974 608 011 5,904

Gs 42 188 196 565 4,659

vrcholy s vysokym stupném. Vysledky lze nalézt v tabulce 4. Pro ovéfeni vy-
sledkl a nalezeni 2-souvislych komponent byla déale pouzita komer¢ni knihovna
LEDA, viz [9]. Nalezeny vysledek byl ale naprosto identicky s vysledkem pro-
gramu Pagjek.

Tabulka 4. Stupné vrcholi v nejvétsi nalezené 2-komponenté.

Graf|Nejnizsi stupen|Nejvyssi stupen|Primér stupni vsech
vrchold komponenty

G1 2 44628 20.596
G3 2 2884 14,480
G4 2 1964 11.809
Gs 2 644 9.318

5 Zavér

Zda se, ze se nachazime teprve na pocatku procesu, na jehoz konci bude poro-
zuméni vlastnostem grafu Webu (ale i dalsich siti), ze pouzivané postupy jsou
souborem ruznych ¢asto nesouvisejicich technik. Provedené experimenty ukazuji,
7e extrakce navigaCni struktury z grafu Webu je potieba provadét v lokalnim
métitku, tj. hledat v okoli vyhledané stranky.

vvvvvv

je vhodné zavést podobny pojem jako je stop slovo v Information Retrieval,
tj. stop vrchol. Stop vrchol je vrchol grafu Webu s vysokym stupném. Tyto
vrcholy je tfeba z dalsiho zpracovani vyloucit. Nase dalsi prace bude pokracovat
nasledujicimi kroky:

1. Budeme opakovat experimenty s grafy, ze kterych vylouc¢ime vrcholy s nej-
vy$$imi stupni.

2. Provedeme tytéz experimenty s orientovanymi grafy a dale budeme hledat
3-souvislé komponenty.

3. Chceme se zaméfit na vyuziti ndhodnych projekci, viz [14] pro FeSeni nékte-
rych grafovych tloh souvisejicich pravé s k-souvislosti grafu.
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Dale se pokusime nalézt odpovédi na nasledujici otazky:

— Pro jaké k a jaky typ vlastnosti webovych stranek obsahuji k-komponenty
vice néz p procent vrcholt, které maji danou vlastnost? Napiiklad jestlize
zkoumanou vlastnosti .S; je vlastnost ,prodat vyrobek ¢“, miZzeme zjis-
tit, ze pro k = 2 (tedy pro 2-souvislé komponenty) ma napf. primérné
40% stranek vlastnost S; pro néjaké 7, ale pro k = 3 se procento stranek
s touto vlastnosti zvysi na 60%.

— Budeme zkoumat primér k-souvislych komponent a porovnavat jak sou-
visi s p pro dané k.

Pifspévek vznikl za podpory GACR grant 201/03/1318.
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Annotation:

Searching of connected components and reduction of Web graph

Present Web dimension causes many problems, especially problems that are
involved in searching of particular pages. There is presented in this paper tech-
nique, that makes navigation during searching possible. This technique is based
on searching of 2-connected component. If Web pages resp. individual Web links
are represented as graph nodes resp. as graph edges, then we can use some known
graph methods for component searching. These components represents clusters
of related pages.
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Abstract. In this paper we introduce the method for the integration of ranked
distributed data with use of dynamicaly learned monotone aggregation
function. We use the method of monotone graded classification to learn the new
aggregation functions in dependency of user preferences on returned objects.
This method helps user to specify his/her requirements without any knowledge
about the values of attributes of the objects and retrieve more relevant object
consecutively. We show our method on an illustrative example.

Keywords: integration of distributed information, middleware, aggregation,
generalized annotated programs

1 Introduction

Today is becoming important for Semantic web, browsers, relational and object
database systems to be able to access multifeature data, such as video, images, audio,
text and another objects with many different attributes. Such attributes are typically
fuzzy. There are severa algorithms in this area, which solve this problem. Fagin [2]
introduced “Fagin’s algorithm” which solve this problem first time. Fagin et a. [3]
presented “threshold” algorithm. Nepal et a. [4] defined algorithm that is equivalent
to threshold algorithm. Giintzer et a. [1] define “quick-combine” agorithm with
heuristic rule that determines which sorted list should be preferred. None of them do
support any learning of the aggregation function, which is used to combine the
attributes.

In this paper we use the modification of the X/Ax switch algorithm, which was
presented by Gursky et al. [10]. To learn the aggregation function, which depends on
user preferences, we use the method of monotone graded classification presented by
Horvath et a. [9]. For better understanding of our motivation, we introduce the
following example.

This example concerns with hotel reservation system in Kosice, Slovekia. We
suppose the following query:

! This work was supported by the grant VEGA 1/0385/03 and “Statna tiloha vyskumu avyvoja
»Nastroje pre ziskavanie, organizovanie audrzovanie znalosti v prostredi heterogénnych
informa¢nych zdrojov* prierezového statneho programu ,,Budovanie informagnej
spolocnosti.”

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 194-201, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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Find hotels in Kosice that are far fromthe airport,
their cost is reasonable and their building is fine. D

In order to process this query we need to specify a user's notions of being near to,
cost reasonable and building is fine by the fuzzy sets for example. To retrieve and
order hotels we also need an aggregation function, which compute the overall score of
hotels according to values of al three attributes. It is possible, that each attribute is
supported by the different server (web service).

Our idea of the middleware system, which supports these requirements, is as
follows. The user specifies his/her fuzzy constants by the fuzzy sets and sent them to
the web services. With the use of the fuzzy set, the web service can compute the rank
of the supported attribute of each object and create the list of the objects ordered by
the ranks. It is also possible that the web service does not support user rankings and
use only its own (possibly hidden) ranking. In this case the web service has the only
one ordered list. Now the user can specify, which attribute is more important for
him/her and which is not. For example the user can preference the hotels that are
cheap before the new ones. This is possible to do it by creating an aggregation
function (i.e. a weighted mean). Otherwise, we can use the simple arithmetic mean.
Now the system computes the top k objects using the x/Ax switch algorithm. In the
ideal case the user becomes exactly the object, which he/she was searching for.
Otherwise the user can estimate each retrieved object using some scale (commonly
0...10 (from very bad to very good)). Based on these va ues the system computes the
new aggregation function and retrieves new top k objects, which are more relevant
than the previous ones.

The other idea of the middleware does not alow the user to now, which or how
many attributes are used by the system. In the first step the user receives some objects
from the domain. After that he/she can evaluate each object using the scale, than the
system computes an aggregation function and retrieve the top k objects. In this case,
the query from our example can look like: “Find hotels in Kosice that are good for

The last idea can be the combination of the previous ones. The user could use,
during the specification of his/her own aggregation function, only some of the known
attributes. For example the user’s query can be: “Find hotels in Kosice with the
reasonable cost”.

The other areas in which the learning of aggregation function can be useful are
information retrieval or multimedia databases.

In this paper we present such a system that can solve these problems.

In chapter 2 we describe the x/Ax switch algorithm and its modification. In chapter
3 we discuss, which learning method can be suitable and using the method of
monotone graded classification. Chapter 4 concludes our paper.

2 Aggregation

Assume we have afinite set of objects. Cardinality of this set is N. Every object x has
m attributes Xy, ...,Xm. All objectsarein lists Ly, ... Ly, each of length N. Objectsin list
L, are ordered descending by value of object in attribute x. We can define two
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functions to access objectsin lists. Let x be an object. Then s(X) is the grade (or score,
rank) of object x in list L; and r;(j) is object in list L; in j-th position. The lists can be
accessed in two ways. First oneis sorted (sequential) access. Using this type of access
the grades of objects are obtained by proceeding through the list sequential from the
top. The second mode of access is random access. Here, we request the grade of
object xinlist L; and obtain it in one random access.

We have also monotone aggregation function F, which combine grades of object x
from lists Ly, ..., L. The overall value of object x we denote as §(x) and it is
computed as F(s(X), ... Sn(X)).

Our task is to find top k objects with highest overall grades. We aso want to
minimize time and space. That means we want to use as low sorted and random
accesses as possible.

There are many dgorithms in this area [1, 2, 3, 4, 10]. Gursky et a. [10]
experimentally showed, that the most powerful is the x/Ax switch algorithm.

2.1 x/Ax switch algorithm

For each list L;, let u; = s(ri(z)) be the grade of the attribute of the last object seen
under sorted access. Define the threshold value 7 to be F(uy, ..., uy). Because we
assume that we have a monotone aggregation function F and the lists are sorted
descend by their values, the threshold is the value, which none of still unseen objects
can reach [2]. This enforces that when al objects in the top k have their values greater
or equal to the threshold, then this top Kk list is final and there is none unseen object
with greater value. This property is very important to have the algorithm correct.

Let z= (z,...zy,) be avector, which assignseach i = 1, ... mthe position in list L;
last seen under sorted access. Let H be a heuristics that decides which list (or lists)
should be accessed next under sorted access. Moreover, assume that H is such, that
for al j<m we have H(z) = z or H(z) = z+1 and there is at least one i < m such that
H(z) = z+1. The set {i<m: H(2); = z+1} we call the set of candidate lists for the next
sorted access.

In this algorithm we use three types of heuristics.

First type of heuristics (denote H,) do the parallel sorted access in each list. It
means that for each i < m holds H(z) = z+1. This heuristics was firstly presented by
Fagin et a. [3] in “threshold” algorithm. This kind of heuristics is used only in the
first phase of computation to retrieve the beginnings of the lists. Next two heuristics
are used in the rest of computation.

The use of the ((6F/0X)*AX) heuristics (H,) was first presented by Giintzer et a.
[1] as a part of “quick-combine” algorithm. Let us look at the next unequation. For
each object x inthefinal top k list must hold:

S(x) = F(s(X), .. sm(X)) = T 2

Hence, when we can say, that this unequation holds, we have the final top k list.
Obvioudly, there are two ways to make (2) hold: to increase the left side or to
decrease the right side. Heuristics H, tries to decrease 7 as fast as possible. As a
criterion which list is suitable in the next sorted access, we use the next equation:
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D :ﬁI—Z(q(rl(zi»,...,sm(rm(zm»)% Ys0@-M-s6@) @

The constant p is some suitable (small) natural number. Hence A; is the multiplication
of the partial derivative of aggregation function F from the left in the point
(s1(r1(z))s.-., S(rm(zv)) and the expected change of values in p steps (Ax factor) of
the i-th list. When we have A; for each i<m, we can set the value of H(z). Heuristics
H, sets H(z)=z+1 if A; =max{A;; j<m}. Otherwise H(z)=z. The only necessary
condition we required from F isthe continuity from the | eft.

The ((0F/ox)*X) heuristics (H3) is a variation of the last one. This heuristics was
presented by Gursky et al.[11] at the first time. Instead of following the Ax factor, Hs
chooses an x-factor, which is the last seen value in the i-th list. The criterion for this
heuristicsis:

c :E?—le(zl»,...,sm(rm(zm)»'% *(s(r(2)) “)
X a

The criterion (4) computes the partia derivation of F from the left in the point
(s1(ra(z))s--» Su(rm(zw)) and multiply it with value in the point s(ri(z)) in L. This
heuristics sets H(z)=z+1 if y =max{y; j<m}. Otherwise H(z)=z. We need the
continuity from the left for the function F again.

When the aggregation function is the simple weighted mean, the derivation used
by these heuristics is a constant, more precise it is the weight of the attribute.

Now we can describe the x/Ax switch algorithm:

0. z=(0,...,0), set the suitable small natural p.

1. if any z<p then H:=Hy; otherwise if H=H; then H:=H,; if H=H, then H:=H;
and if H=H; then H:=H,.

2. Do sorted access in parallel to each of the sorted lists to all positions where
H(2)i= z+1. Putz = H(2); .

3. First control: Compute the threshold value 7. As soon as at least k objects
have been seen whose gradeis at least equal to 7, then go to step 6.

4. With the object x that was seen under sorted accessin some list, do random
access to the other lists to find the grade s(x) of object in every list. Then
compute the grade S(x) = F(si(X), .. Sn(X)) of object x. If this grade is one of
the k highest ones we have seen, then remember object x and its grade Sx)
(ties are broken arbitrarily, so that only k objects and their grades need to be
remembered at any time).

5. Second control: As soon as at least k objects have been seen whose gradeis at
least equal to 7, then go to step 6, otherwise go to step 1.

6. LetY beaset containing the k objects that have been seen with the highest
grades. The output isthen the graded set {(x, S(X)) : x| Y} .

Algorithm 1. x/Ax switch algorithm
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The mainidea of thisalgorithmisto try to keep the left hand side of (2) big (using
the heuristic Hs) and to decrease the right hand side of (2) (heuristic H,)
simultaneously.

3 Combining aggregation and classification

There are some problems in case of changing the aggregation function during the
search. One of them is that the implementation of the computed aggregation function
to the algorithm is complicated (the evaluation of the partial derivation). The second
is that sometimes it is hard to compute the aggregation function. That is why we use
instead of computing of aggregation function the results of classification methods. Its
advantage is that the results are interpreted as atable, so it is easy to use.

Now we have little problems how to change the x/Ax switch algorithm to compute
the overall score of each object when we do not have any aggregation function but the
classification of objects in dependence of the attribute values. We need to solve two
things. Firstly we need to simulate the computation of aggregation function and
secondly we need to define how to compute the criteria of heuristics H, and Ha.

The meaning of any classification rule is as follows: When the attributes of
object x have the values greater or equal to relevant values on the right side of the rule
then the overall value of X is at least the same as on the left side of the rule. Hence
during the ssmulation of computation of aggregation function we can simply test the
validity of requirements of the rules from the strongest one to weaker rules. When we
find the rule that holds, we can say that the overall value of the abject is the value on
the left side of the rule. Since we test the sorted rules, we aways rank the object with
the highest possible value.

The problem of computing the criteria A; and y; of heuristics H, and Hs is at first
sight in the interpretation of the partial derivation. In the case of classifications we do
not need any computation. We must to remind the first motivation of both heuristics.
H, tries to decrease the threshold value and Hs tries to keep the values of new objects
high. Hence in the first case we can do the sorted access to the list, in which the last
seen value is the nearest to the lower bound of the class (values on the right side of
the rules). The second heuristic prefers the list of which the last seen value is the most
far from al lower bounds of class. The H, heuristic can refined by parameter p when
we look back in each attribute to analyze the speed of decreasing to the lower bounds
and overall criterion for this heuristic can be some combination of distances and the
speed. The problem of this combination is the object of our next research.

In figure 1 we can see the user ranking of some concrete hotels. The result of
classification method can be interpreted as following rules:
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y(A,0.9) ;- x1(A,0.7), x2(A,0.8). y(A, 0.6) :- x2(A,0.7).
y(A,0.8) :- x1(A,0.9), x2(A,0.6). y(A, 0.5) :- x1(A,0.1), x2(A,0.5).
y(A,0.8) ;- x1(A,0.6), x2(A,0.7). y(A, 0.5) :- x2(A,0.6).
y(A,0.8) :- x2(A,0.9). y(A, 0.5) :- x1(A,0.3), x2(A,0.3).
y(A,0.7) :- x2(A,0.8). y(A, 0.5) :- x1(A,0.4), x2(A,0.2).
y(A,0.7) ;- x1(A,0.6), x2(A,0.6). y(A, 0.4) :- x1(A,0.2), x2(A,0.2).
y(A,0.7) ;- x1(A,0.3), x2(A,0.7). y(A, 0.4) :- x1(A,0.4), x2(A,0.1).
y(A, 0.7) :- x1(A,0.7), x2(A,0.5). y(A, 0.4) :- x2(A,0.4).
y(A, 0.6) :- x1(A,0.6), x2(A,0.3). y(A, 0.3) :- x1(A,0.3).
y(A, 0.6) :- x1(A,0.3), x2(A,0.6). y(A, 0.3) :- x2(A,0.1).
y(A, 0.6) :- x1(A,0.4), x2(A,0.5).
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Figure 1. Illustrative example of users overall preference of (100) hotels. The grades 2, 3,..., 10
means the classes of "the worst", "bad", ..., "the best" hotels according to users criterion. User
did not rank any hotel by the grades 0 or 1.

These rules are graphically represented in figure 2. It can be easily seen that the
computation of the overall value or computing the heuristics is easy to solve. Using
this classification we are able to retrieve more relevant objects to user requirements.

The use of some classification method in the X/Ax switch algorithm is conditioned
only by monotone classification, but selected method is suitable.

Main interest isto learn the (user dependent) classification (ranking, grading, ...),
which gives and overal score to a graded fulfilment of all user’s requirements. This
appears also in mulcriterial and/or multiuser decision making and also in graded
classification (where the monotonicity of dependence can be more problematic).

For our purposesit is convenient to induce rules of the form

IF body_attribute; 3 (£) grade; AND ... AND body_attribute, 2 (£) grade,

THEN head attribute 3 (£) gradey ©)
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where gradey; = @(gradey, ..., grade,)), @ is an n-ary aggregation operator.

These types of rules preserve the monotonicity (both in the directions down and
up depending on the directions of the monotonicity of attributes).

Our method of learning the (monotone graded) classification [8, 9] is based on
multiple use of classical Inductive logic programming system ALEPH [6, 7] with
additional monotonicity axiomsin the background knowledge.
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Figure 2. Result of the graded classification method with illustration of onerule

An example of an induced rule: grade(X,6) :- price(X, 40), distance(x,5). It means:
IF price® 40 $ AND distance® 5km THEN grade of the hotel 3 6.

These rules have the expected form and they preserve the monotonicity (the
lowest class contains all hotels, the better just afew of them).

4 Conclusion

In this paper we proposed the method of searching of relevant information from
distributed sources. The user is able to do his classification of retrieved objects to
specify his’her requirements easily.

We integrated the modification of the x/Ax switch algorithm and the method of
monotone graded classification. First of them use the classification from the second
oneinstead of the aggregation function.

In the future work we want to implement this method and test it on the rea data.
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Abstrakt. Induktivne logické programovanie (ILP) je efektivnym nastrojom
dolovania znalosti v multirelacnych datach. Ma rozvinuta teoriu s niekolkymi
metodami a réoznymi stratégiami prehl’adavania priestoru moznych rieseni -
v dvojhodnotovom (crisp) logickom programovani. Vysledkom ILP je logicky
program. Pri indukovani fuzzy logickych programov sa vsak stretivame s
roznymi problémami, ako napr. velké mnozstvo neznamych operatorov, atd’.
Tento ¢lanok sa zaobera fuzzy induktivnym logickym programovanym (FILP).
Popisu sa rozne problémy pri h'adani riesenia a uvedie sa formalny model
fuzzy logickych programov (FLP) a FILP. Popisu a porovnaju sarozne pristupy
k rieseniu tlohy FILP.

Kracové slova: Induktivne logické programovanie, fuzzy logické
programovanie, dolovanie dat.

1 Uvod

Jednou metodou dolovania dat je induktivne logické programovanie ILP, ktora sa
uspesne pouziva pri dolovani multirelacnych dat pouzitim predikatovej logiky. Pri
tejto metode sa dané mnoziny kladnych a zapornych prikladov (objekty). Ulohou je
popisat’ kladna mnozinu objektov nejakymi pravidlami pomocou tzv. zakladnej
znalosti o tychto objektoch. Pomocou tychto pravidiel a zakladnej znalosti by sme
mali vediet’ odvodit’ (pokryt) vsetky kladné objekty pricom sa nesmie pokryt’ ani
jeden zaporny objekt. Pozname niekol’ko metod ILP s roznymi stratégiami
prehladavania priestoru moznych rieseni v pripade klasickej (crisp) predikatovej
logiky [2].

V klasickg) logike vsak moézeme reprezentovat’ len fakty, ktoré sa pravdivé
absolatne. Preto tento formalizmus nie je vhodny na reprezentaciu informacii, ktoré
sa neisté, neurcité alalebo vagne. Toto je dolezity nedostatok vo vyjadrovace] sile
averka prekazka pri pouziti v mnohych aplikaciach. Neurcitosti alebo vagnosti sa
v realnom svete nemézeme vyhnut: Nase informacie si ¢asto nepresné a neaplné
alen zopar ,,pravidiel“ ktoré pouzivame pri usudzovani su vieobecne pravdivé.

Kvoli tymto obmedzeniam, ktoré si nezanedbatel'né v mnohych oblastiach
realneho zivota (medicina, ekonomia, umenie..) sa pouzivaji rozne modeli
uvazovania v ILP ako napr. pravdepodobnostné, viachodnotové, atd’. Aplikacia ILP
natieto modely je pomerne mlada disciplina, ktora sav terajsej dobe rychlo rozsiruje.

" S podporou grantu VEGA 1/0385/03

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 202-209, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.



Fuzzy ILP: pristupy a problémy 203

Sucasny vyskum sa najviac sistreduje na indukovanie logickych programov s
pravdepodobnostou [1], ktoré si zalozené medzi inymi na tedrii Bayesovych sieti,
niektorych statistickych modelov a stochastickych gramatik. Medzi tieto typy
programov patria stochastické, probabilistické a bayesové logické programy SLP,
PLP, BLP.

Nasedujuci priklad znazorni rozdiely medzi réznymi modelmi. Podla
nasledujuceho (klasického) logického programu je Jozef ohrozenym ¢lovekom na
infarkt pretoze faj¢i a ma stresové zamestnanie:

fajciar(jozef).

zanest nani e( nanazer, j ozef).

stres(nmanazer).

ohrozeny(X):-fajciar(X), zamestnani e(Y, X), stres(Y).

Tento zapis je absolutny anie vzdy plati pre vsetky situacie z reality — Jozef bude
ohrozeny len s urcitou pravdepodobnost’ou. Tato skuto¢nost’ sa moze lepsie vystihnat
pravidiom PLP (SLP)

0. 6: ohrozeny(X):-fajciar(X),zamestnanie(Y, X),stres(Y).

kde sa pravidlu priradi nejaké ¢islo (0.6) ¢o vyjadruje pravdepodobnost’, ktorou hlava
pravidla bude platit v pripade platnosti tela. Faktom sa tiez mozu priradit’
pravdepodobnostné hodnoty. Dana situacia sa méze modelovat’ g pravidiom BLP

ohrozeny(X) | fajciar(X), zamestnani e(Y, X), stres(Y).

¢o vyjadruje podmienent pravdepodobnost’ hlavy od tela pravidla.

Medzi réznymi metédami sa moézu spomenit’ logické programy s anotovanymi
digunkciami LPAD [7], kde hlava pravidia je disunkcia roznych anotovanych
atomov podra pravdepodobnosti pravdivosti daného atomu v zavislosti tela.

Tieto programy reprezentuju realny svet lepsie ako klasické programy avsak maju
niekorko nedostatkov. Napr. ¢lovek moze byt silnym alebo ,prilezitostnym®
fajciarom, ¢o ma vplyv na vysledok ako g to, ze praca manazéra je stresovejsia vo
vel'kej medzinarodnej spolocnosti ako v malg firme. Nakoniec, nie kazda vlastnost’ je
rovnocenna — stresova praca moze mat’ vacsi vplyv na infarkt ako fajcenie. Tato
skutoénost’ sa tazko modeluje klasickymi spojkami (konjunkcie, disjunkcie) a/alebo
pouzitim podmienengj pravdepodobnosti.

Tieto nedostatky sa daju odstranit’ pouzitim fuzzy logickych programov FLP [8],
kde faktom g pravidlam sa priradi pravdivostna hodnota a v pravidliach sa mézu
pouzit’ rozne spojky — podl'a typu ulohy. Predchadzajica situacia vo FLP sa moze
reprezentovat’ ako

fajciar(jozef).0.6
zanest nani e( manazer, j ozef).
stres(manazer). 0.8
ohrozeny(X): -
@fajciar(X),zamestnani e(Y, X),stres(Y)).0.7
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¢o vyjadruje napr., ze Jozef je ,,celkom silny faj¢iar, praca manazéra je ,vel'mi
stresujuca”, pravidio plati suréitou pravdivostnou hodnotou a agregacna funkcia @
moéze byt napr. @(X,y,2)=(x+2*z)/3 podla ¢oho zamestnanie ma Vvacsi vplyv na
infarkt ako fgj¢enie. Ako vidime, fuzzy logika je u¢inna g pri pouzivani pojmov
prirodzeng rec¢i (velky, silny, ...) avsak indukcia FLP je zlozita tloha, napr. kvéli
velkému mnozstvu vopred neznamych typov @, atd. Asi g kvoli tomu je pocet
vedeckych prac popisujacich problematiku fuzzy ILP pomerne maly.

2 Induktivne logické programovanielLP

Indukcia znamena najdenie vseobecnych pravidiel popisujucich data, o ktorych mame
vela diel¢ich informacii v prikladoch. Je to opak dedukcie, pri ktorej z dang tedrie
vieme odvodit’ vlastnosti jednotlivych objektov. V ILP [2] prikladovi mnozinu
zvyéajne delime do dvoch tried (kladné azaporné priklady - E" aE - dané ako
mnoziny atdémov). Naviac je dana zakladna znalost B - mnozina faktov aebo/a
pravidiel. Ulohou je najdenie hypotézy H - mnoziny pravidiel — takej, 7e plati

" el E':(HE B) |= e (kompletnost) 1
"el E:(HE B)Jt e(konzstentnosr)
Hypotéza, ktora je kompletna g konzistentna sa nazyva korektnd. Pre programy bez
negacie je sémantika dana minimalnym Herbrandovym modelom Mggy (Vid' [?5])
apodmienka (1) sada prepisat’ nasledovne;

E'l Mgey (kompletnosr) Mgen C E = /E (konzistentnost) 2

Priklad.

E" = { dcera(mary,ann), dcera(eve,tom)}

E" = {dcera(tom,ann), dcera(eve,ann)}

B = {rodic(ann,mary), rodic(tom,eve), zena(mary), zena(eve)}

Ulohou je zostrojit’ algoritmus ktory najde H = {dcera(X,Y) :- zena(X), rodic(Y,X)}.

Priestor moznych hypotéz - hornovych klauzal - je zviz usporiadany podla

subsumpcie (existuje subgtiticia ktora jednu klauzulu speciaizuje na podmnozinu
druhgj). To je zakladom ILP metod a a goritmov.

3 Fuzzy logické programovanie FLP

31 Fuzzy logika

Jazyk £ ma dva typy syntaktickych objektov: logické akvantitativne. Logické
pozostavaju z viacsortového predikatového poctu bez funkénych symbolov.
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Kvantitativne su racionalne ¢isla z jednotkového intervalu [0,1] C Q. Jazyk £ ma
viacero spojok z kazdého typu — vo viachodnotovej logike je to potrebné ak chceme
aby jazyk bol schopny popisat’ vsetky typy interakcii medzi réznymi predikatmi —
niekolko viachodnotovych konjunkcii &3, &, ..., &, disunkcii U, U, .., U ,
implikacii ® 1, ® 5, ..., ® , aagregacii @, @, ..., @, (kazdé zlozenie tychto spojok
je opit’ agregacia[8]). Hodnoty tychto spojok oznacujeme ', napr.® , &, U, @'.

Hlavny syntakticky objekt jazyka sa ohodnotené formule (j .b), kdej jeformulaa
b je racionalne ¢islo zintervalu [0,1] C Q. Interpretdcia fuzzy jazyka | je funkcia
ktora zobrazuje konstantné atomy (pripadne elementarne vyroky) do intervalu [0,1].
Tato logika je extenzionalna, t.j. pravdivostna hodnota formule sa pogita pozdiz
vytvaragjace postupnosti formule s pouzitim pravdivostnych funkcii spojok (to je aj
hlavny rozdidl s pravdepodobnostnym pristupom). Takto mozno | rozsirit' na vsetky
formule. Interpretacia | je modelom ohodnotenej formule (j .b) ak I(j) 3 b.Pre
pravidio (A = @((By,...,Bn). b) to znamena, ze I(A = @((By,....Bn) = = (1(A),
@ (I(B).....I(Bn))) * b.

Definicia 1. Interpretacial je modelom programu P: Formule ® [0,1] C Q &k pre
kazd formuluj T Pplatil(j ) > P ).

3.2 Dedukciavo fuzzy logike a fixpointova sémantika

Ked’ sa pracuje vo fuzzy logike s viacerymi spojkami, ¢asto sastavaze A - B nieje
ekvivalentné s A U@B. Kedze neplati zakon vylu¢eného tretieho, nemozeme
automaticky pouzit SLD rezoluciu [3]. Deduktivna sémantika je zalozena na fuzzy
modus ponense ktory v re¢i ohodnotenych formal vyzera nasledovne

(B.b), (H- ; B.r)
e ©)
(H.Ci(b, 1))

Toto pravidlo je korektné a dava najlepsiu mozni odpoved ak C; je rezidualny
konjunktor vzhl'adom k implikatoru ® ; (vid’ [8]). Fuzzy logicky program je mnozina
ohodnotenych implikacii a atomov.

Pre definiciu fuzzy ILP problému potrebujeme pojem fuzzy minimalneho modelu.
Ten je pevnym bodom nasledujiceho operatora na zvize vsetkych fuzzy interpretacii
jazyka. Pridusny produkény operdtor je definovany nasledovne: pre fuzzy
interpretaciu |, pre konstantny atom A a fuzzy logicky program P sa polozi hodnota
operatorarovnej

Te(D(A)=max{ sup{G(I(B),r): (A- B.r) je konstantna instancia pravidia @
v programe P}, sup{b: (B.b) je zakladna instancia atoému v programe P} }

V [8] je dokazané, ze pevny bod operatora Tp je minimalnym modelom Mp fuzzy
logického programu P. Operator Tp je zvizovo spojity ak pravdivostné funkcie
vsetkych spojok (okrem implikacii) a rezidualnych konjunktorov C; si zl'ava spojité.
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To znamena, ze pevny bod operatora Tp sa da dosiahnut’ iteraciou v nangjvys
spocitatelne mnoho krokoch a teda pre kazdy konkrétny atém je jeho hodnota
vypocitatel'na. Deduktivna sémantika spliia korektnost’ a uplnost’ ([8]).

Definicia 2. Dvojica (Q,x), kde Q je substitucia ax T [0,1] sa nazyva spravna
odpoved’ na otazku A (?-A.) vzhladom k programu P, ak pre kazdu interpretaciu I,
ktora je modelom programu P, plati I(" (AQ)) > X.

4 FuzzyILP

V klasickom ILP sa prikladova mnozina sklada z dvoch podmnozin — kladnych
azapornych prikladov. V tomto pripade sa kazdy priklad moze reprezentovat’ jeho
pravdivostnou hodnotou (1 — kladny, 0 — zaporny). Vo fuzzy ILP prikladova mnozina
je mnozina ohodnotenych atomov (fuzzy mnozina), v ktorom kazdy prvok ma urcita
pravdivostni hodnotu (stupen nalezania do tejito mnoziny). Teda priklady sa
nerozdel’uji na kladné a zaporné ale na viac (alebo menej) kladné (zaporné) priklady.
Treba poznamenat’, ze to je urcité rozsirenie klasickej prikladove] mnoziny.

Zakladna znalost' je mnozina formal, ktoré mozu byt bud’ ohodnotené atomy
alebo fuzzy pravidla (tu treba povedat’, ze niektoré ILP systémy nemézu pracovat’ so
zakladnou znalost'ou obsahujicou pravidla. Pre nadefinovanie vseobecne) formulacie
fuzzy ILP by trebalo povalit g pouzitie pravidiel v zakladnej znalosti).

Hypotéza fuzzy ILP je mnozina fuzzy pravidiel. V klasickom pripade su
jednoznacne uréené podmienky pre hypotézu (1), (2). Tieto vsak nemdzeme rovno
aplikovat’ vo fuzzy pripade. M6zu sa viak tieto podmienky nejako preformulovat’ —
zovseobecnit — tak, aby platili g vo fuzzy pripade. Najprv sato ukaze pre crisp ILP.

Prikladova mnozina sa méze chapat’ ako zobrazenie E: priklady ® {0,1}.
Vysledna hypotéza H spolu so zakladnou znalost'ou B popisuji uréita podmnozinu
kladnej casti prikladovej mnoziny. TedaH E B tvoria (crisp) logicky program. Ak sa
zada konstantna otazka ,,?- e.* vzhl'adom k programu H E B vysledok bude odpoved’
,yes‘ aebo ,,no“, podra toho ¢i dany priklad patri alebo nepatri do minimalneho
modelu H E B (fixpointovy operator pre logické programy [3]). Pre konstantné
otazky (priklady su konstantné atéomy) sa moéze H E B chapa ako zobrazenie
H E B: priklady ® {0,1}.

Podr'a toho, aby hypotéza pokryvala vsetky kladné priklady a nepokryla ziaden
zaporny priklad, stazi aby platilo" el E: (HEB)(e)=E(e) (korektnost). Casto sa stava,
ze hypotéza nepokryva vsetky kladné priklady, t.j. nie je splnena podmienka
kompletnosti. Vtedy sa podmienka korektnosti zoslabi a bude platit’

"el E:(HE B)(e <E(e). (5)

V tomto pripade je tiez splnena podmienka konzistentnosti.

Aplikujme tento vzt'ah vo fuzzy logickom programovani. Treba vsimnat', ze ak E
povazujeme za interpretaciu programu H E B, tak podra definicie 1. avztahu (5) E
bude modelom programu H E B. Dalej podra definicie 2. bude (H E B)(e) spravnou
odpoved'ou na otazku ?-e vzhladom k programu H E B. Vzdy bude platit, e
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"el E: 0<E(e),tj. 0-odpoved’ bude spravna. Tomu sa moze vyhnit tak, ze sa
zavedie nejaka hranica (), 0 kolko moze byt (H E B)(€) mensie ako E(e).

Definicia 3. (Fuzzy ILP dloha) Je dana mnozina E ohodnotenych atomov
amnozina B ohodnotenych atomov afuzzy pravidiel. Dalej jedané el [0,1]. Ulohou
je najst kone¢na mnozinu fuzzy pravidiel H, pre ktoru plati

"el E: E( -e<(HE B)(e <E(@®. (6)

5 Fuzzy ILP metédy

V tejto kapitole sa popisu niektoré pristupy krieseniu fuzzy ILP ulohy. Kedze
v tychto metodach sa definicie fuzzy ILP ulohy odlisujt, atym padom & ich riesenia,
uvedi sa aj rozne definicie tejto ulohy.

51 FCI [6]

V tomto pristupe pod fuzzy logickym programom sa rozumie fuzzy mnozina (crisp)
pravidiel. Ciefom systému FCI je najst fuzzy logicky program H, ktory splia
podmienky "eT E"BE H|=€/nfa"el E: BE H|* €/, kde B je fuzzy
logicky program, E*, E* sa mnoziny (crisp) prikladov a ni,m T [0,1] si konstanty.
Pravdivostna hodnota klauzule zalozeny na Lukasiewiczovej implikacii a konjunkcii
jel(A = ByU...UB,) =min{n+I(A)—1(By) - ... - I(By), 1}. Algoritmus FCI hrada
pravidla, ktoré nepokryvaji zaporné priklady v stupni viac ako m pokial’ kazdy
kladny priklad je pokryty v stupni viac ako mi. Fuzzy mnozina pokrytych prikladov
crisp pravidiom c je covered(c)={&/m| el E'EE, m= Mgg o1 (€)}. Obmedzenie FCI je
g to, ze kazdé pravido vH ma pravdivostna hodnotu 1. FCI je implementovany
v algoritme FOIL [2].

5.2 Roznetypy fuzzy pravidiel [4]

Tento pristup je zaujimavy tym, ze sa v iiom definuja rozne typy fuzzy pravidiel.
V tomto pristupe fuzzy predikat sa chape ako mnozina obycagnych predikatov,
ktorych charakteristické funkcie sa stupne (hladiny) rezov mg, asociované fuzzy
¢lenskym funkciam mg, tj. mg, = 1 akk m(F) > a inak my, = 0. Fuzzy pravidlo
C(x) = A(x) asociujeme crisp pravidlami Cy(X) = Aa(X). Ak Ap(x) plati, tak A,(X)
tiez plati pre a<b, tym padom sa uvazujt len crisp aproximacie C,(X) = Aa4(X), kde x
oznatuje vektor atributov. Pri tgjto metéde sa uvazuje otroch typoch pravidiel:
flexibilné pravidlo " x,$a C4(x) = Aa(x), gradualne pravidlo " x," a Cy(x) = Aa(X)
a istotné (certainty) pravidlo " x," a Cpa(X) = Aa(X). Pre kazdy typ pravida je
definovany iny faktor istoty (confidence factor [?1], ktory je akyms rozsirenim
cf(C- A) =P(A[C)/P(A)) aina pokrytost’ cover. Praca tohto systému spociva v tom,
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ze pre kazdy stupei a sa h'adaju rozne typy pravidiel pomocou ILP systému FOIL,
v ktorom sa miesto inicialnych cf acover pouzije cf acover pre dany typ h'adaného
pravidla

5.3 Implikaény operator [5]

Tato metoda je tiez rozsirenim agoritmu FOIL. Tento vypocet je zlozitejsi, ale
vysledna hypotéza je flexibilngsia, ako v predchadzajucom pripade. Najprv sa
vypocita pravdivostna hodnota tela pravidla my(A(t)) podra nejakel T-normy kdet je
vektor atribatov aA je konjunkcia atomickych formal vtele pravidla Mnoziny
Lpn ={0=s; <s, < .. <s=l}alc = {0=¢ < @ < .. <g=1} si mnoziny
pravdivostnych hodnét pre telo a hlavu pravidla. Implikacny operator | pre pravidlo je
reprezentovany pomocou matice r © s, kde I(i,j) = I(s;,g). Membership map M je
maticar s, kde M(i,j) = pocet roznych ohodnoteni t takych, ze my(A(t)) = s; a
mC(t)) = g, kde C je hlava pravidla. Pomocou algoritmu FOIL a predefinovanych
faktorov istoty cf sa uréuje M, podra ktorého sa prepocitava I, ktorej najdenie je
cielom tejto.

54 1GAP[9]

Jadrom tohto pristupu je ekvivalencia FLP a generalizovanych anotovanych
programov GAP [9], podl'a ¢oho pravidio FLP A= ; @(By,...,B,).r sa pretransformuje
na ekvivaentné pravidlo GAP A:CGi(@(Xy,..-,Xn),F) = B1:Xy,....Bn:Xn (Opacne pravidlo
GAPArr = Bim& ..& B saprevedie napravidlo FLP A= r(By,....By).1,
kder je n-arny agregaény operator). Dalgj sa vyuzije veta, podra ktorej interpretacia
je modelom FLP ak je modelom ekvivalentného GAP a naopak. Kym vo FLP sa
rozne typy operatorov konjunkcie, implikacie GAP obsahuje len crisp spojky, ¢o
pomoze zvladnut’ problém vopred nepoznanych operatorov v pravidlach. Vo FLP sa
pravdivostna hodnota vypocitava pozdiz vytvarajucej postupnosti formule s pouzitim
pravdivostnych funkcii tychto spojok. GAP priraduje pravdivostna hodnotu kazdej
zlozky formule, kym FLP prirad’uje pravdivostni hodnotu implikacii.

Tato metddaindukuje GAP pravidla pomocou viacnasobného pouzitia klasického ILP
systému ALEPH [2] spridanymi axiomami monotonnosti v zakladnej znalosti.
Pracuje s fuzzy zakladnou znal ost'ou a fuzzy prikladovou mnozinou.

6 Zaver

V tejto praci sa uviedol formalny popis fuzzy logickych programov FLP a
induktivneho logického programovania ILP, d’alej formalizmus fuzzy ILP problému a
niekol’ko metod na jeho riesenie. Tento model sa na zagiatku porovnal s réznymi
pravdepodobnostnymi modelmi nailustragnom priklade.
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Nedostatkom FCI je, ze prikladova mnozina je dvojhodnotova, ktora sa popise
nejakym fuzzy pravidiom, ktory ma vzdy pravdivostna hodnotu 1. Dalej nedostatkom
jetiez, ze satie priklady ,,orezavaju‘ vzdy v tom istom stupni m

Nedostatok druhej metody - sviacerymi typmi pravidiel- je, ze pravdivostné
hodnoty hlavy atela pravidia sa rovnaké (a), resp. je medzi nimi silna zavisost' (a a
1-a). Pri hradani ré6znych typov pravidiel sa pocitaju rozne vysledky — niekedy moze
byt’ tazké rozhodnit', ktory vysledok je najlepsi.

Metéda implikaéného operatora moze pocita pravidla  sodlisnymi
pravdivostnymi hodnotami v tele g v hlave pravidla. Nedostatkom vsak je, ze na
za&iatku samusi definovat’ prislusna T-norma, teda vhodny vyber T-normy ma velky
vplyv na vysledok. Najdenie fuzzy pravidiel viak znamena tiez najdenie vzt'ahov
medzi predikatmi v telach, teda najdenie tejto T-normy, ¢o vsak tato metoda poklada
za urgitd. Tym padom jeg vysledok nemusi byt vzdy relevantny Kk (,,vopred
neznamym®) datam.

Metéda IGAP je schopna indukovat pravidla sroznymi pravdivostnymi
hodnotami vtele g vhlave pravidla Aj vtele vydedného pravidia sa mozu
vyskytovat’ atomy sréznymi pravdivostnymi hodnotami, teda je schopna sa naucit’
agregacnu funkciu. Nedostatkom tejto metody je, ze pouzitie axiom monotonnosti
aprilis jemna diskretizacia vedie k zvyseniu zlozitosti tohto algoritmu.
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Abstract. This paper describes results acquired from testing influences
of selected important parameters of Support Vector Machines (SVM)
applied to text categorization. The main object was to verify whether
results obtained with standard datasets could be applied to real medical
text documents. The research also focused on features as document sim-
ilarity, category balance, presence of common words (stop-words), and
data volume. The experimental results demonstrated that there could be
typical problems with setting up parameters for some real data. As a re-
sult, SVM could not always find sufficiently good separating hyperplanes
as it mostly did for ‘trouble-free’ datasets like Reuters or 20Newsgroups.

1 Introduction

The aim of the research was to experimentally reveal effects of selected basic
algorithm parameters and data features on text categorization by Support Vec-
tor Machines (SVM). The experiments with unstructured text documents from
various Internet resources tried to find out what could be the best possible way
to classify and categorize large amounts of text articles as well as which results
can be expected from the trained classifiers. Generally, the results were quite
acceptable, however, there were cases when even such an effective algorithm
as SVM could not provide acceptable outcomes. Obviously, not only the SVM
parameters are important; attributes of text data play a significant role, too.

2 Text Categorization by Support Vector Machines

The categorization process of text documents is a function @ : D x C — {T, F'},
where @ assigns T (true) or F (false) to every document d; € D and every
category ¢; € C—if d; belongs to c; the result of @ is T else F'. The sets D
and C can be defined in various ways, e.g., the document d; can belong to ex-
actly one or more categories C, etc. One of the text categorization problems is
converting documents into an n-dimensional space needed for their further pro-
cessing by the Support Vector Machines (SVM) algorithm [1]. More possibilities
exist, see [6], but in most cases the Bag Of Words (BOW) method is usually
employed. BOW represents the input texts in an n-dimensional space, where n

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 210-217, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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stands for the number of attributes in all text documents, i.e., words or their
stems that help avoid redundant word differences, e.g., word, words, wording,
wordy, wordily, wordiness, wordlessly, and so like, to decrease the dimensionality.
In addition, it is sometimes useful to eliminate stop-words'. The BOW’s output
can be a set of vectors where every member represents one document. The SVM
algorithm [8] is relatively fast and resistent to overfitting and local extremes,
and does not suffer from problems with a large number of dimensions. SVM is
a general classifier that tries to find a hyperplane between two distinct classes
of objects. The main problem with SVM is often its linearity because most of
real domains are inherently nonlinear. This problem solve kernel functions that
increase the number of dimensions of a particular task, thus supporting finding
a linear solution. SVM is in details described in, e.g., [1] and [9].

3 Datasets Used in Experiments

The experiments employed three various datasets. The first one was 20News-
groups [3,10]—a set of 20 Internet topics where each newsgroup includes 1000
contributions?. The second, very special medical dataset [7,11], was collected
by an expert physician. These documents—representing a difficult real classi-
fication case—are divided into two groups: interesting and uninteresting from
the physician’s viewpoint. Positive instances (@) include 191 interesting articles
while the negative ones (©) contain 40 uninteresting documents. The third area
of experiments employed the Reuters-21578 dataset [3,12]. The original Reuters
documents are divided by topics into 23 categories. The number of articles in each
particular category is different; the articles have generally various numbers of
words. Here, the experiments worked with only 10 categories having the highest
number of articles. Reuters and 20Newsgroups (and their various modifications)
often serve as standard benchmarks [6].

Each topic in 20Newsgroups was separated to make an individual set. Then,
a dictionary for each of the 20 topics was generated using stems of words. For
the binary classification, it was necessary to join each pair of dictionaries (190
topic combinations). Feature spaces were generated using selected kernel func-
tions with pairs of topic-dictionaries and stop-words. Every attribute space had
2000 articles which were divided into a training (1500 articles) and testing set
(500 articles). The training examples were used for learning by the program
SV M9t [5] (see http://www.joachims.org). Only the linear kernel was em-
ployed because other kernels took much more time and it was generally not clear
which kernel function could be the best one for the given task. Then, the testing
process provided accuracy, precision, and recall [6] on the appropriate test sets.

For the much smaller medical data with two categories, the dictionary and
the attribute space were created similarly like for 20Newsgroups. The attribute
space was divided 50% for the training and the rest for the testing phase.

! mostly common words like a, an, the, of,in, me, you, to, is, it,on,. . ., or words which
are used just once in all the text documents, and so like

2 except for soc.religion.christian with 997 contributions



212 Toméas Hudik and Jan Zizka

In the case of Reuters-21578, each topic category was tested in comparison
with each other category by binary classification again similarly like for 20News-
groups. Unlike 20Newsgroups, Reuters-21578 does not have the same number of
articles in each category, so it was necessary to choose appropriate settings of
numbers of examples for training and testing. The number of training examples
was set as one half of articles taken from a category which had fewer articles
and (randomly) the same number of articles from the other category. The same
number of examples from both categories was used for the testing phase. Addi-
tional tests were carried out to reveal how the classification would behave when
a particular category was compared with all others. Successively, each particular
category was used like the positive one and other groups as the negative ones.

4 Results of Experiments

20Newsgroups The training and testing processes were carried out by the
20-times random selection for each pair of newsgroups (190 pairs). In addition,
to get even better prediction of classifiers, experiments with 200-times random
selection were made as well. Full results are out of the scope of this paper but
it can be found in [4]. Here, only the most interesting results are shown. The
worst accuracy of classification provided the group talk.religion.misc against
alt.atheism—just 85.82% because the topics were rather similar which usually
decreases the classifier efficiency. The best accuracy had comp.sys.mac.hardware
against rec.sport.baseball; neither had its accuracy worse than 100% for all of
the 200 random selections because the topics were quite different.

Medical documents 20-times random selections provided seemingly very good
results: the accuracy was 82.76%. However, the new problem was that SVM could
not recognize the negative examples. The reason was that 50% of the real data
examples were used from interesting articles and the rest from uninteresting
ones: 95 @ and 20 ©. When trying to make the same number of & and & (e.g.,
20 @ and 20 ©), the accuracy was 52.98%, but it could recognize both the ©
and @ class. The same effect was obtained by setting up the weight of positive
examples. Then, various ratios between both classes were tested. If the ratio
was 33 @ to 30 © using 10-times random selection, in 8 tests the recognition
of & was again very low (between 10%-40%). Consequently, here it is possible
to see that SVM is sensitive to the ratio between the classification classes. To
increase the accuracy, two ways are possible. The first one is using stop-words.
An appropriate selection of stop-words can sometimes dramatically influence
the accuracy: changing the number of stop-words means changing the number of
irrelevant features. The second one, which is often used for decreasing the number
of irrelevant features, is the following: a word is a feature only if its occurrence in
a particular article is at least n. The results of experiments are demonstrated in
Table 1 for 20 random selections. Here, 300 stop-words and n = 1 provided the

3 the weight parameter gives the ratio between @ and ©; in our case it was 0.2 because
the number of & was around 20% of &
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Table 1. Text classification with various numbers of stop-words and word occurrences
in a particular article. The upper index means in how many tests the accuracy of one
of the classes was lower than 50%

stopword #|| word occurrence # (n) winner
1 | 2 | 3
0 61.1%" [59.02% "% 52.5%"" | 61.1%"

100 74.78%°|71.84%°160.13%2[60.13%2
200 71.72%| 72.5%" 160.37%°[60.37%™°
300 74.13%%|73.04%°| 54.4%" |74.13%'*

highest accuracy, however, in 14 tests from 20 the classifier could not recognize
one of the classification classes. Therefore, this solution was quite poor—the
recognition of both classes must be as good as possible, otherwise the results
would not be representative enough and they would never be better than the
baseline value*. However, it is also necessary to take into consideration that the
available medical data suffered from a relatively small volume (191 & and 40 ©)
plus a rather high word-similarity between & and &, which negatively influenced
the results. The table also shows that the results were rather unstable, with only
one typical trend: the higher n the lower the accuracy. Interestingly, only one
case provided a number of wrong recognitions lower than 10 (for the stop-word
number 0 and n = 1). This value was taken as the solution. The table also
depicts that the feature reduction had no significant impact on the accuracy.
Because of not very good results obtained from the standard experiments
with the linear kernel, additional experiments were carried out to see if employing
other kernel functions could bring better outcomes. The work was based on the
described solutions, using no stop-words and n = 1. Table 2 shows the main
results. In the first two attempts, a linear kernel with a different parameter c
(a trade-off between a training error and a margin) was used. Changing values of
¢ increased the accuracy, however, the number of tests in which SVM could not
correctly recognize one of the classes increased up to 18. The other attempts tried
a polynomial kernel that was not good as well. It was not possible to find out the
appropriate settings of SVM to recognize the positive articles (17.39% actually
means that SVM recognized all © and no @). Twenty wrong tests means that in
all iterations SVM could find no correct class. The following kernel was a radial
basic function with only one adjustable power parameter + (g in Table 2). Firstly,
the number of bad tests was maximum (20), but after decreasing g the number of
wrong tests was lower. Then the second parameter ¢ was added, which improved
the results up to 70.1% with only 4 wrong tests. Other settings of the kernel
did not improve the results. For this kernel, it is possible to see how important
is a good setting: with the implicit settings, it recognized just negative articles,
but after a certain parameter modification, it gave quite acceptable solutions.

4 the ratio between the largest class and all the examples; in our case it was 82.7%

191
because oi+i0) = 0.827
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Table 2. Looking for the most appropriate kernel. The last column is the number of
iterations (from 20) when one of both classes was not recognized correctly (i.e., less
than 50% of examples were classified correctly)

kernel parameters accuracy %|# of wrong tests
linear -c 0 60.45 7
linear -c 0.1 79.56 18
polynomial 17.39 20
polynomial|-d 2 17.39 20
polynomial|-d 2.5 55.07 20
polynomial|-d 2.5 -r 1 -s 2 48.5 15
RBF 17.39 20
RBF -g 2 17.39 20
RBF -g 0.02 35.2 20
RBF -g 0.000002 59.3 8
RBF -g 0.00000001 62.42 5
RBF -g 0.0001 61.47 6
RBF -g 0.00001 -c 0 62.6 7
RBF -g 0.00001 -c 100 73.9 18
RBF -g 0.00001 -c 60| 70.1 4
RBF -g 0.00001 -c 50 65.4 4
RBF -g 0.00001 -c 40 55.76 8
sigmoidal |-j 0.2 17.39 20 @
sigmoidal |-j 0.21 82.62 20 ©
sigmoidal |-r1-s1 17.39 20
sigmoidal |-r 9 -s 1000 17.39 20

The last kernel was a sigmoidal function. This kernel was completely unsuitable;
it was not possible to find out any setting of the kernel so that the number of
bad tests would be lower than the maximum (20). In one interesting experiment
(the first sigmoidal line in the table), the weight j of positive examples was set
to 0.2. In this case SVM recognized only the negative examples (wrong 20 @).
In the second line, j was set to 0.21 and SVM recognized only positive examples
(wrong 20 ©). This is an evidence that SVM could be sometimes very unstable.

Reuters-21578 The experimental results are demonstrated in Table 3. Generally,
these results are good. Only in two® cases SVM had problems with recognizing
the classes. However, a closer look at the categories—wheat, corn against grain—
explains it: the categories are rather similar overlapping topics and it is also not
easy for people to decide to which category belongs a particular article. In this
table, the categories are organized by the number of articles, i.e., earn had the
highest number of articles and corn the lowest number. Generally, in the top left
corner of the table, there are better results than in the bottom right corner.

% in Table 3 there are four cases because it is a symmetrical matrix
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Table 3. The accuracy of the binary classification for the Reuters dataset in 10 cat-
egories. The emphasized number means that SVM could not recognize at least one
of the classes. The upper index says in how many tests (from 80) this classification
accuracy was very low

% earn | acq |money-fx| grain |crude|trade|interest|ship | wheat | corn
earn 97.42] 98.89 | 99.09 [97.91|98.69] 99 [96.77| 98.67 | 97.59
acq 97.42 98.96 | 98.29 [95.76(97.73| 99.23 [95.03] 99.04 | 97.47
money-x|98.89/98.96 99.25 [98.81]91.98] 73.16 [98.19] 99.26 | 98.88
grain 99.09]98.29] 99.25 98.24]93.78] 99.24 [90.96]60.16%|58.41°*
crude  [97.91[95.76] 98.81 | 98.24 97.66| 98.86 |85.59| 98.78 | 97.95
trade  [98.69/98.14] 91.98 | 93.78 [97.66 96.23 [95.13] 95.47 | 94.3
interest | 99 [99.23] 73.16 | 99.24 [98.86]96.23 98.61] 99.2 | 98.79
ship 96.77|197.73] 98.19 | 90.96 |85.59(95.13| 98.61 95.75 | 93.88
wheat  [98.67[99.04] 99.26 [60.16™%[98.78]95.47] 99.2 [95.75 75.3
corn 97.59|97.47| 98.88 [58.417%[97.95/94.3 | 98.79 [93.88] 75.3

One category against others The random selection used 100 iterations be-
cause the number of Reuters © was always very high in comparison with &.
The results of testing are in Fig. 1 and Fig. 2. Firstly, the experiments tried to
explore if the length of an article was important. The categories were arranged
by their average lengths of articles as Fig. 1 shows. Obviously, the number of
words had no impact on the Reuters classification task because there was no
significant trend (e.g., a better accuracy for longer articles). Secondly, the fol-
lowing attempts tried to explore the impact of the number of articles on the
accuracy. The topics were arranged by the number of the articles. Fig. 2 shows
the results: this criterion is obviously important. The higher is the number of
articles in a particular topic group the higher is also the classification accuracy
and the extent of diffusion is lower. Five groups (money-fx, grain, crude, trade,
and interest) had similar counts of articles and relatively similar accuracies. The
set interest had the highest accuracy because there was no other group with
a similar topic. On the other side, the set grain had a relatively high number
of articles but the accuracy was lower; as it was mentioned above, three groups
(grain, wheat, and corn) had articles with very similar topics.

5 Conclusions

This research examined text classification using the Support Vector Machines
(SVM) algorithm with three different data sets. The first dataset was 20News-
groups, the second one contained expert medical data having two classes, and
the last one was the standard Reuters dataset. For the newsgroups, the exper-
iments reached very good results—only in one case the accuracy was 85.8%, in
other cases it was around 99%. For the medical data, the best appropriate kernel
provided the accuracy 70.1% that was lower than the baseline 82.76%. With the
Reuters dataset, the results were again very good, even if there were two cases
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100 — T T T T

Accuracy %

trade crude money-fx corn interest grain wheat ship acq earn

Fig. 1. The article length: Accuracy and its diffusion for the Reuters data. The number
near accuracy gives the average article length in a particular category

100 — T T T

Accuracy %

earn acq money-fx grain crude trade interest ship wheat corn

Fig. 2. The article number: Accuracy and its diffusion for the Reuters data. The num-
ber near accuracy gives the number of articles in a particular category

in which SVM could not provide quite satisfactory recognition of the classes.
Different results were obtained because in the categorization of the newsgroups

and of the Reuters dataset each topic group included more different words in
more different topic.

The classification of the medical texts was another thing. The experiments
had to delimit articles in one expert topic. In all the articles both from the
negative and positive class, there were many identical words. The separating
criterion was subjectively given by the opinion of one medical expert. SVM could
not create an appropriate attribute space as the same words were more-or-less
equally used in interesting and uninteresting articles. Another big difference was
in the number of the training instances—in the case of the newsgroups, there
were 500 examples from one group and 500 examples from the other. However, in
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the medical data, just 64 training instances were actually available to obtain the
balanced ratio between two classes (32 interesting and 32 uninteresting because
the negative class included much lower number of instances than the positive
one). If there are only a few training instances, like in this case, noise plays also
a big role. In the Reuters data, there were also different counts of the training
examples but the groups with the higher number of articles had also higher
accuracy. Interestingly, in this case the length of the articles was not important.

Therefore, the conclusion is: having enough training instances which are dif-
ferent enough and balanced enough, it is possible to obtain good classification
results with low errors. The problem is what does the word enough actually
mean. This term is rather fuzzy and its values can change from case to case. Of
course, these parameters co-operate together in some cases—if we have different
topics of the classes (they have a bigger distance from each other) we do not
need so many training instances and vice versa.
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Abstrakt. Problémem souéasného Internetu je absence sémantického popisu
WWW stranek a navazujicich struktur, které by mohly byt vyuzity pro efektivni
vyhledavani. Zménu jisté piinese konstrukce stranek zalozena na sémantickych
nastrojich jako napft. jazyce RDF, v soucasnosti je vSak nutné ziskavat podklady
pro sémantické zpracovani doplikovymi postupy. Prispévek se zabyva
nékterymi z nich.

Systém efektivné podporujici uzivatele WWW pfi jeho praci na siti by mél
mit mimo jiné schopnost pracovat stermy, které se vyskytuji na strankach
navs§tivenych uzivatelem. Ty totiz mohou byt uzivateli nabidnuty jako dal$i
klicova slova ¢i pfimo pouzity pro expanzi dotazii. Aby mohl byt tento cil
splnén, je potieba se kromé detekce vyznamnosti jednotlivych termti zabyvat
téz analyzou vzijemnych vazeb termd mezi sebou a to jak v mnoziné
navstivenych stranek, tak pfipadné i mimo ni.

Ptispévek uvadi nékolik zplsobl zpracovani vazeb mezi termy, které jsou
dale znacné modifikovatelné a vychazeji z reprezentace téchto vazeb ve forme
asocia¢nich pravidel a grafickych struktur, které mohou =z téchto pravidel
vychazet. Jejich hlavnim cilem pak je odhaleni skupin termti majicich silnou
vzajemnou vazbu a tedy vztahujicich se kjednomu tématu ¢i oblasti
zkoumanymi uzivatelem. Diskutovany budou rovn€z mozZnosti uziti jiz
existujicich ontologickych struktur jako doplitkové baze dat pro uvedenou
analyzu.

Kli¢ova slova: web mining, web content mining, podpora uzivatelli, graph
mining, shlukovani, ontologie

1 Uvod

Internet a jeho nejpopularngjsi sluzba WWW daly uzivatelim k dispozici
obrovské mnozstvi dat a informaci. Problémem se vSak stava ne jejich technicka
dostupnost, ale schopnost uzivatele danou informaci objevit.

Systém efektivné podporujici uzivatele WWW pfi jeho praci na siti by mél mit
mimo jiné schopnost pracovat s termy, které se vyskytuji na navstivenych strankach.
Ty totiz mohou byt uzivateli nabidnuty jako dalsi klicova slova ¢i pfimo pouzity pro
expanzi dotazli s pomoci neékteré z vyhledavacich sluzeb.

Zakladnim problémem dneska je bezesporu zpusob ziskavani sémantickych dat,
zvlasté pokud se navic z4jmy uzivatele a tedy i zkoumané domény méni. Pfispévek se

% Piispévek vznikl za podpory grantu &. 34/04 Interni grantové agentury VSE Praha.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 218-225, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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zamétuje na vzajemné vazby mezi termy a uvadi n€kolik zpisobi jejich zpracovani,
které vychazeji zreprezentace téchto vazeb ve formé asociacnich pravidel a
grafickych struktur na nich zalozenych. Jejich hlavnim cilem pak je odhaleni skupin
termd majicich silnou vzdjemnou vazbu a tedy vztahujicich se k jednomu tématu ¢i
oblasti zkoumanymi uzivatelem.

Piispévek vychazi z SirSiho projektu podpory uzivatele v prostiedi WWW, ktery je
rozvijen na Katedfe managementu informaci Fakulty managementu VSE
v Jindfichove Hradci [5].

2  Shrnuti sou¢asného stavu

Problém uzivatelské podpory v prostiedi WWW, zalozené piedev§sim na
technikach Web Miningu (dale jen WM) je dnes velmi aktualni otdzkou, kterou se
zabyva znacny pocet jednotlivct i celych pracovist. Piikladem mohou byt napft. prace
[1, 3, 4]. Podpiirné systémy prakticky vzdy vychéazeji z udaji o chovani a zdjmech
uzivatele shromdzdénych v minulosti.

V tomto piispévku se soustfedime predevsim na postupy spadajici do oblasti Web
Content Mining (WCM), které se zaméfuji na praci s obsashem WWW stranek.
V popisovanych metodach se uplatni i klasické metody umélé inteligence a
operacniho vyzkumu, pfedevs§im nastroje shlukové analyzy, principy tvorby
asociacnich pravidel a metody pro praci s reprezentaci dat v podobé grafu.

Zékladem technik WCM jsou velmi cCasto metody uréené pro zpracovani
dokumentii. Obvykle se pracuje s termy jako zakladnimi popisnymi jednotkami.
Nejcastéji se pouzivaji metody vyuzivajici vektorovou reprezentaci dokumentti [6].

Vyznamnou oblasti vyzkumu je vybér relevantnich termii [1] a odhalovani
vzdjemnych vyznamovych vazeb mezi nimi pro konstrukci pojmovych struktur.
Relevance terml je Casto poméfovana tzv. tf-idf vahou zaloZenou na frekvenci
vyskytu terml v jednotlivych dokumentech a inverzni frekvenci vyskytu dokumentt
s danym termem v celém souboru dokumentii [9]. Pro vyhledavani vyznamovych
vazeb muze byt zajimavou cestou vyuziti pravdépodobnostnich piistupii, napf.
asociacnich pravidel a bayesovskych pravdépodobnostnich siti.

Automatickd extrakce pojmovych struktur nad danou mnozinou textd je velmi
slozity problém, ktery zatim nebyl uspésné obecné vyiesen. Finalni zdsah experta pro
samotné zafazeni pojmu se vSak zatim jevi jako nutny. Popisované pfistupy se snazi
tvorbu a detekci pojmovych struktur podpofit a alespon ¢aste¢né zautomatizovat.

3 Extrakce a analyza vazeb mezi termy

Pro ucely podpory uzivatele by bylo velmi vhodné mit k dispozici dil¢i pojmovou
strukturu zaloZenou na mnoziné termu z navstivenych stranek, kterd by mohla byt
vyuzita pro lepsi navigaci uzivatele. Nize uvedené postupy ukazuji n€kolik cest, jak
podobné struktury ziskat, pticemz diraz je kladen pfedevsim na detekci vyznamovych
vazeb mezi jednotlivymi termy.
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3.1 Ptiprava dat

Uvadéné pfistupy vychazeji z mnoziny dokumenti (napf. WWW stranek
navstivenych v jednom sezeni), jejichZ plné texty jsou k dispozici. Na této mnozing je
nasledné realizovan vybér vyznamnych termil. Ten je v souCasnosti provadén na
zéklad¢ vypoctu upravené tf-idf vahy pro vSechna slova v mnozin¢ dokumentd podle
nasledujiciho vzorce:

N
DG (M

W, _—1
=
nt i=1

kde W, je upravena tf-idf vaha termu t, N, pocet dokumentd, ve kterych se dany
term vyskytuje, N je celkovy podet dokumentii a C; pocet vyskytd termu t v

dokumentu 1. Termy s w, > prah pak tvoii mnozinu vyznamnych termi Vg , ktera
slouzi za zaklad dal$imu postupu. Hodnota prahu je udajem, ktery zadava uzivatel

predevsim podle pozadovaného poctu termil v mnoziné Vg . Kazdy term v uvedené
mnozin¢ je definovan vektorem T, = (I‘t,nt,Ct,Wt), kde I, je nazev termu (slovo) a
C; soucet vSech vyskytii slova v dan¢ mnoZiné¢ dokumentt (viz suma ve vzorci (1)).

Mnozina termt Vg je dale ,,profezdna“ pomoci mnoZiny zakazanych slov VZ
definované uzivatelem ¢i spravcem systému. Vyslednd mnozina V :Vg -V, slouzi

jako zaklad pro ziskani grafické struktury, jejiz uzly budou zkoumané termy a
vzajemné vazby mezi nimi budou zachyceny hranami grafu.

Variantnim postupem, ktery je rovnéz zkouman, je vyuziti prostého slovniku
vyznamnych pojmu o jejichz zatazeni do ontologické struktury ma uzivatel systému
zdjem. Mnozina V pak obsahuje pravé tyto pojmy, pro néZ jsou na zakladé dané
mnoziny dokumentii dopodteny dalsi soufadnice popisného vektoru T;.

Dalsi kroky jsou zalozeny na predpokladu, ze vyznamové blizké termy se

v dokumentech vyskytuji ¢asto spole¢n&. Proto jsou na mnoziné V definovany
dvojice termu (t..t;), pro které je zjiStén pocet dokumentii Oy, ve kterych se oba
termy vyskytuji soucasné. Dale je pouzito postuptt znamych zoblasti tvorby
asociatnich pravidel. Pro kazdy term t; ve dvojici stermem t j lze vypocitat

podminénou pravdépodobnost

o

_ Y i Z
JEE NS g
j

Vypoctem hodnot [3;,; je ukonCena pfiprava dat pro nasledujici postupy. Zde je tieba

upozornit, ze variantné 1ze pro dalsi ivahy pouzit podminénou pravdépodobnost Pi/ j
zalozenou na skute¢nych poctech vyskytu termt a nikoliv na poctu dokumentt, ve
kterych se dané termy vyskytovaly.
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3.2 Detekce podstatnych vztahi

Nasledujici ivaha vychazi z podminénych pravdépodobnosti vypodétenych podle
vztahu (2) pro dva zvolené termy. Pro vytvoteni grafické struktury obsahujici
podstatné vazby mezi termy je zavedena mezni hodnota m D<0,l>, kterd je pouzita

pro odliseni riznych vztahti mezi termy. RozliSované typy vazeb jsou nasledujici:

(p; ;> m) (p i < M) - lze usuzovat, Ze term {; se vyskytuje ve vétsim
poctu dokumentd, nez term t i-Z hlediska vzajemného vztahu je tedy term
t; termem obecngjsim, ast&ji pouzivanym.

* (Pi; <mU(p;,; >m) - vtomto ptipadé se term t; naopak vyskytuje
v omezeném podtu dokumentd a to vyrazné mensim, nez term t ji-Z hlediska
vzajemného vztahu je tedy term {; termem specializovan&j$im.

. (pi/j >m) 0( P> m) - termy t; a '[j se vyskytuji Casto pravé spolecné

a Ize tedy usuzovat, Ze jejich vzajemny vztah je vyvaZeny nebo rovnocenny.
*  (Piy; <M U(p;,; <m) - tato situace jasné ukazuje na malou vazbu mezi

termy t; a t; . Jejich spolecny vyskyt je tedy spiSe nahodny.

Ve vytvatené grafické struktuie jsou pak pouze hrany, které spliiuji podminky
uvedené v prvnich tiech ptipadech. Na zaklad¢ odliseni téchto tii typl vazeb je mozné
transformovat neorientovany graf na graf orientovany. Hrany definované mezi termy
a orientované podle vyse uvedenych vztahti mohou pak poslouzit k ziskani mnoziny
obecnéjSich  (nadfizenych),  konkrétngjSich  (podfizenych) a  podobnych
(rovnocennych) termil.

Pfi uziti popisovaného postupu je vSak potfeba mit stale na paméti skutecnost, ze
ziskany orientovany graf neni zachycenim pouze vyznamovych vztahtl. Obsahuje i
mnoho dalsich vazeb, které neni mozné vyuzit pii tvorbé doménové pojmové
struktury. V této fazi je stile nutné vyuziti experta, ktery bude schopen vyloucit
nadbytecné a nepotiebné vztahy, kterych vsSak, diky nékteré z popsanych metod
vybéru termi do mnoziny V | nemusi byt mnoho.

Pii experimentech popisovanych vtomto bodu byla také zkouméana moznost
vyuziti stdvajicich ontologii a pfipadna podobnost ziskanych grafickych struktur. Pro
tento ucel byla zvolena ontologie WordNet [11]. Jeji ¢ast obsahujici podstatnd jména
byla nejprve pievedena do grafické reprezentace. Snahou bylo porovnat tuto strukturu
s vystupy popsaného algoritmu, a to jak z hlediska zpracovavanych termt, tak
z hlediska detekovanych vazeb mezi nimi. Bohuzel je nutné konstatovat, ze tento
experiment nemél pfili§ dobré vysledky, obé mnoziny obsahovaly jen malé mnozstvi
shodnych termi. Tento stav je mozno vysvétlit dvéma zptsoby:

* Nastroje pro piipravu dat pro popsany algoritmus nezachytily vsechny
podstatné termy. Bude nutné dale zlepsit pfipravu dat a disledné provadét
lematizaci termu.

*  Popisovany algoritmus byl testovan na cca 10 000 WWW strankach se
zaméfenim na web mining, data mining a analyzu dat. Jednalo se tedy o
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specifickou oblast se specifickou doménovou ontologii. Uzivatel WWW se
vsak obvykle zabyva takovouto specifickou oblasti. Oproti tomu WordNet je
typ upper level ontologie, takZe danou oblast detailn¢ nepokryva.
Je tedy otevienou otazkou vyzadujici dalsi testovani, zda ontologie typu WordNet
bude pro popisované ucely viibec vyuzitelna.

3.3 Detekcee silné propojenych podgrafi

Asociacni pravidla ziskana na zakladé vzorce (2) Ize také pouZit pro konstrukei
pravdépodobnostni sité zachycujici vazby mezi jednotlivymi termy. Jedna se o
orientovany graf, kde uzly reprezentuji termy a ohodnocené hrany jejich vztahy.

Vazba od termu t i k termu {; byla definovana jako podmin&na pravdépodobnost

vyskytu termu [3;,; podle vztahu (2).

Pro detekei silné propojenych podgrafii na takto ziskané grafické struktuie byl
definovan nize popsany zakladni algoritmus, jehoZ cilem je objevit v grafu podgrafy
(shluky uzlit) s vétsim poctem vnitinich vazeb, nez je obvyklé v grafické struktuie
jako celku.

Cely postup shlukovani do K shluki je mozné zjednodusené formalizovat do
nasledujicich krok:

1. Ze seznamu vSech uzld grafu vyberme jeden uzel, ktery se stane zarodkem
prvniho shluku a vytvotime pro tento uzel seznam jeho sousedi, do které¢ho

piiddme i uzel samotny. Kazdy shluk je tedy popsan mnozinou M, svych
prvkd a mnozinou R, vzniklou rozsifenim mnoziny prvki M, o uzly tvofici

nejblizsi okoli shluku.
2. Ze seznamu dosud nezafazenych uzli (které dosud nejsou v zadné mnoziné

M, ) vybereme jeden a vytvotime seznam jeho sousedd.

3. Pro viechny existujici shluky porovname mnoZziny R, se seznamem sousedt

vybraného uzlu.
4. Vybrany uzel pfidame do toho shluku, pro ktery se naslo nejvice spole¢nych

prvki pfi porovnavani v kroku 3. Mnozina R; daného shluku se aktualizuje.

Pokud se v kroku 3 nenasly ani pro jeden shluk spole¢né prvky, je pocet
shlukil zvysen o jeden, jehoz jedinym prvkem se stava vybrany uzel.
5. Pokud stale nejsou zatazeny vSechny uzly grafu, vracime se ke kroku 2.

Z podstaty uvedeného algoritmu jasn¢ vyplyva, ze ziskané podgrafy nemohou
obsahovat stejné uzly (termy) a musi byt tedy disjunktni.

Cely naznaceny postup v sob¢ skryva mnoho mist k modifikaci. Jednim z nich je
definice funkce pro nalezeni sousedti uzlu. Nemusi napt. hledat pouze bezprostredni
sousedy, tedy uzly s nimiz ma vybrany spole¢nou hranu, ale i jejich nasledniky do
libovoln€ nastavitelné hloubky prohledavani. Rovnéz mizeme sledovat nejen
nasledniky uzlu, ale i uzly, z nichZ je na nas uzel odkazovano, tedy pfedchtidce.
Algoritmus muize byt rovnéz modifikovan, aby respektoval ohodnoceni hran a
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akceptoval pouze sousedy piistupné pies hrany s hodnotou vyssi nez zadany prah.
Uvahy mohou byt rovnéz vedeny o zpiisobu vybéru uzlii z jejich mnoziny. Prozatim
byl pouzit ndhodny vybér.

Ve zkoumané grafické struktute je nutno definovat kritérium kvality shlukovani.
To vychazi z predpokladu existence miry vzdalenosti (nebo sily vazby) mezi dvéma
uzly. Mirou kvality rozdé€lent je pak

krlt |nter (3)
thra
Kritérium vychazi ze sily vzajemné vazby, proto se snazime o jeho minimalizaci.
Mira vnitroshlukové vazby je Vypoétena J ako

Vira = % ;Z} IZV'J ’ 4
m.(m, —1 ==L
Z (m = 1)

kde K je pocet shluk, M, pocet uzlii ve shluku | a V;; Je rovno ohodnoceni hrany

Pi, j » pokud hrana mezi ta '[ existuje, jinak Vi = =0. Vyraz V.. udava

intra
pramérnou hodnotu [3;, ; vnitroshlukovych hran vztaZenou k maximalni moZné

hodnot¢ vychazejici z maximalniho poctu takovych hran. Primér je vypocten pres
vsechny shluky. Podobné vyraz

Vinter - k(k 1)2 Z Xy (%)

x=1 y=1,y#x
udava primérnou silu vazeb mezi Jednothvymi shluky. Hodnota

——ZZV., (6)

y i=1 j=1
udava primérnou silu vzajemnych Vazeb mezi shluky X a Y opét vztazenou

k maximalnimu moznému poctu vzajemnych vazeb.
Popsana definice kvalitativniho kritéria shlukovani je pouzitelna rovnéz pro

neorientované grafy, kde bude Vi =V;

Vzhledem k pouzitému nahodnému vybéru uzli z celkové mnoziny je nutné

uvedeny vypocet provést opakovang, pticemz jako vystup je vybrano takové rozdéleni
S termt do shluk, pro které je hodnota Krit nejmensi.

Vystupem celého algoritmu je mnoZina podgrafi, pfi¢emz v kazdém z nich se
nachazeji termy majici silny vzéjemny vztah. Pfedmétem vyzkumu ztstava, jak
jednoduse reprezentovat ziskané shluky. Zda je napt. mozné vybrat jediny term pro
jeden shluk a jaky postup pro jeho vybér zvolit.
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4 Dalsi postup

Navrzené metody zpracovani vzajemnych vazeb mezi termy jsou neustdle
vyvijeny a ovéfovany. Dal$i postup praci se bude zamétovat predevs§im na eliminaci
nékterych dale uvedenych problémul.

Zakladni vylepseni musi byt provedeno v oblasti sbéru a pfedzpracovani vstupnich
dat, kde se ukazuje jako velmi potiebné provést lematizaci termd. Vhodné bude se téz
zabyvat nastroji pro generovani viceslovnych termi.

Vyzkum bude rovnéz pokracovat v oblasti metod umoziujicich automatickou
redukci poctu vazeb v orientovaném grafu na zakladé ohodnoceni hran a testovani
algoritmt pro detekci siln€ propojenych podgrafi.

Pozornost bude do budoucna vénovéna i co nejefektivnéjsi implementaci
popsanych postupli nebot’ zejména vypocet kriterialni funkce je Casoveé velmi
narocny.

Oteviené pole pro dalsi experimenty je téZ v oblasti mozného vyuziti stavajicich
ontologii pro zlepSeni efektivity celého systému.

5 Shrnuti

Tak jak jiz bylo uvedeno v uvodu ¢lanku, zde prezentované postupy maji za cil
pomoci pfi konstrukci systému pro podporu uzivatele WWW a zaméfuji se na
zpracovani a vyuziti vazeb mezi podstatnymi termy v mnoziné dokumentt.
Popisovana metodika je v soucasné dobé dale rozvijena a testovana na rozsahlé
mnozing cca 10000 WWW stranek.
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Annotation:
The Use of Term Links for the WWW User Support.

The problem of Internet is the absence of semantic description of web pages. In the
future new languages for semantic description will be used (i.e. RDF) but today it is
necessary to find another way to obtain semantic description. This paper is a part of
outputs of broader web user support project that is solved on the Department of
Information Management, Faculty of Management, Univ. of Economics in Jindfichtiv
Hradec, Czech. Rep.

One of the features of the web support system should be the ability to work with
terms from visited web pages. These terms can be presented to the user as new
keywords or can be directly used for search request expansion. To fulfill this goal it is
necessary to deal not only with the terms but also with their links to each other on the
set of visited pages or also globally.

The contribution deals with several methods of term links processing. These methods
are very flexible and the bases for them are association rules derived from the link and
graph structures which are based on them. The main goal is to detect groups of terms
with strong links between terms in each other. We can assume that these terms are
connected to one subject explored by the user. The possibilities of using existing
ontologies for obtaining better results will be also discussed.
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Abstrakt. Asocia¢ni pravidla byla prvopldnové navrZena jako ndstroj pro
vyhleddvani vazeb mezi bindrnimi atributy. PfestoZe je pfechod na domény
obsahujici i jiné typy atributl relativné pifmocary, mizZe pii ném dochéazet ke
ztraté uzitecné informace. To plati zejména v pripadé atributl, jejichZ hodnoty
Ize uspofadat - ordindlnich atributii. Rozliéné zpisoby jejich transformace na
bindrn{ atributy mohou vést ke kombinatorické explozi a v kone¢ném dusledku
i k velkému mnoZstvi nevyznamnych pravidel. Clanek diskutuje alternativni
piistup, ve kterém cedenty nejsou tvoieny konjunkci literald, ale jednoduchymi
operacemi zachovavajicimi uspotddani.

Kli¢ova slova: ordindlni atribut, asociaéni pravidlo, dolovani znalosti.

1 Uvod

V dosud publikované literatufe pfistupuji rizni autofi k problematice generovani
asociacnich pravidel s ordindlnimi atributy odliSn€. Zavadi odliSnou terminologii i
postupy. Shoda vSak panuje v tom, Ze standardni postupy, které se pouZivaji u
bindrnich ¢i kategoridlnich atributd, jsou neefektivni s casto nelogickymi Cci
nepouzitelnymi vysledky. Spojité ¢i diskrétn{ atributy, jejichZ hodnoty lze uspotadat,
s sebou pfinadSeji fadu specifik. Prvnim dilezitym faktorem je optimalizace
automatické diskretizace spojitych atributi. Dals{ otdzkou je méfeni kvality ziskanych
pravidel. Néktefi autofi pouzivaji klasické miry jako podpora (Supp) a spolehlivost
(Conf) [2], [3], [4], [8], ptipadn¢ je doplnuji dalsimi pomocnymi ,,zajimavostnimi”
mérami. Dal$i autofi poukazuji na to, ze v ptipad¢ ordindlnich atributi je vhodné&jsi
pouziti jinych mér [5], [6], [9], [10] a [11].

Napf. v [5] jsou navrzeny miry zalozené na poloze jednotlivych bodt v prostoru a
jejich vzdalenosti, v [10] jsou mirou kvality statistické ukazatele, v [9] a [11] jsou v
prvni fazi pravidla hodnocena podobnymi ukazateli jako podpora a spolehlivost, ale
ve druhé fazi generovani konkrétnich pravidel je pouZita nové definovand intenzita
inklinace. My budeme k hodnoceni pravidel pouZivat podporu a spolehlivost
doplnénou o kvantifikdtor zdvihu (Lift).

Vlastni algoritmy generovdni pravidel jsou si v principu podobné. Nejdiive se
naleznou vhodné intervaly hodnot ordindlnich atributti a ty jsou pak vyuzity v
bindrnich testech tvoficich zdklad tvorby tradi¢nich asociacnich pravidel. OdliSnosti
spocivaji v metodice vytvareni intervalll a v urCovani kvality pravidel. Za nejvice
odliSny mtzeme oznacit piistup prezentovany v [9] a [11]. Ten je zaloZen na
myslence mapovani ordindlnich kategorii na fadu za sebou nasledujicich celych cisel

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 226-233, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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tak, Ze ordindlni vyznam kategorii zlstane zachovéan (vyS$ka: maly > 0, stiedni > 1,
velky = 2). Mapovani plni soucasné roli transformace do mnoZiny celych ¢isel a
normalizace. Levé a pravé strany pravidel (v dal$im textu oznacované jako cedenty)
se vytvareji tak, Ze se hodnoty jednotlivych atributi scitaji. Zavislost cedentli se
posuzuje na zdkladé veliCiny intenzity inklinace, asociace se vyhleddvaji pouze u
zavislych cedentl. Zjistovanim zdvislosti cedentti a identifikaci oblasti zesilené
asociace se redukuje prohleddvany prostor pravidel a omezuje moZnost nalezeni
nahodilych souvislosti.

Pravé popsanym postupem se inspiruje i piistup zvoleny v tomto textu. Numerické
atributy jsou nejprve prevedeny na diskrétni ordindlni. Z ordindlnich atribut se
operacemi s¢itdni a odcitani vytvaieji cedenty. Pouze u zdvislych cedentl jsou
vyhleddvny oblasti zesilenych asociaci, tyto oblasti jsou popsdny a ndsledné
rozloZeny na klasick4 asocia¢n{ pravidla, tedy asociace mezi konjunkcemi literdlu.
Diskretizace spojitych atributti neni z prostorovych diivoda diskutovéna. Kapitola 2 se
zabyvd vytvafenim pravidel nad cedenty délky 1 (trividlni cedenty). Testuje
nezévislost cedentl a rekapituluje postup, jak pro zdvislé trividlni cedenty vytvéret
asociacni pravidla. Klicovd kapitola 3 diskutuje vytvafeni netrividlnich cedentd
zaloZenych na vice atributech. Soucasné zobecnuje postupy uvedené v kapitole 2.
V kapitole 4 je navrzeny postup porovnin s tradicnimi metodami vytvafeni
asociacnich pravidel. Srovnéni je provedeno nad redlnou doménou STULONG [12].

2 Pravidla s trivialnimi cedenty

Pro jednoduchost uvazujme nejprve pravidla vyjadiujici vztah pouze mezi dvéma
trividlnimi cedenty. Testovani nezdvislosti cedentli se redukuje na dobfe znimou
tilohu testovdni nezdvislosti kategoridlnich atributii, pouZijeme 2'test dobré shody.
Vyfazujeme vzdjemné¢ nezdvislé cedenty, ¢imZ zabranime vytvafeni potencidlné
nahodilych pravidel. Zkusme otestovat zavislost cedentil vyska a vdha osoby. Na
obrazku 1 je pifsluSnd kontingencni tabulka (oba atributy jsou diskretizovdny do 5
kategori{) a rozdilovd tabulka skuteCnych a ocekdvanych hodnot za predpokladu
nezdvislosti.

skutecné  VAHA razdil VAHA
1 2 3 4 5 1 2 3 4 5
WSKA 1 77 77 A 12 3 28|WSKA 1 58 21 -3 -2 -12 0
2 % 127 12 b 6 3% 2 15 B8 5 D -18 0
3 24 B 143 & 17 337 3 47 1 X 8 8 0
4 14 72 127 % D K3 4 B8 2 14 27 9 0
5 1 17 & 8 4 19 5 -8 -3 40 2 0
171 386 463 284 106 1409 0 0 0O 0 © 0

Obrazek. 1. Kontingencni tabulky skute¢nych a rozdilovych hodnot cedenti VYSKA a VAHA

Vyska a vdha jsou evidentné zdvislé (p<<0.001), pokracujeme tedy vyhleddvanim
asociacnich pravidel. Vychdzime z rozdilové kontingencni tabulky, zamétujeme se na
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oblasti kladnych hodnot, které odpovidaji oblastem zesilené asociace. Hledame
nejveétsi obdélniky obsahujici vyhradné kladné hodnoty (viz. obrazek 1). Z kazdého
obdélniku ziskdvdme jedno pravidlo, pravidla ohodnotime pomoci klasickych mér
kvality jako je podpora, spolehlivost a zdvih [2].

Tabulka 1 - pravidla a jejich méFitka kvality

¢. pravidlo spolehlivost ~ zdvih  podpora
1 vyska=1.2 2> vaha=1..2 0,64 1,61 0,24
2 vyska = 1..3 2> vaha=2 0,34 1,25 0,21
3 vyska=3 -2 vaha=2..3 0,70 1,16 0,17
4 vyska=3.4 > vaha=3 0,39 1,19 0,19
5 vyska=4 - vaha=3.4 0,75 1,24 0,18
6 vyska=4.5 > vaha=4.5 0,47 1,70 0,18

3 Generovani pravidel s netrivialnimi cedenty

Pro cedenty jednotkové délky jde o trividlni postup. Asociacni pravidla v§ak obvykle
tvoiime pfedev§im pro netrividlni cedenty, tj. chceme kombinovat vice ordindlnich
atributll na strané antecedentu nebo sukcedentu. Problém, ktery potfebujeme vyfesit,
je, jak reprezentovat hodnoty vice atributti hodnotou jedinou.

ReSenim miize byt prosté sedteni nebo odeéteni hodnot jednotlivych atributi.
V ptipadé€ dvou atributi tvoficich antecedent miizeme uvazovat bud’ s¢itdni A+B nebo
odcitani A-B, zbylé moZnosti -A-B, B-A jsou pouhym doplitkem pfedchozich dvou.
Jaké jsou rozdily mezi t€émito dvémi moZnostmi? Méme ndsledujici situaci. A a B
jsou ordindlni diskretizované atributy, nabyvaji ndhodn¢ a na sob¢ nezavisle hodnot 1
az 5. Atribut C nabyva také hodnot 1 az 5 a je na atributech A a B zavisly. V 80%
hodnot je pfimo imérny hodnoté A a B. Tato zavislost je linearni. Ve zbylych 20%
pfipadl je hodnota atributu C ndhodnd. Na obrizku 2 mame vyznacené oblasti
kladnych hodnot v rozdilovych kontingencnich. V prvnim piipad¢ ziskdme hodnotu
antecedentu AB souctem A+B, ve druhém pifpadé rozdilem A-B.

A+B C A-B Cc
1 2 3 4 a 1 2 3 4 a

AB AB

Lu st [ o R S R )

e b = O Loy o e

o

Obrazek 2. Oblasti kladnych hodnot v rozdilovych kontingernénich tabulkach

Z obrazku je ziejmé, Ze nejcitelnéjsi a nejvyhodnéjsi obrazec pro dalsi generovani je
ziskdan pokud je netrividlni atribut utvofen podle toho jak jeho jednotlivé trividlni
atributy ovliviiuji atribut na stran¢ sukcedentu. A to tak, Ze pokud je hodnota atributu
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sukcedentu pfimo Umérnd hodnoté atributu antecedentu, tak hodnotu ve vypoctu

netrividlnitho atributu pfic¢itime a pokud je nepiimo Umérnd, hodnotu odecitime.

Y,

Hodnota #° je také vy$§i pokud je cedent utvofen ve shodé s tim, jak ovliviiuje cedent

na opacné stran¢ pravidla. Pokud jej vytvoiime nevhodné, pak hrozi riziko, Ze
nenalezneme existujici zavislost a pomineme vyznamnd pravidla. Vyvstiva tedy
problém optimalniho vytvareni cedentl. Jednoduchym feSenim je hodnoceni pomoci

Vv

testu nezdvislosti. Antecedentovd kombinace, kterd dosdhne vy3¥f hodnoty #°, zfejmé

vice ovliviluje sukcedent a je zde ptredpoklad nalezeni ,.kompaktnéjSich* pravidel.
Piipomenime, Ze vicendsobné testovdni nezdvislosti k Casové ndroCnosti celého
algoritmu pfispivd minimalné.

Nyni jiz pfistupme ke generovani pravidel. Budeme hledat z4vislost sukcedentu
SUBSC (koZni fasy subscalpular) na antecedentu TRIC/SYST (kombinace koZni fasy
triceps a systolického tlaku). Hodnota % je vyS§{ vytvofime-li antecedent

TRIC/SYST sectenim hodnot atributi TRIC a SYST neZ jejich odeétenim. Oba
antecedentové atributy nabyvaji po diskretizaci hodnot 1 az 5, souctovy antecedent
TRIC/SYST tedy nabyva hodnot 2 a7z 10. Aplikujeme postup uvedeny v kapitole 2,
pro vsechny obdélniky rozdilové kontingencni tabulky zavddime navic dvé méfitka
kvality Tc a Pp [9]. Tc je podpora daného obdélniku a Pp je pomér kladnych hodnot
obsazenych v daném obdélniku a souctu vSech kladnych hodnot v celé tabulce. Z
téchto obdélniki (potaZzmo pravidel) vyradime ty, které nespliiuji podminky
minimdlni Pp a Tc. Vhodnou volbou méfitek Tc a Pp dochdzi k dalsi vyrazné dspote
prohledavaného prostoru pfi témet nulové ztraté generovanych pravidel a nalezenych
z4vislosti.

TRIC 3 9

c D
Obrazek 3. Vybrané obdélniky v zajimavé oblasti catributt TRIC/SYST.

Uvazujme, 7Ze jednim z pravidel ziskanych dosavadnimi kroky je i pravidlo
TRIC/SYST = 7..10 > SUBSC = 5. Nyni je tfeba provést dekompozici cedentu
TRIC/SYST. Situaci demonstruje obrazek 3. Cervené je vyznatena oblast, kterd
odpovida souctu atributd TRIC + SYST = 7..10, tj. oblast odpovidajici antecedentu
naseho pravidla. K rozkladu musime evidentné testovat v§echny obdélniky, které 1ze
vytvofit uvnitf inkriminované oblasti. Na obrdzku 3 jsou jako piiklad vybrané ctyfi
obdélniky. V tabulce 2 jsou pravidla, kterd odpovidaji témto obdélnikiim i s jejich

Vs v/

meritky kvality. M¢éfitka opét slouzi k eliminaci pravidel. Lze pouzit napiiklad
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jednoduchou heuristiku, kterd pro kazdy obdélnik vybird maximalné 2 pravidla. Prvni
s maximdalni podporou, druhé s maximdlnim zdvihem (resp. spolehlivosti), oboje
pouze v ptipad¢ piekroceni prahovych hodnot. V nasem piikladu jde o pravidla B a C.
Zavislost poctu generovanych pravidel na veli¢indch minimdlni podpora, spolehlivost
a zdvih je téméf linedrni.

Tabulka 2 - pravidla ziskana z vyznac¢enych obdélniki A, B, CaD

obd. pravidlo spolehlivost zdvih podpora
A TRIC =2.4 ASYST =5 > SUBSC =5 0,18 1,64 0,02
B TRIC =5 ASYST=5-> SUBSC=5 0,60 2,10 0,09
C TRIC=4.5ASYST=3.5->SUBSC=5 0,46 1,60 0,17
D TRIC =3..5 ASYST =4 2> SUBSC =5 0,38 1,31 0,05

4 Srovnani s klasickym pristupem

V tomto odstavci srovndme ordindlni piistup s piistupem klasickym. Ve zvolené
modifikaci klasicky pfistup vyuzivd stejné diskretizace jako ten ordindlni.
Z ordindlnich atributli ovS§em generuje atributy binarni. Pouzivd metody intervald, tj.
bindrni atribut vyjadiuje pfislusnost k mnoZing sousedicich kategorii tvoticich interval
dané délky. Parametrem je maximalni délka intervalu. Pracujeme-li s atributem, jehoz
hodnoty jsou rozdéleny do kategorii 1,..,5 a maximdlni délkou intervalu 2, miZeme
generovat intervaly {1}, {1,2}, {2}, {2,3}, atd. Nasledné ovéfujeme vSechny jevy
vyjadfitelné konjunkci daného poctu bindrnich testl. Klasicky pfistup budeme
reprezentovat systémem LISp Miner, procedurou 4ft-Miner [13]. Srovnani provedeme
nad redlnou doménou STULONG. Jde o epidemiologickou studii primédrni prevence
aterosklerézy. Redlné vysledky zaméfené na analyzu trendl vyuZzivajici ordindlnich
asociacnich pravidel byly zpracovdny a prezentoviany na Discovery Challenge
ECML/PKDD 2004 [14]. V rdmci srovndni budeme pracovat s databdzi obsahujici
859 zdznamd. Jeden zdznam odpovida jedné sledované osobé, kazda osoba je popsdna
10 ordindlnimi atributy jako napf. védha, vyska, tlak nebo cholesterol. KaZdy atribut je
diskretizovén do 5 kategorii.

Casovou ndro¢nost obou piistupti budeme hodnotit na zékladé podtu provedenych
verifikaci, tj. u kolika kandidatskych pravidel ovétujeme splnéni pfisluSnych mér
kvality. Nejprve budeme studovat nartist poctu verifikaci s rostoucim poctem atributi
v databdzi (levd ¢dst obrazku 4). Pocet atributi nejprve uméle omezime na 5, pak
postupné budeme zvySovat aZ do maximdlniho poctu 10. Antecedent je v tomto
experimentu tvoien 2 atributy (md délku 2), sukcedent mé délku 1. Délka intervall
jednotlivych atributli je mensi nebo rovna 3.

Je vidét, Ze u klasického pfistupu roste pocet verifikaci velmi rychle. Pro 10 atributt
je pocet verifikaci vyssi nez 300 000. U ordindlniho ptistupu (Pp = 0,1; Tc = 0,1) je
pocet verifikaci pfiblizné 30 000. Pocet nalezenych pravidel je pfitom fadové stejny
(viz. déle). Ordindlni piistup fadu verifikaci eliminuje testovianim nezavislosti
cedentll, k dal$imu zjednoduseni dochdzi zaméfenim na oblasti zesilené asociace -
obdélniky s kladnymi hodnotami v kontingen¢ni tabulce.
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Obrazek 4. Zavislost poctu verifikaci na po¢tu atributii a délce intervalu.

U klasického ptistupu tvoii verifikace pravidel prakticky 100% c¢asové ndro¢nosti. U
ordindlniho pfistupu je tomu jinak, verifikace konkrétnich pravidel tvoii od 60% (u
relativn€ nezavislych dat) do 90% (u velmi zavislych dat) celkové ¢asové narocnosti.
Zbyly cas je spotfebovdn na optimalizaci konstrukce cedentl, testovani jejich
nezdvislosti a identifikaci oblasti zesilené asociace. I tak vSak dosahuje celkova
Casova naroc¢nost maximalné 15 az 20% klasického piistupu.

Vyhoda ordindlniho piistupu dile narlstd pokud zvySujeme maximalni povolenou
délku intervalu (uvazujeme vsech 10 atributt, zbylé parametry jsou nastaveny stejné
jako v predchozim experimentu). Z pravé ¢ésti obrazku 4 je zfejmé, Ze jiz pii délce 5
je pocet verifikaci v klasickém pfistupu az 35 ndsobny ve srovnani s ordindlnim.

Pro vétsi délky intervalu je u klasického piistupu pocet pravidel zhruba tfikrat vyssi.
Jedna se vSak vétSinou o opakujici se pravidla, kterd nijak nepfispivajici k celkovému
porozuméni zdvislosti mezi cedenty. U ordindlniho pfistupu stoupd pocet pravidel
pomalu zejména proto, Ze z kazdého obdélniku vybirdme pouze 2 nejlepsi pravidla.
Omezeni zajiStuje, Ze nejsme zahlceni mnoha podobnymi pravidly popisujicimi
stejnou nebo pifbuznou asociaci.

Srovndvani poctu nalezenych pravidel (asociaci) vSak obecné nemlZzeme provadet pti
stejnych hodnotdch parametrti minimaln{ podpory, spolehlivosti a zdvihu. Jak jiz bylo
uvedeno difve, u ordindlniho pfistupu slouZi tato méfitka spiSe k eliminaci velmi
Spatnych pravidel. U ordindlntho pfistupu pifi mnohem niZ§ich métitkdch kvality
dosahujeme aZ o 90% méné verifikaci, fddove stejného poctu generovanych pravidel
a stejného €i vysSiho poctu nalezenych asociaci. Z toho také vyplyvd, Ze poméry
pocet pravidel / pocet verifikaci, pocet asociaci / pocet verifikaci a pocet asociaci /
pocet pravidel je u ordindlniho pfistupu mnohem vyssi.

Jak bychom nastavili jednotlivé parametry tak, abychom obdrzeli pfiblizné stejné
pocty pravidel? Pokud ve zvolené doméné u klasického pfistupu volime
MinSupp=0.1, MinConf=0.6 a MinLift=0.8, ziskdme pii 212 631 verifikacich 449
pravidel postihujicich 94 riznych asociaci (odliSnost asociaci byla hodnocena
subjektivng). Pokud volime u ordinalniho piistupu MinSupp=0.05, MinConf=0.4,
MinLift=0.5, Pp=0.1 a Tc=0.1 ziskdme pii 19 321 verifikacich 509 pravidel
postihujicich 207 rtznych asociaci. Je tedy zfejmé, Ze u ordindlniho piistupu lze
vyhledavat i slabsi asociace bez kombinatorické exploze spojené se sniZovanim
prahovych hodnot.
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Riziko vynechani asociace u ordindlniho pfistupu hrozi pokud je sukcedent zavisly na
jednom ze dvou antecedentovych atributii a na druhém zavisi minimaln¢. Pokud napf.
plati A=vysoké & B=nizké -> C=nizké a A=nizké & B=vysoké > C=vysoké, pak je
soucet A+B pii vytvareni antecedentu pokazdé stejny. Pfitom C je jednou nizké a
jednou vysoké. To by vSak znamenalo, Ze cely fadek v rozdilové tabulce by byl
kladny. To je vSak nemozZné, protoZe rozdilové tabulce musi byt soucty fadkl a
sloupcti nulovy. VétSinou je vSak z ostatnich ziskanych pravidel ziejma klicova role
daného jednoho atributu.

5 Zavér

Clének diskutuje problematiku ziskavani ordinalnich asociagnich pravidel. Inspiruje
se piistupy navrZzenymi v literatufe a navrhuje vlastni algoritmus pro dolovani
asocia¢nich pravidel v ordindlnich doménédch. Postup je zaloZzen na mysSlence
testovani zdvislosti cedentd. Piipadné numerické atributy jsou nejprve prevedeny na
diskrétni ordindlni. Z ordindlnich atributd se vytvédieji cedenty jednoduchymi
operacemi s¢itini a od¢itani. Pouze u zdvislych cedentli jsou vyhleddvny oblasti
zesilenych asociaci, tyto oblasti jsou popsdny a ndsledn¢ rozloZeny na klasicka
asociaéni pravidla, tedy asociace mezi konjunkcemi literali. Clanek se zabyva volbou
vhodného algoritmu diskretizace numerickych atributli, optimalizaci metod vytvareni
a testovani zdvislosti cedentl a také postupy jejich ndsledného rozkladu. NavrZeny
postup je porovndn s tradiénimi metodami vytvédfen{ asociacnich pravidel.
Navrhovany postup nelze chapat jako postup cisté konkurenéni k tradicnim metoddm
dolovani asociacnich pravidel zaloZenych na variantich algoritmu APRIORI
Dtivodem je to, Ze se nejedna o uplny algoritmus zarucujici nalezeni vSech pravidel
vyhovujicich vstupnim mirdm zajimavosti pravidla. Problematicka je také kombinace
ordindlnich a nomindlnich atributi majicich vice nez 2 kategorie. Tyto vlastnosti vSak
mohou byt v fadé piipadi ,pln€” vyvdZeny mensi sloZitosti algoritmu danou
vyznamné mensim pocCtem ovéfovanych asociaci. Ta v dusledku vede k mensimu
poctu generovanych pravidel pii soucasném omezeni jinak obvyklych podobnosti
mezi jednotlivymi pravidly. Tyto vlastnosti se mohou piiznivé projevit zejména pfi
praci s rozsdhlymi databazemi, popiipadé v situacich, kdy vyhleddvime sloZzité
asociace vyjadiené kombinaci vétStho poctu literald.
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Annotation:
Ordinal association rules mining

Association rules have exhibited an excellent ability to identify interesting association
relationships among a set of binary variables describing huge amount of transactions.
Although the rules can be relatively easily generalized to other variable types, the
generalization can result in a computationally expensive algorithm generating a
prohibitive number of redundant rules of little significance. This danger especially
applies to ordinal variables. The paper presents and verifies an alternative approach to
the ordinal association rule mining. In this approach, ordinal variables are not
immediately transformed into a set of binary variables. Instead, it applies simple
arithmetic operations in order to construct the cedents, tests their independence and
searches for areas of increased association which are finally decomposed into
conjunctions of literals. This scenario outputs rules that do not syntactically
differentiate from classical association rules.
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Abstrakt. Clanok popisuje postup, ktorym je mozné generovat’ konceptudlne
modely textov pisanych v prirodzenom jazyku. Vystup je vo forme sémantickej
siete kde si pojmy a relacie medzi pojmami indukované danym textom.
Indukovana sémantickd siet’ sa snazi modelovat’ vyznam textu. Hlavnou
motivaciou je moznost' automatickej kvantifikacie vyznamovej podobnosti
textov v prirodzenom jazyku.

Krudové slova: konceptualizacia, generovanie ontologii, extrakcia znalosti.

1 Uvod

Ontoldgie, ako jedny z foriem vyjadrenia znalosti, sa stavaju stale viac popularnymi
v oblastiach znalostného inzinierstva, systtmov manazmentu znalosti, az po systémy
pre spracovanie prirodzeného jazyka. Podporuju procesy vyhl'adévania relevantnych
informécii obohatenim danych informacii o tzv. “background znalosti*.

Manualne pristupy vytvarania ontologii s vsak prili§ nakladné, asovo narocné

a kladu vysoké poziadavky na ich tvorcu - experta. Expert musi mat’ dobré znalosti

o doménovej oblasti, ktort modeluje. Preto coraz Castejsie sa objavuju snahy

o zautomatizovanie daného procesu [7], [9], [10], [12].

V nasledujucich kapitolach prispevku bude popisany nami navrhovany spdsob
generovania konceptualnych popisov (doménovj ontoldgie) pre textové dokumenty v
prirodzenom jazyku.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 234-241, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2  Ziskavanie znalosti z textu

Vo v§eobecnosti, ziskavanie sémantickych znalosti z textu je kI'i¢ova a vo svojej
podstate dost’ naro¢na tlloha. Narast zaujmu o ziskavanie sémantickych znalosti

z obrovskych textovych datovych mnozin (korpusov) vedie k vyvoju novych
automatizovanych metod, ktoré v sebe skibujii techniky z oblasti Strojového uéenia
(ML) a Spracovania prirodzeného jazyka (NLP). Cubovolny textovy dokument nie je
len sustavou slov, fraz a viet v zmysle syntaktickej stavby daného textu, ale je tvoreny
sémantickymi jednotkami popisujicimi vyznam jednotlivych termov. Porozumenie
textu si vyzaduje lingvistické znalosti tykajtice sa morfologie slov, sémantiky
(vyznamu) slov, Struktiry viet, susednosti slov a pod. Tieto dodatocné informacie sa
mozu zahrnit’ do reprezentacie dokumentu a tym lepsie pochopit’ jeho obsah. Medzi
zakladné problémy, s ktorymi sa stretavame pri procesoch spracovania textovych
dokumentov patria:

e synonymicky problém — ten isty pojem, resp. jeho vyznam sa dé vyjadrit’
viacerymi slovami.
e polysemicky problém — jedno slovo ma viacero vyznamov.

V naSom pristupe problém synonym je rieSeny vyuzitim lexikonu WordNet (kap. 3).
Dalsim problémom, ktory ma vplyv na kvalitu spracovania textu je problém hl'adania
zékladného tvaru slov — stemovania.

3  WordNet

WordNet (WN) je lexikalna databaza anglickych slov a slovnych spojeni, ktora sa
snazi zachytavat’ vzajomné lexikalne/sémantické vzt'ahy medzi jednotlivymi
obsiahnutymi slovami/pojmami. Jednotlivé slova slovnej zasoby, ktora WN obsahuje
st rozdelené podrl'a ich slovného druhu na podstatné mend, pridavné mena, slovesa
a prislovky (ostatné slovné druhy zatial' nie si implementované).

Kazdé slovo v 'ubovol'nom jazyku je mozné chapat’ ako asociciu jeho lexikalneho
tvaru (syntaxu) a jeho vyznamu (sémantiky). Mapovanie tychto vzdjomnych vztahov
je mozné vyjadrit’ tzv. lexikdlnou maticou:

E =(Ey)

v ktorej kazdy prvok E; vyjadruje, ¢i lexikalny tvar F; moze byt’ v prislusnom kontexte
pouzity pre vyjadrenie vyznamu M;(1-moze, 0-nemoze).

Jednym z ciel'ov WN je vyjadrit’ vzajomné vztahy medzi pojmami M;, M; (tzv.
sémantické relacie).

Kazdy pojem vo WN je reprezentovany pomocou mnoziny slov, tzv. synsetov. Medzi
T'ubovol'nymi dvoma slovami zo synsetu plati relacia synonymity Rs, ktort je mozné
definovat podl'a [13]:

dve slova x a y st v relacii synonymity (st synonyma) v danom kontexte C prave
vtedy, ak substiticiou jedného z nich druhym sa v C nezmeni pravdivostna hodnota.
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Téato relacia je symetricka, t.z. Ze ak xRy potom aj yRsx. Je nutné poznamenat’, ze
jednotlivé synsety nehovoria, ¢o dané pojmy popisuju, ale vyjadruju len ich
existenciu. Prikladom takychto synonym z WN mézu byt’ napr. slova {car, auto,
automobile, machine, motorcar}. Celkova Struktura WN sa tak da vyjadrit’ pomocou
sémantickej siete, v ktorej kazdy uzol reprezentuje nejaké slovo, resp. pojem a hrana
medzi uzlami ich vzajomny vzt'ah.

Medzi d’alsie zakladné relacie vyjadrené v databaze WN patria:

o relacia antonymity — je relacia vyjadrujica opacny vyznam dvoch slov (napr.
chory/zdravy). Definicia tejto relacie je trochu zlozitejSia ako
v predchadzajucej synonymickej relacii. Antonymom slova x je slovo, ktoré
je mozné vyjadrit’ zaporom not-x, ale nie vzdy. Napr. slova ,,bohaty* a
,»chudobny* su antonyma, avsak ak povieme, Ze niekto ,,nie je bohaty*,
neznamena to, ze je ,,chudobny*.

o relacia hypernymity a hyponymity — si sémantické, navzajom inverzné
relacie vyjadrujuce vztah abstrakcie, resp. Specifikacie medzi dvoma
pojmami (napr. ,,strom“ je abstrakciou (hypernymum) pre ,,javor a naopak
javor je Specifikaciou (hyponymum) pre ,,strom®). Vo vSeobecnosti,
koncept reprezentovany pomocou synsetu x = {x , X’ , ... } je hypernymum,
resp. hyponymum pojmu reprezentovaného pomocou synsetu y = {y,

y’, ... } prave vtedy, ak je akceptovatelna veta typu: ,,x je (druhom) y “ resp.
.,y je (druhom) x . Dané reldcie je mozné v sémantickej sieti reprezentovat’
hranou typu ,,ISA, pricom orientacia hrany (vzhl'adom na incidujuce uzly)
definuje, o ktort z uvedenych relacii sa jedna. Dana reldcia je asymetricka
(ak ,,x ISA y*“a sucasne ,,y ISA x* potom X = y) a tranzitivna (ak ,,x ISA y*
a stcasne ,,y ISA 7 potom ,,x ISA z*). Jednou z ddlezitych vlastnosti danej
relacie, ktord vyplyva z tranzitivnosti, je dedi¢nost’, pri ktorej hyponymy
dedia vSetky vlastnosti po svojich vSeobecnejSich pojmoch. Na zaklade
tychto relacii je vo WN databaze postavena napr. celd Struktira
organizovania podstatnych mien, ktora vytvara tzv. lexikalny dedicny systém,
v ktorom najvseobecnejsie pojmy (t.j. nemaju Ziadne hypernyma) ako napr.
{entity, something} lezia na vrchole hierarchie pojmov a najSpecifickejsie
pojmy (t.j. nemaju ziadne hyponyma) ako napr. {buggy, roadster} lezia na
najnizsej Urovni danej hierarchie.

o relacia meronymity a holonymity — su taktiez sémantické, navzajom inverzné
relacie vyjadrujiice medzi pojmami vztah typu ,cast-celok™ (napr.

v zodpovedajicom vyzname: ,kridlo® je ¢ast'ou (meronymum) ,,vtaka*

a naopak ,,vtak™ je celkom (holonymom) ,.kridla*). Vo vSeobecnosti, koncept
reprezentovany pomocou synsetu x = {X , X’ , ... } je meronymum, resp.
holonymum pojmu reprezentovaného pomocou synsetuy = {y,y’, ... }
prave vtedy, ak je akceptovatelna veta typu: ,,x je castou y“, resp. ,,x ma

T

Cast'y*.
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4 Metdda tvorby konceptuilneho popisu z textu

Ako uz bolo spominané, jednym z najvacsich problémov s ktorym sa stretavame pri
vytvoreni konceptualneho popisu textu je fakt, ze mnoho slov (v angl. jazyku je to
dokonca drviva védcsina) ma viac vyznamov. Vyznam kazdého slova (slovného
spojenia) v texte je silne zavisly od kontextu, v ktorom dané slovo bolo pouzité.

Pri $pecifikovani vyznamu slova teda musime stale uvazovat’ nejaky kontext daného
slova. Vo vSeobecnosti kontext slova moze byt uvazovany ako:

+ cely text
+ kapitola

* odstavec
e veta

o okno“n slov

V naSom pristupe definujeme kontext slova pomocou jeho okolia # slov.
V nasledujticej Casti je uvedena navrhnuta metoda pre generovanie konceptualneho
popisu z anglického textu.

Parametre:
o — velkost syntaktického okolia slova w (priklad 0=3, w=Iloves : ... John
loves Mary ...)
O — syntaktické okolie slova w
M — vysledna matica konceptudlneho popisu
SY — mnozina vSetkych synsetov WordNet
OS — mnozina synsetov pre aktualny kontext
w; - slovo
S; - synset z SY
R — sémanticka relacia medzi synsetmi
prah — parameter orezania

Algoritmus:

1. Nastav okno O na zaciatok skimaného textu
2. Pre vsetky slova w; z O vyber S; z SY také, Ze w;je slovo patriace do §; a
vloz do OS
3. Pre vsetky S,z SY nového slova w,:
a. Ak S,sa v M nachadza inkrementuj #1,,
b. Inac, pridaj S, do M, nastav m,,= 1
c. ak3 takéR,ze S, R S; kde S; e OS, tak inkrementuj m1;,a m,;
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IS,
my, m, m; my m,
my, my, m,, m; m;.,
M = m;, m;, m:/ m;, m,,
m,_i. m,_i» m,_ ., m, i na m,_in
m,, m, , m, ; m, m,, A— S

Obr. 1. Pridanie n-tého synsetu Sn do matice M

posun kontextové okno

pokial nie je koniec textu chod’ na krok 2.

normalizuj M

pre vsetky prvky m;; (diagonalne prvky matice M) kde m;; > prah vloz S;a
vsetky S; s prislusSnymi hranami pre m; # 0 do Grafu G

Nk

Popis jednotlivych krokov algoritmu

V 1. kroku algoritmu sa nastavi pozicia okna O velkosti o slov na zaciatok
skimaného textu. V kroku 2 algoritmu sa pre kazdé slovo daného okna zisti mnozina
synsetov (Cize mnozina vSetkych vyznamov daného slova). Vytvori sa matica M
rozmeru k x k, kde k je pocet vsetkych roznych synsetov zodpovedajicich jednotlivym
slovam z O a inkrementuji sa ich zodpovedajlice pocetnosti m;;. Zistia sa vSetky
relacie medzi novopridanymi synsetmi. V pripade ak existuje relacia R medzi
synsetom S; a S; inkrementuje sa pocetnost’ m; (krok 3 algoritmu). V nasledujticej
iteracii sa posunie kontextové okno o jednu poziciu vpravo. Postupnymi iteraciami
algoritmu sa M pridavanim novych synsetov rozsiruje. Po spracovani celého textu sa
ziskana matica M normalizuje tak, Ze jej prvky st mapované do intervalu <0,1>.
Pouzitim prahu z matice M vytvorime M’ tak, ze m’;; = 1 ak m;; > prah inak m’; = 0.
M’ definuje maticu susednosti grafu G. Ak chceme uvazovat’ aj vyznamnost’
jednotlivych synsetov mozeme brat’ v ivahu hodnoty prvkov m; pre oznackovanie
uzlov a hran G.

Priklad

Pre testovanie nami navrhnutej metoédy konceptualizacie bol pouZity korpus
dokumentov Reuters-21578 [16]. Jednotlivé ¢lanky boli predspracované a nasledne
pouzité pre vytvorenie konceptualneho popisu. Vysledni popis sme vyjadrili formou
grafu (priklad na obr. 3).
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Ukazka textu ¢lanku a vygenerovaného konceptualneho popisu

Summer has arrived and brought along potential drought
conditions and hot, smoldering days. We can help our urban and
suburban wildlife by providing the essentials of life: water, food
and shelter. Water is easily accomplished, with no need for an
elaborately designed water garden. To attract ground-feeding
birds like doves and quail, try a shallow tray, such as a 10-inch
pot saucer with a few pebbles in the bottom. Place the tray on
the ground in a shady spot away from potential predators.
Feeding the birds during summer is often regarded as misguiding
them by allowing them to give up looking for food on their own.
During some droughts, however, food sources often dwindle
away and a supplemental feed station might just prove to make a
difference between life and starvation.

Obr. 2. Ukazka textu ¢lanku z korpusu Reuters.

substance: 94

guail: 32

chemical: 38
wildlife: 44

living thing: 76

hurmminghird: 29

Obr. 3. Konceptualny popis pre text z obr. 2.
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5 Zaver

Clanok popisuje metodu uréent na vytvaranie konceptualnych popisov pre textové
dokumenty. Délezitym atribitom metody je odhad vyznamov kandidatskych pojmov a
to na zaklade ich kontextu ich kontextu. Konceptualne popisy textov vygenerované
touto metodou maju formu grafu pripominajice sémantické siete. Sémantické
podobnosti pojmov v grafe su odvadzané zo vSeobecnej ontoldgie (v tomto pripade
WordNet). Konceptualne popisy v takejto forme st vhodné pre definovanie metrik
vyznamovej podobnosti textov. Ak konceptualny popis budeme chapat’ ako graf's
oznackovanymi uzlami a hranami, problém sa pretransformuje na problém urcovania
podobnosti grafov. Pre kvantifikovanie takejto podobnosti existuje niekol'’ko
vhodnych algoritmov z tedrie grafov ktorymi sa ¢lanok nezaobera. Vel'mi zaujimavou
vlastnost'ou metody je, ze do vysledného konceptualneho popisu st zahifané aj
pojmy, ktoré sa v pévodnom texte explicitne nevyskytli. Vhodnym rozsirenim metody
by bolo pouzitie lingvistickych technik na spracovanie textov v prirodzenom jazyku.
Hlavnym prispevkom popisanej metody v tomto pripade by bol hlavne odhad
vyznamu pojmov z kontextu pri sémantickej analyze, ktory je pomocou metody
mozny.
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Abstrakt. Zaméfime-li se specificky na bindrni prostory, redukce jejich
dimenze na béazi vyhledavani podstatnych priznakt neni viibec snadné.
Toto FeSeni ma za cil binarni faktorova analyza (BFA), pomoci bé&znych
algoritmi je to vSak velmi obtizné. Ukazalo se, Ze vhodnym néstrojem
pro tuto tlohu jsou nékteré typy genetickych algoritmii.

Klic¢ova slova: Geneticky algoritmus, analyza binarnich dat, information retrieval

1 Uvod

Nasim cilem je zkouméani bindrni faktorové analyzy (BFA) — specificky bindrni
analytické metody, jejiz ticel a smysl vSak lezi v jiném typu analyzy nez u dnes jiz
rozsifenych konceptualnich svazt. Jedna se o nehierarchickou nelinearni analyzu
Cisté binarnich dat, kde z principu véci neni mozno pouzit ani znalosti linearni
algebry, ani matematické (funkciondlni) analyzy. Experimentalné bylo zjisténo,
7e bézné nebindrni metody, pouze doplnéné o nasledné prevedeni vysledkd do
binarni podoby, nedéavaji uspokojivé vysledky. Proto bylo postupné navrzeno
a realizovano nékolik novych metod, které pracuji s booleovou aritmetikou na
binarni bazi. Byly to postupné neuronové sité, kombinatorické hledani feseni a
pfevod problému BFA na problém stavéni konceptudlnich svazi.

2 Klasicka faktorova analyza

BFA vychézi z klasické (¢ili nebinarni) faktorové analyzy (FA). Ta vychézi z pred-
pokladu, Ze jevy, které lze pozorovat (a zaznamenat), jsou jen dusledkem skry-
tych faktora, tedy jevi stojicich v pozadi. Kazda méfitelnd a zaznamenatelnd
veli¢ina, oznacovana jako proménna, je ve vyjadieni FA linedrni kombinaci fak-
torti. Toto pojeti a zakladni impulz k rozvoji FA dala psychologie. Ta se totiz
snazi na zakladé pozorovani vnéjsiho chovani jedinct urcit, jakého jsou charak-
teru, jaké maji duSevni poruchy apod. Na prfikladu psychologie je idea FA jasné.
Matematicky jde o snahu vyjadfit datovou matici X jako sou¢in dvou (mnohem)
mensich matic F - A.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 242-249, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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Xinxp]  Fnxm] - Apmxp)

Sloupce matice X reprezentuji p proménnych (variables), fadky reprezentuji n
pripadu (cases). Matice F, nazyvana factor scores, vyjadiuje stejna fakta jako
matice X, ovSem pomoci faktort, kterych ma byt mnohem méné nez proménnych:
m << p. Matice A vyjadfuje vztah mezi proménnymi a faktory. FA tedy provadi
redukci dimenze vektorového prostoru (z p na m), opird se pfitom o poznatky
statistiky a linedrni algebry. Predpokladem tuspéchu FA je normélni rozloZeni
(ndhodné veli¢iny — statisticky pojem). Zaéindme vypoctem korelaéni matice,
dal existuje nékolik numerickych metod, které lze pouzit. Celkové je FA natolik
vypodetné niroéna, ze v minulosti (bez vypodetni sily pocitadt) nebyla moc
pouZitelna.

Kvalitu feseni posuzujeme dle rozdilu soucinu F - A oproti ptivodni matici X.
Protoze obecné nelze rozlozit jakoukoliv matici na soudin dvou mensich matic,
ve vySe uvedeném vzorci je pouzit symbol & jako vyjadieni pfiblizné rovnosti.

3 Binarni faktorova analyza

BFA ma symbolicky stejné zadéani jako klasickd FA. Mame bindrni datovou ma-
tici X a snazime se ji vyjadrit pomoci sou¢inu dvou mensich binarnich matic
F-A.

X~FOoA

Radky F a A museji byt nenulové. ® je binarni souéin matic — odpovida klasic-
kému soucinu, ale s pouzitim booleovské aritmetiky. Ta je pfirozenym nastrojem
pro praci s binarnimi hodnotami, od klasické aritmetiky se lisi jen pfi scitani,
kde plati: 1 4+ 1 = 1. Buiikky bindrnich matic nazyvame bity.

Nastroje klasické FA tentokrat nelze pouzit, a to hned z nékolika davod.
Predevs§im zde méame diskrétni prostor (na rozdil od linedrntho=vektorového
prostoru), nelze vitbec hovorit o normalnim rozlozeni (ndhodné veli¢iny) a nema
ani smysl sestavovat korelacni matici. Tim tedy padaji vsechny klasické metody
feseni FA.

Uspéch BFA méfime pomoci chybové funkce discrepancy, znacime d, ktera
je definovana jako pocet rozdilnych biti mezi sou¢inem F ® A a piavodnimi daty
X. Tato jednoduchost vypoctu d je pro nas ¢asto velkou vyhodou.

X=FOoA

Cilem BFA samoziejmé je, aby hodnota d byla co nejmensi, v idedlnim p¥ipadé
d = 0. Stejné jako u klasické faktorové analyzy, ani zde nelze pocet faktoru
m nijak rozumné spocitat, musi tedy byt soucasti zadani. Piipadné lze provést
vypocet pro nékolik hodnot m a dle vysledku vybrat nejvhodnéjsi variantu.
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4 Geneticky algoritmus pro vypocet BFA

5.1 Co je to geneticky algoritmus

Geneticky algoritmus je pocitacova simulace, ve které jsou jedinci populace abs-
traktnich reprezentaci kandidatnich feSeni optimaliza¢niho problému stochas-
ticky vybirani, rekombinovani, mutovani a potom odstranéni nebo ponechéani
v populaci podle jejich kvality neboli vhodnosti (fitness), viz [3]. Tento princip
simuluje chovani pfirody ve smyslu tzv. boje o preziti. Zakonitost pfirodniho vy-
béru a preziti nejsiln€jsich jedinci se osvédcuje pii feseni algoritmicky obtizné
zvladnutelnych problémut, mezi které patii i BFA. V pfipadé BFA je nasnadé,
ze jedinci v populaci budou matice F a A (bud v paru, nebo jen jedna z nich —
podle konkrétniho ndvrhu algoritmu, viz nize). Tito jedinci budou pak ,bojovat“
o preziti. Vysledkem by meélo byt feseni BFA.

5.2 Standardni geneticky algoritmus
Nelze ocekavat, ze by existoval jeden univerzalni GA, kterym by bylo mozno
primo fesit vSechny problémy. Specidlné u BFA nardzime na fakt, Ze se pohy-
bujeme v diskrétnim prostredi, které znesnadnuje pouziti jakychkoliv obvyklych
postupti (jak jiz bylo zminéno vyse). Vétsina konkrétnich GA vychazi z ptivod-
niho Hollandova [2] a Goldbergova [1] algoritmu, obvykle oznacovaného SGA
(Simple G. A., do ¢eStiny se toto ,simple* pieklad4 jako ,standardni®).
Jedinec je v SGA reprezentovan bitovym fetézcem vzdy konstantni délky
(¢ili ,kusem paméti“). Kazdy jedinec pfedstavuje kandidatni feSeni, ¢ili jednu
moznou variantu feSeni daného problému. Vhodnost jedincu = ,kvalita fe-
Seni“ je dana fitness funkci 7, kterd kazdému jedinci priradi nezaporné realné
¢islo — hodnotu vhodnosti (nula je nejhorsi). Novi jedinci jsou vytvéareni vzdy ve
vlnich — generacich. Délka Zivota je vzdy jedna generace. K vytvareni novych
jedinci pouziva SGA t¥i operétory:

Mutace - Je to ndhodné zména bitu v fetézci.

KFizeni - Dva bitové fetézce AB a CD se v ndhodném misté rozdéli a spoji se
do kifze (odtud pojem kiiZeni) v nové jedince AD a CB.

Selekce - Pravdépodobnost, ze jedinec bude vybran k reprodukci = ,vytvoieni

vvvvv

Na tomto misté zadmérné vynechdvame hlubsi detaily SGA, nebot pro ndmi na-
vrzené feseni BFA nejsou podstatné. Obecné plati, Ze tspéch SGA zavisi na
vlastnostech fitness funkce (spojitost a ,tvar® funkce), vhodné zvolené pocateéni
generaci (v naSem ptipadé vzdy ndhodné generovand), nastaveni pravdépodob-
nosti mutace a kiizeni a pfipadné na nutnosti vypoctu fitness funkce prevodem
z funkce jingch vlastnosti (to je i pfipad BFA — nase d ma jiné vlastnosti nez ma
mit fitness funkee).

5.3 Aplikace SGA pro feseni BFA

Datova reprezentace jedinci je v piipadé BFA velmi snadnd — muzeme totiz
pfimo vzit bindrni matice. Jedinec je tedy tvofen maticemi F a A, uloZenymi
v paméti po Fadcich zleva doprava (b&zné ukladédni matic v paméti).
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Mutaci lze realizovat bud inverzi jednotlivych bitti, nebo inverzi celych fadku
(préce se sloupci je implementacéné obtiznd, proto ji vynechdvame).

K{izit 1ze matice bud na trovni bitl, kdy se matice k¥iZi v libovolném bodé,
nebo na trovni radk, kdy zistava zachovana celistvost fadkd matic.

Discrepancy d ma opaény pribéh nez fitness funkce n (mensi hodnoty jsou
lepsi), je nutno pouzit néjakou formu prevodu. Jelikoz d je diskrétni funkce shora
omezena celkovym poctem bitti v maticich, lze pouzit tento jednoduchy prevodni
vzorec (n X m am X p jsou rozméry matic F a A, ¢ oznacuje konkrétniho jedince):

(i) =m- (n+p) —d(i)

Vypocet zacina s ndhodnou populaci. V kazdém kroku algoritmu je vytvofena
celd nova generace takto: Do pomocného pole se nakopiruje kazdy jedinec ¢ toli-
krat, jakou hodnotu mé jeho 7(4). (Toto kopirovani je pomérné naroéné na pamét
a je jednim z viditelnych problémii ptivodniho SGA.) Potom se ndhodné vybiraji
pary jedinci z tohoto pole a zkfizi se. Kazdy bit vsech jedincii nové generace je
pak s pravdépodobnosti p,, mutovan. Zde popsany postup se v literatute vysky-
tuje v rtiznych nuancich. Vzhledem k tomu, zZe cilem této prace je popis nového
lepsiho algoritmu, nékteré detaily SGA zde nebyly podrobné rozepsany.

5.4 Vysledky SGA
Pii feseni BFA vykazoval algoritmus SGA pomérné slabych vysledkt. Néjaké
feSeni sice nasel, hodnota d byla vSak ve vSech testech vice nez dvojnasobna
ve srovnani s vysledky dosazenymi metodou formalnich konceptt (viz [6], [8]).
Populace, i kdyz vychazely z ndhodného pocateéniho nastaveni genii, obvykle
postupné konverguji do stavu, kdy vsichni jedinci jsou identi¢ti ve smyslu bi-
narni rovnosti. Jakmile nastane tato situace (stav Gplné konvergence), vyvoj jde
dale kupiedu jen pomoci mutaci. Odtud pfimo plyne fakt, ze funguje-li mutacéni
operator na urovni celych fadkt matic, je schopnost hledat nova feSeni silné
omezena. To se potvrdilo i experimentalné.

Zavér: SGA dokaze fesit BFA, avSak podstatné hife nez vyse zminénd me-
toda forméalnich koncepti, pouzivani SGA je zde tedy ve své podstaté zbytecné.

5 Geneticky algoritmus GABFA

6.1 Princip GABFA

Zjisténi, Ze klasicky geneticky algoritmus SGA nefesi BFA moc dobfe, nemusi au-
tomaticky znamenat, Ze problém BFA nelze ispésné fesit jinym genetickym algo-
ritmem. Tato kapitola predstavuje modifikovany geneticky algoritmus, nazvany
GABFA (zkratka z ,,Geneticky Algoritmus pro Binarni Faktorovou Analjzu“),
ktery vykazuje diametralné odlisné (mnohem lepsi) vysledky. Tento algoritmus
vznikl postupnym zkouSenim rtiznych modifikaci SGA a analyzou chovani sys-
tému pri aplikaci na uméld i redlna data. Hlavnim zdrojem inspirace konecné
verze algoritmu GABFA, kterd je zde predstavena, byly prace profesora Oleje
zabyvajicl se vyuzitim genetickych algoritmt pro uceni neuronovych siti a sys-
témovou automatizaci v primyslu, viz [9].
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Princip fungovani GABFA se od SGA v mnoha ohledech lisi. Stejny zistal
jen konceptudlni pohled: Reseni BFA je hleddno pomoci postupného genetického
vyvoje jedinct v populaci. Kazdy jedinec zije pouze jednu generaci, reprodukce
opét funguje na bazi operatori selekce, kiizeni a mutace.

6.2 Datova reprezentace, vyuZiti znalosti
Vyuziti nasich znalosti mize pomoci k rychlejsimu nalezeni feseni (tj. béhem
mensiho po¢tu generaci). Ukdzalo se vSak, Ze pfilisné zasahovani do pseudo-
nahodného chovani GA spise skodi, nez pomaha, proto musime postupovat velmi
opatrné. Experimentalné se ukazalo, a potvrzuji to i prace jinych autort, ze je
lepsi do vypocétu GA radéji zadné znalosti nezanaset.
Pokud je to mozné, pokusime se provadét pseudo-déleni binarnich matic.
Kazdy jedinec pak obsahuje jen matici A, zbytek dopocitame jako F = X/A.
Déle je vhodné aplikovat veskeré zndmé metody pfedzpracovani (preproces-
sing) na matici X, viz [4], [5], [6], [7], [8]-

6.3 MozZné zpusoby parametrizace algoritmu

Velikost populace |pop| — staéi i pomérné malé hodnoty, nap¥. 200 jedincii.

Pravdépodobnost mutace p,, — obvykle v intervalu [0.001—0.1]. P¥{li§ velkd
hodnota devastuje populaci (viz Cernobyl 1986). Oproti Zivym organizmtm
je zde vsak velmi silné aplikovan vybér silnéjsich jedinct, takze devastujici
dopad mutaci je v GABFA omezen.

Pravdépodobnost kiiZeni (crossover) p. — v intervalu [0.1 — 0.5]. Viz nize.

Nastaveni téchto ti ¢iselnych hodnot ovliviiuje chovani algoritmu. Pozadujeme-li
vetsi ,jistotu“, je mozné provést vypocet s nékolika rtiznymi nastavenimi para-
metrl a vybrat potom nejlepsi feseni ze vSech. Neni to vSak nutné.

Za ,parametr” nepovaZzujeme zpusob pievodu d na 7. Jelikoz GABFA mé
mensi naroky na vlastnosti funkce 7, staci pouhd zména znaménka n = —d.

6.4 Inicializace (prvni populace)

Prvni populace je vytvorena ndhodné. To je velmi rychlé, je proto mozno vytvorit
na zac¢atku vice jedincti a umoznit tak rychlejsi rozbéhnuti GA. Praxe vsak
ukdzala, Ze vytvareni velkych populaci je zbyteéné, nebot GABFA je natolik
robustni, Ze dosahne feSeni z ,,téméi* libovolné pocatecni populace.

6.5 Krok vypoctu (jedna generace)

Krokem vypoctu rozumime vytvoreni dalsi generace z generace stavajici. Na
vstupu o¢ekdvame libovolnou populaci o velikosti > |pop| a vystupem je opét
populace o velikosti > |pop|. Ta je potom pouzita jako vstup v dal§im kroku.

1. VSem jedinctim spocitame fitness hodnotu. Zapamatujeme si nejlepsi feseni.
Najdeme-li jedince, jehoz n = 0, vypocet konéi (méme nejlepsi feseni).

2. Sefadime jedince sestupné podle jejich fitness hodnot.

3. Selekce — Zmensime populaci na velikost |pop|. (Vezmeme |pop| nejlepsich.)
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4. Kfizeni — VSichni jedinci se kiiZeni zucastni, bez ohledu na jejich fitness
hodnoty. Pro kazdého jedince i provedeme nasledujici postup:
(a) Néhodné vybereme partnera j, j # i.
(b) Kazdy tadek z i nahradime s pravdépodobnosti p. fddkem na stejné

pozici v j.

(c¢) Pfiddme nové vzniklého jedince do populace pro dalsi generaci.

5. Postup krizeni popsany v bodé 4 opakujeme ttikrat.

6. Mutace — Prochézime celou novou populaci a kazdy bit zménime s pravde-
podobnosti p,, na opa¢nou hodnotu.

Takto modifikovany GA velice dobte Fesi problém BFA (dikaz experimentalné
— predvedeno nize). Ptitom je dulezité presné dodrzet pfedepsany postup. V né-
které jeho body mohou svadét k zdanlivé banalnim zménam z divodu snadnéjsi
implementace, muze to vsak mit fatalni dopad na fungovani algoritmu jako celku.
Nékteré moznosti tprav algoritmu jsou popsany a diskutovany nize.

Hledané FeSeni jsme si zapamatovali v bodé 1 (tedy ne v posledni generaci).

6 Jiné varianty algoritmu GABFA

V odborné literatuie vénované genetice prevlada nazor, Ze je velmi mala prav-
dépodobnost, Ze by ¢lovék dokazal nyni vymyslet princip radikalné lepsi, nez to,
co priroda vytvorila po 4 miliardach let postupného vyvoje. Proto se pfi hle-
déni lepsich variant GA inspirujeme pfedevsim Zivou pfirodou a hleddme takové
analogie, které by mohly vést ke zlepseni naseho algoritmu.

7.1 Distribuovany GABFA

Distribuovanym GA rozumime logicky paralelni existenci nékolika instanci GA-
BFA, coz umozni provadét soucasné vyvoj v ruznych oddélenych populacich.
Vybrani jedinci se jednou za cas prestéhuji do jiné populace. Je prokazano, ze
tento princip obecné zlepsuje GA.

Implementace této varianty je mozna nékolika zpusoby. Predevsim je zaji-
mavé, ze uz samotna logicka paralelizace, tj. s vyuzitim pouze jednoho procesoru
a jednoho pocitace, Casto vede ke zlepSeni feseni. Navic implementace fyzicky
paralelnitho vypoétu s vyuzitim vice pocitaci je velmi snadnd, nebof jednot-
livé vypocetni uzly (poéitace) spolu komunikuji jen sporadicky, kdyz realizuji
stéhovani jedinct.

7.2 Diploidni (nebo obecné multiploidni) chromozomy

V terminologii informatiky zatim vZdy jednu hodnotu (bit matice) ukladédme do
jednoho genu (rovnéz bit — v paméti). Diploidni chromozomy pak zavadéji princip
bézny v zivé prirodé, kdy jednotka informace je v paméti uloZena ve dvou bitech.
Do mutaci vstupuje kazdy bit samostatné; pii kiizeni mohou byt jedinci rozdéleni
na dvé poloviny, coz umoziuje zcela novy pfistup k této operaci. Pravé to je
divodem tuspéchu této varianty. Byly publikovany prace, které experimentalné
dokazuji, ze diploidni chromozomy zlepsuji GA.
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7.3 Zavedeni dvou nebo vice pohlavi

Horni a dolni polovina matice A by mohly kazda reprezentovat odlisné pohlavi.
Tento princip 1ze zobecnit i na vice nez dvé pohlavi, je vSak zajimavé, ze va-
rianta vice pohlavi se v piirodé nevyskytuje (alespoii nam neni znama). Upln
implementace této varianty vSak narazi na fadu skrytych problémt a v literatute
popisujici redlné fungujici aplikace GA se prakticky nevyskytuje.

7.4 Jiny pocéet potomku

GABFA vytvaii ke kazdému jedinci pravé 3 potomky s ndhodnym partnerem.
Kazdy jedinec ma tedy minimalné 3 a primérné 6 potomki. Jelikoz p. obvykle
nastavujeme < 0.5, prvni rodi¢c ma vétsi vliv nez k nému ndhodné vybrany
partner. To redukuje vliv ndhodnych hodnot na kiiZeni a potazmo cely GABFA.

Olej [9] doporucuje vytvaiet 4 potomky (bez bliz§itho vysvétleni, zfejmé s od-
kazem na jiné své publikace). Jsou-li pravdépodobnosti p. a p,, zvoleny velmi
malé, pocet potomkl ma vétsi vliv na chovani algoritmu. Experimentalné bylo
zjisténo, Ze vétsi pocet potomku zrychli konvergenci a uspisi nalezeni Feseni,
které je vSak méné kvalitni. Mensi pocet potomki zpomali konvergenci — pokud
ji v8ak zcela nezastavi, umozni ndm najit lepsi feseni. Testy ukazaly, ze v ptipadé
GABFA je nejlepsi vytvaret 3 nebo 4 potomky.

Vétsi pocet potomki také umozni najit feseni uz pri mensim poctu generaci.
Vytvarime vsak vice potomku v kazdé jednotlivé generaci, ¢ili kazdy krok vypo-
¢tu trva o to déle. Nelze tedy srovnéavat ruzné GA pomoci jednoduchych grafi
zobrazujicich zavislost chyby nejlepsiho feseni proti poc¢tu pouzitych generaci.

7.5 Prezivani nejlepsich jedinct — nedoporuéeno

Problém ,ztraty vitéze“ je mozno vyftesit tak, ze jeden nebo i vice nejlepsich
jedincti je automaticky okopirovano do dalsi generace. Pouziti tohoto zdanlivé
chytrého principu vSak vede k tomu, Ze cely GA prestane fungovat. Ukazalo se,
ze jedinec, ktery je nejlepsi v nékteré z prvnich generaci, za¢ne hodné rychle
ykopirovat“ sam sebe do celé populace. Dalsi vyvoj populace je tak znemoznén.

7.6 Mutace po fadcich — nedoporuéeno
Mutace mé obecné velmi pozitivni vliv na vyvoj populace. Diky bodu 5 algoritmu
GABFA je v kazdé generaci vytvoreno 3x vice jedincii, nez bude nakonec pouzito
v dalsich vypocétech. Tim je eliminovano nebezpeci ,vadnych“ mutaci, jelikoz
jedinci devastovani mutaci jsou jednoduse z dalsich vypoc¢tu vyfazeni. Samotna
moznost mutace naopak dava Sanci na nahodné nalezeni néjakého lepsiho feSeni.
Mutace po radcich by zde znamenala zaménit cely jeden faktor za nahod-
nou hodnotu. Testy ukézaly, ze tato Gprava mutace velmi snizi kvalitu celého
algoritmu — pozitivni pfinos mutace se prakticky vytrati.

7 Testy

Podobné jako u jinych metod z oblasti soft computingu, ani funkénost genetic-
kych algoritmt nelze formalné dokazat. Proto dikazy provadime experimentalné.



Genetické algoritmy pro redukci dimenze a analyzu bindrnich dat 249

GABFA jsme testovali na datech pouzitych v dfive publikovanych pracich o BFA
(napt. [4], [5], [6], [8], [11]), pro snazsi srovnani s jinymi zndmymi metodami.

Vysledky jsou pomérné jednoznac¢né, proto namisto podrobnych vysledki zde
pro lepsi prehlednost uvadime jen souhrnny zavér z testii. Provedli jsme nékolik
desitek testlt opakované pro rtzné datové sady (tj. pro rizné matice X).

V pripadé fidké matice je vypocet extrémné rychly a presny. Geneticky algo-
ritmus v tomto pripadé velmi rychle najde globalni minimum, fadové z miliardy
moznosti vybere spravné feseni béhem malého zlomku sekundy. Na fidkych da-
tech se v8ak také osvéddil algoritmus vyuzivajici formalni koncepty — u fidkych
dat je totiz vysledny konceptudlni svaz pomérné maly, a tak jeho prohleddvani
je také velmi rychlé (Gasto rychlejsi nez vypocet genetickym algoritmem).

V piipadé bézné matice generované umeéle je jiz vidét piinos genetického
algoritmu GABFA. Umséle generovand matice neobsahuje informaéni um (af uz
by byl jakéhokoliv typu — pokud jej tam tedy nepfiddme zamérné), takze opét lze
s vyhodou vyuzit metodu vypoétu pies formélni koncepty. U bézné matice (ktera
pochopitelné neni fidkd) je v8ak geneticky algoritmus jednoznaéné vyhodnéjsi,
nebot konceptuélni svaz je obecné velmi velky a jeho prohleddvani je pomalé.

V piipadé tplné realnych dat je jiz naprosto jasné vidét, ze geneticky algo-
ritmus nechéva ostatni metody vypoctu BFA daleko za sebou. Dokaze efektivné
eliminovat nepodstatnou ¢ast informace a nalézt dobré feSeni rozkladu matice.

8 Zavér

Geneticky algoritmus GABFA je velmi dobrou metodou feseni BFA. Pracuje
pfitom velmi obecné a nevyzaduje od analyzované datové sady zadné zvlastni
vlastnosti. Jeho funkénost vsak (zatim) neni dokdzana formalné.
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Annotation:
Genetic Algorithms for Dimension Reduction and Binary Data Analysis

We present a new genetic algorithm GABFA for reduction of binary space di-
mension based on Binary (Boolean) Factor Analysis. The presented algorithm
seems to be faster and more robust than other known algorithms.
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Abstrakt. Abdukcia je jednym zo sposobov logického uvazovania. Vy-
uzitie ma najmi pri problematike diagnostikovania, pldnovania a pre-
vencie.

Klasické pristupy k definovaniu abdukcie (napriklad [6], [4], [5]) nie st
stavané na pracu s nekonzistentnymi poznatkami, ktoré si vsak celkom
bezné.

V tejto praci pouzijeme moduldrnu reprezenticiu znalosti (tedriu v po-
zadi), ktora bude vediet pracovat aj s nekonzistenostami, ¢im dosiahneme
vernejSiu reprezentaciu znalosti a abdukcie. Modularita tedrie v pozadi
umozni kontextovo zavislé urcenie, ktoré z odporujtcich si znalosti pri-
jmeme za pravdivé.

Urcenie konkrétneho modulu tedrie v pozadi, ku ktorému sa abdukova-
telnd hypotéza viaze a urcenie ich vzajomnej preferencie umozni vybrat
z mnoziny abduktivnych vysvetleni to, ktoré je v danej situécii najvhod-
nejsie.

Kliéové slova: Abdukcia, logické uvaZzovanie, nekonzistentnost, preferencia

1 Uvod

Abdukcia je spdsob logického myslenia, pri ktorom odpovedéame na otazku, ktoré
fakty zapri¢iniuja dané pozorovania. Abdukcia ma vyuZitie najmé v problematike
diagnostikovania, planovania a prevencie.

Zakladnymi komponentami abduktivneho myslenia sti pozorovania, tedria
v pozadi a (abduktivne) vysvetlenia danych pozorovani. Pod pojmom tedria
v pozadi rozumieme znalosti, ktorymi disponujeme, pozorovaniami opisujeme
fakty, ktoré nastali a ktoré logicky nevyplyvaji zo samotnej tedrie v pozadi.
Ked vSak tedriu v pozadi obohatime o nejaké hypotézy, dokdZeme uz pozorovania
vysvetlit (vyplyvaja z rozsirenej tedrie).

Formdlnemu popisu abdukcie uz boli venované viaceré prace (napriklad [6],
[4], [5]), vSetky vSak vyZzaduji konzistentnost pozorovani, teérie v pozadi a ab-
duktivneho vysvetlenia. Ide o podmienku pomerne zvizujicu. Velmi casto je
potrebné vysvetlit konflikt pozorovani s nasimi znalostami. NavySe znalosti sa-
motné nebyvaji konzistentné a prijatd hypotéza (vysvetlenie) méze byt v rozpore
s tedriou, ktort prijimame.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 250-257, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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V tejto praci sa budeme venovat abdukcii bez podmienok konzistentnosti.
Abdukciu postavime nad modularnou tedriou v pozadi, ktora sa s nekonzistent-
nostami bude vediet vysporiadat. Modularita tedrie v pozadi umozni kontextovo
zavislé urcenie, ktoré z odporujucich si znalosti prijmeme.

V takto zalozenej abdukcii umoznime abduktivne vysvetlenia danych pozo-
rovani do tedrie v pozadi nie len prijimat, ale ich aj odstratovaf.

Nie vsetky abduktivne vysvetlenia sa si rovnocenné, niektoré st v danej si-
tuacii vhodnejsie, iné menej vhodné. Preto zavedieme pojem kontextovo zévislej
preferencie medzi abdukovatelnymi hypotézami. Tato preferencia umozni najde-
nie maximalne preferovaného abduktivneho vysvetlenia danych pozorovani.

Zavedenim dovercivého a skeptického pristupu k hladaniu abduktivnych vy-
svetleni umoznime lepsie vyuzitie abdukcie v situaciach ako je diagnostikovanie
(vyuZiva sa tu najmé dovercivy pristup) a planovanie (kde sa vyuziva skepticky
pristup).

.....

lejsiu pracu [3].

2 Abdukcia

Ako priklad klasického pristupu k abdukcii vhodne posluZzi zakladné definicia ab-
dukcie podla [6]. Po jej predstaveni zameriame nasu pozornost na rézne pristupy
k hladaniu abduktivnych vysvetleni.

2.1 Klasicky pohlad na abduktivne vysvetlenie

Nech I' je tedria nad jazykom L, € je mnozina viet (priestor vSetkych moz-
nych pozorovani), A C € je mnozina uskuto¢nenych pozorovani. ¢ je mnozina
moZnych vysvetleni, prifom € N® = (. MnoZinu @ budeme nazjyvat mnozinou
abdukovatelnych hypotéz.

Ak je dané A C ¢ a tedria v pozadi I', abduktivne vysvetlenie mnoziny viet
A na zéklade tedrie I' nazyvame minimélnu koneéntt mnozinu A C @ taku, ze

AUT je konzistentnd mnoZina, (1)
I A, (2)
NuvAgE A (3)

2.2 Rozne pohlady na hladanie abduktivnych vysvetleni

Abduktivne anti-vysvetlenie. Ak hladdme skutoc¢nosti, ktoré ndm objastiuji
vznik danej situécie, hovorime o hladani abduktivneho vysvetlenia.

Ak urcité fakty nie st splnené a je ttito skuto¢nost potrebné vysvetlit, pouzi-
jeme pristup nazyvany anti-vysvetlenie (podla [5]). Anti-vysvetlenie je vyuzivané
najmé pri problematike prevencie, kedy je potrebné uréif opatrenia potrebné na
to, aby nedoslo k vzniku danej situacie.
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Dovercivy pristup. Niekedy je pri hladani abduktivnych vysvetleni postacuj-
uce, ak zo vSetkych moznych situacii existuje aspon jedna, v ktorej st splnené
dané pozorovania. Preto v tomto ¢lanku zavadzame pojem dévercivého pristupu
k abdukcii.

Vyuzitie tohto pristupu je najmi v procese diagnostikovania, kedy uz aj
naznak problému mé byt dovodom na jeho dokladné overenie.

Skepticky pristup. Pre situécie, v ktorych je potrebné, aby dané pozorovania
boli pritomné vo vsetkych situdciach, ktoré mozu vzniknit, zaviadzame pojem
skeptického pristupu k abdukcii. Vyuziva sa najméi pri planovani, kedy chceme
mat istotu, ze sa na$ plan za kazdych okolnosti uskutoc¢ni.

3 Novy pristup k abdukcii - preferenény abduktivny
dynamicky program

Aby sme mohli abstrahovat od detailov a venovat sa priamo novym prvkom
abdukcie, zavadzame pojem abstraktného dynamického modularneho logického
programu (ADMLP). ADMLP poslizi ako zdkladny mechanizmus, nad ktorym
postavime abdukciu. Svojou modularitou a vyuzitim dynamickej preferencie jed-
notlivych modulov umozni vernejsiu reprezentaciu znalosti a uvazovanie s ne-
konzistentnostami (zdujemcom o konkrétnejsiu reprezentéciu pouzitelnej tedrie
v pozadi ddvam do pozornosti [3]).

V dalsej casti definujeme abdukciu nad ADMLP z pohladu dévercivého aj
skeptického pristupu. Neskor zavedieme (dynamickd) preferenciu, ktord nam
umozni rozliSovat v danej situdcii najvhodnejsie abduktivne vysvetlenia.

3.1 Abstraktny dynamicky modularny logicky program (ADMLP)

ADMLP nad jazykom L je dvojica P = (Pr,I), kde I je mnozina indexov a Py je
mnozina logickych programov nad £, indexovanych podla prvkov i € I. Prvky
P; € Py, kde i € I, nazgvame moduly programu P. Predpokladdame jazyk, v
ktorom logicky program méze byt nekonzistentny.

2 & & & )

Obr. 1. Priklad ADMLP P = ({Py, P2, Ps, P}, {1,2,3,4}).
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Staticka sémantika. Predpokladajme, ze nad L je definovand statickd séman-
tika, ktora programu P nad £ priradi mnozinu modelov:

Sem(P) = Mod(P), (4)

pricom
Sem(P) =0, (5)

ak P nie je konzistentny program nad L.

Dynamicka sémantika ADMLP. Predpokladajme ADMLP P. Nie je vyl-
ucené, ze Uie ; Pi je nekonzistentna mnozina. Cielom dynamickej sémantiky je,
aby sme aj v takychto pripadoch dostali nepazdnu mnozinu modelov.
Predpokladajme sémantiku DynSem, ktord programu P priradi mnozinu
modelov Mod. Pri vipocéte modelov (nekonzistentného) programu P sa do tvahy
berie preferencia modulov @. Tato preferencia nie je vopred dand, je urcend
dynamicky:
@ C Mod xIxI. (6)

Model programu P je urceny ako pevny bod zobrazenia:
DSem(P,®(m)) = m. (7)

Sémantiku DynSem definujeme ako mnozinu modelov spliiajicich podmienku
T
DynSemg(P) = {m : DSem(P,®(m)) = m}. (8)

Pozndmka 1. Ako priklad sémantiky vyhovujicej ADMLP méze byt chépand
sémantika pouzitd v [3].

Obr. 2. Priklad grafickej reprezentécie relacie preferencie ®(m1) a @(ms).

Operator update. Update A; € A; modulu P; € P; definujme ako mnozinu
hypotéz E; prijimanych do modulu P; a mnozinu hypotéz F; odstranovanych z
modulu P;.

Ai = Ei U f‘ﬁ;"7 (9)
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E,NFE,=0. (10)

Operator update U programu ADMLP P = (P;,I) mnozinou (updatov)
A = (Ar, 1) nad jazykom L definujme nasledovne:

UP,A) =PA = (P ), (11)

kde
PA={(PiUE)\F;:P; € P;,E;UF; = A; € Ar}. (12)

- =~

Obr. 3. Update P* programu P = ({P1, P2, P3,Ps},{1,2,3,4}) tebriou A =
({A1, Az, Az, As},{1,2,3,4}). Detailny pohlad na update modulu P; tedriou A; =
E;UF;, P} ={(P;UE)\ F}.

3.2 Abdukcia nad ADMLP

Nech P = (P;,I) je ADMLP nad £, A s pozorovania. A = (Ay,I) nazveme
mnozinu abdukovatelnych hypotéz, I je indexova mnozina, A; € A; je mnoZina
abdukovatelnych hypotéz prislichajica modulu P;.

Sémantika abdukcie nad ADMLP. Mnozinu A = (A7, I),kde A; C A;,i €1
nazveme abduktivnym vysvetlenim [anti-vysvetlenim| pozorovani A s ohladom
na tedriu v pozadi P, ak platia nasledovné tvrdenia:

Pre dévercivy pristup:

Am € DynSeme(P) : m |= A [m = A], (13)

Im € DynSema(PA) :m = A [m £ Al (14)
Pre skepticky pristup:

Xm € DynSemq(P) :m = A [m = A], (15)

Vm € DynSemg(P?) :m = A [m = Al (16)

Inak hovorime, ze abduktivne vysvetlenie [anti-vysvetlenie] pozorovani A s
ohladom na tedriu v pozadi P neexistuje.
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Q@ __ O
Q@ O

Obr. 4. Mnozina abdukovatelnych hypotéz A = ({A1, A2, A3, As},{1,2,3,4}) a ab-
duktivne vysvetlenie A = ({A1, A2, As, As}, {1,2,3,4}).

3.3 Preferenény abduktivny dynamicky program

Preferen¢ny abduktivny dynamicky logicky program nad jazykom L je Stvorica
(P, A1, 1,K), kde P = (Pr,I) je ADMLP nad £, A = (A;,I) je mnoZina
abdukovatelnych hypotéz, K C (U;c; Ai) x (U;es Ai) je relacia preferencie ab-
dukovatelnych hypotéz (kontext), splitajtica:
)

(al,aQ EIC:>(CL2,CL1) §él€, (17)

(a1,a2) € K, (az,a3) € K = (a1,a3) € K. (18)

Kontext K mozZe byt zavisly od modelu programu P. M4 to pre nds zmysel
pri hladani abduktivnych vysvetleni konkrétneho modelu. Ak by sme uvazovali
viacero modelov z mnoziny DynSemg(P#), dostali by sme vo vSeobecnosti roznu
relaciu preferencie K.

DSem(PA,d(m)) =m, A Cm, (19)
K =w(m),¥ C Mod x (|_JAi) x ({_Ai). (20)
el el

Pri mnozine abduktivnych vysvetleni A = (A, I), kde A; C A;, i € I vyza-
dujeme splnenie podmienok 13, 14, 15 a 16.

A

Obr. 5. Grafickd reprezenticia relacie preferencie K abdukovatelnych hypotéz
.A = ({A1,A2},{1,2}), kde .A1 = {hll,h12,h13}, .AQ = {hzl,hgz,hzg}, IC =
{(ha1, h11), (h21, h12), (ha3, haa)}.
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Preferovanejsie abduktivne vysvetlenie. Definujme hibku abduktivneho
vysvetlenia A ako mnoZinu vSetkych abdukovatelnych hypotéz, ktoré st aspoii
natolko preferované, ako hypotézy mnoziny A:

Ka=AU{vel|JAi:Tac A (av) €K} (21)
iel
Skutoc¢nost, ze B C A je preferovanejsie ako A C A znadime A < B. Defi-
nujme:
A<B&KgCKy. (22)
Abduktivne vysvetlenie A je rovnako preferované, ako abduktivne vysvetlenie

B prave vtedy, ak
Ka=Kp. (23)

Obr. 6. Abduktivne vysvetlenie B je preferovanejsie ako vysvetlenie A (A =
{ha1, haa, haz}, Ka = {hi1,hi2, ho1, hoo, has}, B = {hii,hi2}, Kp = {h11, hia},
Ks C ICA).

Maximalne preferované abduktivne vysvetlenie. Abduktivne vysvetlenie
A nazyvame maximélne preferované abduktivne vysvetlenie pozorovania A s
ohladom na tedriu v pozadi P, ak neexistuje preferovanejsie abduktivne vysvet-
lenie B.

KedZe nie kazdé dve abduktivne vysvetlenia st porovnatelné, moze existo-
vat celd mnozina maximélne preferovanych abduktivnych vysvetleni. Je mozné
uvazovat aj o maximalne preferovanych abduktivnych anti-vysvetleniach.

Minimalne abduktivne vysvetlenie. Abduktivne vysvetlenie A pozorovania
A nazveme mensim ako vysvetlenie B, ak

ACB. (24)

Abduktivne vysvetlenie A nazveme minimélnym, ak pre vsetky abduktivne

vysvetlenia B plati:
(BCA) = (B=A). (25)
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Aj v tomto pripade moézeme cakaf cell mnoZinu minimélnych abduktiv-
nych vysvetleni a moZeme taktieZ uvazovat o minimalnych abduktivnych anti-
vysvetleniach.

4 Zhrnutie

Préaca prezentuje triedu modularnych logickych jazykov, ktoré nevyzaduju pod-
mienku konzistentnosti a vyuzivaju kontext na vysporiadanie sa s nekonzistent-
nostami. Nad takymto jazykom je zaloZend abdukcia, v ktorej nie je nutné spl-
nenie podmienok konzistentnosti. Abdukcia je rozsirend o (kontextovo zdvisla)
preferenciu abdukovatelnych hypotéz, ktord umozni identifikovanie najvyhodnej-

§ich (maximéalne preferovanych) abduktivnych vysvetleni danych pozorovanil.
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Annotation:

Abduction without consistency constraints

This paper is aimimg at an improved definition of abduction, which does not need
consistency constraints. Second improvement is based on definition of structu-
ral hierarchy of abducable knowledges. This hierarchical structure allows better
knowledge representation and reasoning.
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Abstract. We present a set covering algorithm to describe sequences of
www pages visits in click-stream data. It utilizes the approach of rule
specialization like the well known CN2 algorithm, however it describes
sequences instead of sets unlike the CN2 algorithm. It can be used to
predict next page to be viewed by a user or to describe the most typical
paths of www pages visitors and the dependencies among the www pages. We
have successfully used the algorithm on real data from an internet shop
and we mined useful information from the data.

Keywords: click-stream, decision rules, web usage mining

1 Introduction

According to the W3C Web Characterization Activity, click-stream is a sequential
series of page view (displays on user’s browser at one time) requests. A user session
is the click-stream of page views for a single user across the entire web, a server
session is a click-stream in a user session for a particular web site. A set of server
sessions (visits) is the necessary input for web usage mining tools.

We can categorize web mining into three areas: web content mining, web structure
mining and web usage mining [8]. Web usage mining mines the data derived from
interactions of the users while browsing the web. The web usage data includes the
data from web server access logs, proxy server logs, browser logs, user profiles,
registration data, cookies, user queries etc. A web server log is an important source
for performing web usage mining because it explicitly records the browsing behavior
of site visitors. The typical problem (solved in the data preprocessing step) is thus
distinguishing among unique users, server sessions episodes etc.

Web usage mining focuses on techniques that could predict user behavior while the
user interacts with the web. The applications of web usage mining could be classified
into two main categories: (1) learning user profile or user modeling, and (2) learning
user navigation patterns [5]. The methods used for web usage mining are (descriptive)
statistical analysis, association rules (to relate pages that are often referenced
together), clustering (to build usage clusters or page clusters), classification (to create

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 258-265, ISBN 80-248-0755-6.
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user profiles), sequential pattern discovery (to find inter-session patterns such that the
presence of a set of page views is followed by another set of page views in a time-
ordered set of episodes), or dependency modeling (to capture significant dependencies
among various variables in the web domain) [7]. Some systems have already been
developed for this area: WebSIFT (that uses clustering, statistical analysis or
association rules) [3], WUM (that looks for association rules using some extension of
SQL) [6], or WebLogMiner (that combines OLAP and KDD) [9].

The algorithm described in this paper contributes to the area of sequential pattern
discovery by learning decision rules to predict next page the user will visit based on
his session history (pages visited just before). We describe the algorithm in section 2
and give some experimental results obtained on real web log data in section 3.

2 Learning Rules

Decision rules in the form
Ant = Class

where Ant (antecedent, condition) is a conjunction of values of input attributes (called
categories or selectors) and Class is a category of class attribute C, are one of most
popular formalisms how to express classification models learned from data.

The commonly used approach to learning decision rules is the set covering
approach also called ,,separate and conquer®. The basic idea of this approach is to
create a rule that covers some examples of a given class and remove these examples
form the training set. This is repeated for all examples not covered so far as shown in
Fig. 1. There are two basic ways how to create a single rule (step 1 of the algorithm):
1. by rule generalization, i.e. by removing categories from antecedent of a potential

rule (starting from a rule with categories of all input attributes in the antecedent) —

this method is used in the AQ algorithms by Michalski (see e.g. [4]).

2. by rule specialization, i.e. by adding categories to the antecedent of a potential rule

(starting from a rule with empty antecedent) — this method is used e.g. in CN2 [2]

or CN4 [1].

Set covering algorithm

1. find a rule that covers some positive examples and no negative example of a
given class (concept),

2. remove covered examples form the training set Dy,

3. if D contains some positive examples (not covered so far) goto 1, else end.

Fig. 1. Set covering algorithm for two class problems
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We follow the set covering approach based on rule specialization in our algorithm
as well. The main difference to conventional set covering algorithms is due to the fact
that instead of unordered set of categories we deal with an ordered sequence of page
views (pages for short). So we are looking for rules in the form

Ant = page (p)
where Ant is a sequence of pages
page is a page view that directly follows the sequence Ant

A
p is the validity of the rule, i.c. p = u%r%ggu .

In the formula above we denote the number the occurrences of a sequence in the data
by ||sequence|| and a concatenation of two sequences S1 and S2 by S1//s2.

The main idea of our algorithm is to add (for a particular page to be predicted) rules
of growing length of Ant — we thus create rules by rule specialization. We check each
rule against its generalization included in the model so far. Adding a new rule to the
model is determined by y” test that tests the null hypothesis that the validity of these
two rules are the same. If the hypothesis is rejected at a given significance level then
the rule in question is added to the model, its generalization is updated by
recomputing its validity by ignoring (removing) sequences that are covered by the
newly added rule.

As we assume that most relevant for prediction of occurrence of page are pages
that are closest to page, the specialization of the rule Ant = page is done by adding a
new page to the beginning of the sequence Ant. Analogously, a generalization of the
rule Ant = page is done by removing a page from the beginning of the sequence Ant.
The algorithm is shown in Fig. 2.

The input parameters of the algorithm are |y (max. length of the sequence Ant),
Nmin (min. relative frequency of a page — this parameter set to zero will enable to
create a rule that page Y never follows after page X). The parameter |,y is also used
for data preprocessing; we transform each server session' of arbitrary length into a set
of episodes of length |5+ 1 using a sliding window. So e.g. the two sessions

AB,E
AB,C.E.D
will be for I s = 2 transformed into following set of episodes
2,0,A
0,A,B
AB,E
0,0,A
0,A.B
AB,C
B,C.E
C.ED

! Recall that a server session corresponds to one visit of one user on the analyzed web site.
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Initialization

for each page page occurring in the data

1. compute its relative frequency in the data as

# of occurrence of page in the input episodes
# of all input episodes

P=

2. if P > npin

2.1 add default = page into the list of rules Rules
2.2 add page into list of pages Pages

2.3 add default = page into list of implications Impl

Main loop
while Impl not empty do
1. take first rule Ant = page from Impl
2. if length of Ant <1, then
2.1. for each page pp from Pages
2.1.1 find the most specific generalization of the rule pp//Ant = page in
Rules (denote it AntX = page)
2.1.2 compare (using chi2 test) the validity of rules pp//Ant = page and
AntX = page
2.2. from all created rules pp//Ant = page select the one with the most
significant difference in validity (denote this rule pppes//Ant = page)
2.3. if ppuest//Ant = page significantly at a given significance level differs
from AntX = page then
2.3.1 add rule pppes//Ant = page to Rules and Impl
2.3.2 re-compute the validity of rule AntX = page by taking into
account only episodes containing AntX and not containing Ant
2.3.3 recursively update Rules (i.e. find the most specific
generalization of AntX = page , compare this generalization
with AntX = page, remove AntX = page from Rules if the
difference is not significant etc.)
3. remove Ant = page from Impl

Fig. 2. The rule learning algorithm

The system is implemented in the Borland’s Delphi (version 7.0) for the operation
system Windows (W-98 — W-XP). The minimal configuration of the computer is not
set; it’s helpful to use computers with processor at least 600 MHz for more extensive
analysis. The system doesn’t use more than quadruple of the size of an input file in
the memory.

The algorithm for searching rules itself is divided into two parts (as you could see
above) — the initialization and the main loop. The main loop is implemented as a
recursive function that is called for particular rules. At the beginning, the function
generates specializations, after it modifies frequency of the actual rule and to the end
it evaluates the chi-square test for the actual rule.
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The algorithm for searching rules runs in second thread, so found rules can be
showed immediately in the core thread of the application - user can stop the algorithm
when its continuation isn’t needful. The user could restrict the space of searching by
setting maximal length of rules. Pages that don’t have required minimal frequency are
added to a set OTHERS and the system works with this set as with a single page.

Found rules can be saved to a file (and loaded back) or exported to Excel. The
application offers a simple algorithm to predict a next page in a sequence (the system
returns for each possible page a rule which has the longest antecedent consistent with
the sequence and predicts the page which has the highest relative frequency
associated to its rule).

| Csanalyzer ] o [=] ]
Systém  Analyza Predkee  Help
Eﬂuhnrl 4' Omezeni ..
5 Co - Typ_Algoritrm
025
Separator . Hladina wijznamnosti . | o ErcitaniChiz
Cetnost [Z]I1— Max. délka pravidla |3 [~ ot 'Zaddtek” & "Konec" | ¢~ Compasitional I—DS
e [
= Selfidit podle Opain
Sl 0% g Succedent ; Délka Ll =
e Antecedsnt chi2 Poiet desefinnjoh mist chi2
Feieal | et P " pofsdi o
T Podet pravidst Bt " antecedent - back x
est | " AntSuc
#  [Antecedent [Sukeeden]P [ant [antsuc ohiz— [w | -] irinal
9 duadt dt 06200 595344 370809 0,9200000,0000
o dls dt 04500 264326 119325 |0,960000 00000
1 s dt dt 04700 372647 173679 0,3400000,0000
12 s ls dt 02500 813600 201813 0.750000 00000
13 | findt 00160 (3297953 52961 0,000000)0,0000
14 findp 00270 32975953 88850  0.000000 00000 J
15 findp findp 0F700 88650 59373 0.440000 00000
16 findp, findp findp OE400 53373 37972 0960000 0,0000
17 | iine 00630 3297953 228246 0,0000000,0000
18 jine iing 01600 228246 36000 | 0.240000 00000
19 | ks 04000 3297953 1326910 0,000000 0,0000
20 ot [ 0E300  220Mm5 151783 0740000 00000
21 de ks 02400 1089437 264325 0,7500000,0000
22 jine Is 071700 228248 38977 0.580000 00000
23 s ks 0F100 (1326910 813500 0,730000 0,0000 =l
Wstup pro predikei Predikuj

Fig. 3. Screenshot of the system

3 Experiments

We tested our algorithm on a real data obtained from one Czech internet shop. We
will describe our experiments following the methodology CRISP-DM (Cross-Industry
Standard Process for Data Mining):

Business Understanding and Data Understanding. We obtained from the data
provider log files which contained data from cca 30 days (about 3 millions records).
The log file contained the usual information: time, IP address, page request and
referee. In addition to this, the log data contained also a generated session ID so the
identification of users was relatively easy — we treated a sequence of pages with the
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same ID as a visit of one user?. An example of records in the log file is shown in Fig.
4.

The log file allowed us to identify two types of information about the visited page:
page type and page content. By page type we understand information related to a
general structure of the internet shop (detail of a product, shopping chart, product
comparison etc), by page content we understand the product (or its category) offered
on the page. These two points of view enable us to perform two different types of
analyses: analysis of product preferences and analysis of shopping behavior.

unix time; IP address; session ID; page request; referee

1074589200;193.179.144.2;1993441e8a0a4d7a4407ed9554b64edl; /
dp/?id=124;www.google.cz;

1074589201;194.213.35.234;3995b2c059911782e2b40582823b1c94;
/dp/?id=182;

1074589202;194.138.39.56;2fd3213f2edaf82b27562d28a2a747aa;/
shttp://www._seznam.cz;

1074589233;193.179.144 .2;1993441e8a0a4d7a4407ed9554b64edl;/
dp/?i1d=148;/dp/?id=124;

1074589245;193.179.144 .2;1993441e8a0a4d7a4407ed9554b64edl ; /
sb/;/dp/?1d=148;

1074589248;194.138.39.56;2fd3213f2edaf82b27562d28a2a747aa;/
contacts/; /;

1074589290;193.179.144.2;1993441e8a0a4d7a4407ed9554b64edl;/
sh/;/sb/;

Fig. 4. Part of the web log

Data Preparation. In the first step we identified particular users by the session ID
and we created a file containing sequences of visited pages for each user. So for the
log file shown in Fig. 4, we created (for the user 1993441e8a0a4d7a4407ed9554b64ed1)
the page-type sequence (session)

start, dp, dp, sb, sb, end
and the page-content sequence (session)
start, 124, 148, end.

In this example, dp denotes “detail of product”, sb denotes “shopping basket”, 124
denotes “loud-speaker ” and 148 denotes “DVD player”. Note, that we added two
pages to each sequence found in the data, the Start page and the end page.

In the second step we excluded sessions of length 1. This is a general
recommendation as sessions of length 1 are usually created by web bots crawling the
web space and collecting pages. Moreover, as we are interested in predicting next
page in a click-stream, we need sequences of length 2 and more. This reduces the

2 Because there was no possibility how to identify two sessions of one user we consider each
session with distinct ID as one user.
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number of sessions (sequences) to 200 000; the average number of visits by one user
(the average length of session) was 16; the median was 8 and modus 2.

In the third step of data preparation, we created 2 basic files that entered to the
analyses. In the first one, there were saved sequences of page type regardless of the
product offered on this page. In the second one, there were saved sequences of page
content (sequences of products) regardless of the page type (pages without products
were excluded from these sequences). During this step, the products were divided to
30 categories.

Modeling. The modeling consisted in searching for rules using the algorithm
described in section 2. The algorithm for searching was running repeatedly with
various input parameters.

The first set of experiments was performed for the sequences of page types.
Among the obtained results we can find the rule

dp, sb -> sb (Ant: 5174; AntSuc: 4801; P: 93%)

that covers the session of user 1993441e8a0add7a4407ed9554b64edl (see above).
Another interesting rules were e.g.

ct -> end (Ant: 5502; AntSuc: 1759; P: 32%)
faq -> help (Ant: 594; AntSuc: 127; P: 21%)

In the listing above, ct stands for “contact”, Ant stands for ||Ant|| and AntSuc stands for
||Ant//Suc]|.

The second set of experiments was performed for the sequences of products (page
contents). For the request of the data provider, we generated all rules of length 2 for
the sequences of products. From these rules passes of users between products were

seen very well. Examples of such rules are:

loud-speakers -> video & DVD (Ant: 14840, AntSuc: 3785, P: 0.26)
data cables -> telephones (Ant: 2560, AntSuc: 565, P: 0.22)

PC peripheries -> telephones (Ant: 8671, AntSuc: 1823, P: 0.21)

The models obtained in both sets of experiments can directly be used to predict the
behavior of an user. So eg. for a sequence of pages dp, sb the system will predict
sb as the next page, and for the sequence of products loud-speakers the system
will predict video & DVD.

We have run our algorithm repeatedly for both page sequences (first set of
experiments) and product sequences (second set of experiments). We also analyzed
data about transitions between different internet shops operated by the data provider.
The obtained accuracy when predicting next page in a click-stream was about 60% for
page sequences and shop transitions (which we think is not bad) but only about 20%
for product sequences. The parameters that mostly contribute to improvement of the
accuracy were the significance level and the frequency. On the contrary, the max.
length of a sequence (lnax) that mostly affects the number of found rules doesn’t
improve the accuracy.
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Evaluation and Deployment. We presented our results to the data provider and
together we choose those which were unknown and interesting for them (about % of
presented knowledge). We made some small analyses directly on the meeting to
check some hypotheses of the data provider that were not contained in our results.
The data provider then used the found knowledge to modify pages of internet shop to
engage consumers and offer them more comfort.

4 Conclusions

We present a new set-covering algorithm to learn decision rules for web usage
mining. Although we developed our algorithm within a project of click-stream
analysis, it can be used more generally, to predict occurrence of an event in a
sequence of any types of events (e.g. transactions on banking accounts, or network
intrusion). Our experiments with a real data of an internet shop showed usefulness of
the proposed approach. In our future work, we plan to develop an algorithm for
learning compositional rules for the same type of data and to compare both
approaches.
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Abstract. One of the major strengths of Bayesian networks is the abil-
ity to efficiently update the model when new information pertaining to
the modeled system is gained. However, gaining information about the
system is often associated with a certain cost. We are then faced with the
problem of gaining as much information as possible without exceeding
a specific limit on the total cost. This problem is solved by designing
an optimal observation strategy, i.e., an ordering of observations of sys-
tem variables that most decreases our uncertainty concerning the system
state. We formalize this situation as a combinatorial problem and provide
a lower bound of its complexity. The problem turns out to be colN P-hard.

1 Introduction

Bayesian networks [2] are probabilistic graphical models that have been used to
represent real-world systems comprising uncertainty. One important advantage
of Bayesian networks is the ability to efficiently update the model when new
information about the system is gained, i.e., when we observe that some variable
of the system is in certain state.

Gaining information about the system often takes some effort or is associated
with a cost. We are then faced with the problem of gaining as much information
as possible without exceeding a pre-defined limit on the total cost. Solution of
the problem is determined by a decision strategy (or observation strategy) that
prescribes in what order the variables within the system should be observed.
In our present framework, an observation strategy is considered optimal if it
(on average) yields the most information and never prescribes a sequence of
observations that exceeds the cost limit.

In this paper we provide a lower bound of computational complexity of the
problem of finding optimal observation strategies. We show that the problem is at
least coNP-hard. As a consequence, it is very unlikely that there is a polynomial-
time solution algorithm for the problem.

Section 1.1 provides an overview of some basic facts concerning Bayesian net-
works, and in Section 1.2 the problem of finding optimal observation strategies
is formalized. In Section 1.3 we briefly summarize some recent research activities
that are closely related to our work. Section 2 introduces complexity-theoretic
notions that we need to establish our main result in Section 3. The paper con-
cludes with a brief note on further work in Section 4.
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1.1 Bayesian Networks

The Bayesian network consists of a (finite) set 2~ of random variables and a set
of directed edges between the variables. Each variable X; € £ has a finite range
X; of mutually exclusive states. The variables together with the directed edges
constitute a directed acyclic graph (DAG). To each variable X with parents
pa(X), a conditional probability table (CPT) P(X|pa(X)) is attached. We say
that two variables X; and X; are d-separated by a set 2 of variables if for all
undirected paths' between X; and X;, there is a variable Z such that edges
either

— do not meet head-to-head in Z (— Z «) and Z € &, or
— meet — Z « and neither Z nor any of its descendants belongs to Z.

The DAG structure implies conditional independence relations between the
variables. By definition, it is required that all variables X; and X; that are
d-separated by a set 2 of variables are conditionally independent given Z in
joint probability distribution P represented by the Bayesian network model (in
symbols, X; Il p X;|Z). The distribution that satisfies this condition, and that
has its CPTs equal to P(X|pa(X)), X € X, is unique and is given by

P(2) =[] P(Xlpa(X))
Xex

An example of a Bayesian network is given in Fig. 1

Fig. 1. Example of a Bayesian network over five variables A, B, C, D. The proba-
bility distributions associated to the nodes of the DAG are P(A), P(B), P(C|A, B),
P(D|B) and P(E|C,D). Product of these distributions specifies the joint distribu-
tion P(A,B,C,D, E). Some of the (conditional) independence statements are, e.g.,
Allp B,C 1p D|B, E 1L p B|(C, D).

1.2 Optimal Observation Strategies for Bayesian Networks

In this section we formalize the problem of finding optimal observation strategy
for a stochastic system modeled by a Bayesian network. The formal framework
that we develop is a mild generalization of the framework used in [6, 5].

! By an undirected path we mean a path in the undirected version of the DAG.
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Assume that the system of interest is described by a set 2" of discrete random
variables. Values of some X; € 2" can be directly observed — such X; are called
observable. The set of all observable X; € 2 is denoted &. To each X; € €0
a non-negative observation cost c; € R is associated. We assume that the joint
probability distribution P(2Z") exists. For practical applications, it is useful, but
not necessary, to assume that P(Z%") is represented by a Bayesian network.

An observation strategy (or just a strategy for short) s is represented by a
directed tree where the non-leaf nodes are labeled with elements of &, and the
directed edges are labeled by states of the elements of . If a node i corresponds
to X; € O, then there is exactly one directed edge going out of ¢ for each element
of X;. There are no other edges. Each path from the root to a leaf of s corresponds
to a particular sequence of observations. We require that no variable is observed
more than once along any path from root to leaf. The evidence compiled along
the path from the root to leaf [ is denoted by e;, the total cost of all observations
along the path is denoted by ¢;. The set of leaf nodes of s is denoted by L(s). A
simple example of observation strategy is in shown Fig. 2.

Fig. 2. A possible strategy over Boolean observable variables A and B given by the
following decision rules: (1) Observe A first. (2) If A = 0 then terminate, else observe
B. Evidence corresponding to the leaf nodes is e; = {A = 0}, e2 = {A = 1,B = 0},
es = {A = 1, B = 1}. Assuming the observation costs to be ca = 2, cg = 1, we have
t1 =2, ta =tz = 3.

The goal of the observations is to decrease our uncertainty about the set %" C
2 of hypothesis varibles (where % and & are not necessarily disjoint and % U0
is not necessarily equal to £7). The uncertainty concerning % = {Y7,...,Yy} is
measured by the Shannon entropy of the marginal distribution P(%/). Shannon
entropy of P(%) given evidence e is

H(PZle)=—- >  PMi=y,....Ys=yrle)log P(Y1 =y1,..., Y = yile) .
Y1, Yk

For a strategy s, we define expected entropy

Eu(s)= Y Ple)H(P(¥le)) .
1eL(s)
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Here, P(e;) denotes the probability of getting from the root of s to leaf I. The
maximal observation cost of a strategy s is

MOC(s) = sza(X) .
€ s

The problem of finding optimal observation strategies can be stated as fol-
lows: Given 2, P(Z), 0 C %, % C %2 and K € R, find an observation
strategy s* such that

s* = arg min Eg(s)
sESk

where S = {s: MOC(s) < K}. Such a strategy s* is called optimal.

This definition is in accord with the intuition outlined above. We are looking
only for strategies that never prescribe a sequence of observations more expensive
than the limit K. Among these strategies, we look for one that (on average) most
decreases the entropy of P(%).

1.3 Related Work

Our work is closely related to automated construction of adaptive tests using
Bayesian networks, as developed in [6, 5]. In this framework, a Bayesian network
is used for modeling skills, knowledge and misconceptions of an examinee, to-
gether with the available test questions. The goal is to construct a test (i.e., an
ordering of questions) that would reveal the most information about the exami-
nee. The test is adaptive — answers to questions influence selection of the next
question to be asked. In this paper, we study basically the same problem, i.e.,
the problem of constructing an optimal “question-asking” strategy. The only
difference is that we take our limited resources and the costs of “questions” into
account.

The cost of performing observations is also taken into account in systems
for decision-theoretic troubleshooting using Bayesian networks [1,3]. There, a
Bayesian network models possible faults, repair actions and test actions (ques-
tions) associated to some faulty technical equipment, e.g. a car or a printer.
The goal is to find an optimal troubleshooting strategy — a strategy of choosing
test and repair actions that fix the faulty device at the lowest cost. This is very
similar to our approach. The difference is twofold:

— we have only test actions,
— our goal is to gather as much information about the modeled system as
possible, but not to “fix” it.

Computational complexity of troubleshooting was studied in [7]. However, the
results are not directly applicable to our problem.

2 Complexity Classes coNP and NP

We assume the reader is familiar with classes P and NP, and with the concepts
of NP-hardness and NP-completeness, as well as with the concept of polynomial
reductions of decision problems [4].
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coNP is a complexity class that is complementary to NP. Informally, this
means that for each decision problem A € NP there is a decision problem
A € coNP, called a complement of A, such that the answer to A is ‘yes’ whenever
the answer to A is ‘no’, and vice versa. It is strongly believed that coNP # NP,
eventhough no proof has yet been given. The following statement holds:

Proposition 1 ([4]). If A is NP-complete, then A is coNP-complete.

Relation of the two classes is perhaps best described by their complete prob-
lems. (We will use basic propositional logic terminology. For the reader’s conve-
nience, we include a brief overview in the appendix).

Definition 1 (SATISFIABILITY, [4]). Given a propositional formula ¢ in con-
junctive normal form, is ¢ satisfiable?

Theorem 1 (Cook’s theorem, [4]). Deciding SATISFIABILITY is NP-complete.
The problem remains NP-complete even when each clause of ¢ is restricted to
contain exactly three literals.

Definition 2 (VALIDITY). Given a propositional formula ¢ in disjunctive nor-
mal form, is ¢ valid?

Proposition 2 ([4]). Deciding VALIDITY is coNP-complete. The problem re-
mains coNP-complete even when each implicant of ¢ is restricted to contain
exactly three literals.

Finding a polynomial-time algorithm for a coNP-complete problem would re-
solve the notorious P = NP question. Indeed, existence of a polynomial-time
algorithm for VALIDITY would imply existence of a polynomial-time algorithm
for SATISFIABILITY, and vice versa. Therefore, the following proposition holds.

Proposition 3. P = NP if and only if P = coNP.

3 Main Theorem

We define a decision variant of the problem of finding an optimal observation
strategy and show it is coNP-hard.

Definition 3 (STRATEGY). Given 2, P(Z"), set of observable variables & C
X, set of hypothesis variables % C 2 and K,G € *R, is there an observation
strategy s with Eg(s) < G and MOC(s) < K ¥

Theorem 2. Deciding STRATEGY is coNP-hard.

Proof. We will prove this assertion by reduction of the VALIDITY problem. That
means that, for any instance of VALIDITY, we construct an instance of STRATEGY
that is computable in polynomial time, and that gives a ‘yes’ answer if and only
if the answer to the corresponding instance of VALIDITY is ‘yes’. Once we have
defined such a reduction, we know that the time complexity of STRATEGY must
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be at least as high as that of VALIDITY. Since VALIDITY is coNP-complete,
STRATEGY must be coNP-hard. Without a loss of generality, we assume that
P(Z") is represented by a Bayesian network.

Let ¢ be the DNF formula of VALIDITY and let it contain v propositional
variables and n implicants. Without a loss of generality, we assume that each
implicant of ¢ contains exactly three literals (see Proposition 2) and v > 0.

We set K =n and G = 0. For each propositional variable xz; we construct a
random variable X;, and for each implicant x; we construct a random variable
O;. Then we construct a random variable Y. Finally, if n > 1, we construct
n — 1 random variables Z1, ..., Z,_1. All the constructed random variables are
Boolean. The O;’s are the only observable variables, and Y is the only hypothesis
variable. Cost of all observations is 1.

The DAG structure is specified by the following rules. There is an edge X; —
Oj; if and only if the variable x; appears in implicant ;. If n = 1, there is an
edge O; — Y. Else (n > 1), there are edges O; — Z; and Oy — Z7, and for
2 < k < n there are edges Zp—1 — Zi, Og+1 — Zi. Finally (still assuming
n > 1), there is edge Z,—1 — Y. There are no other edges. For example, the
formula

(931 N To A\ .’,Cg) V (ﬁl‘l N To A\ ﬁfL‘3) vV (1‘1 N ) N [L‘3)

corresponds to the DAG structure in Fig. 3.

Fig. 3. The DAG for (1 Axza Ax3) V (mx1 Aze A—x3) V(21 A —x2 Axs) .

Probability distributions on the X;’s are uniform, i.e., P(X; = 1) = % for
i=1,...,v. Note that each configuration of values assigned to (X;)?_, corre-
sponds unambiguously to a truth assignment for .

Conditional probability distributions P(O;|pa(0;)), j = 1,...,n, are defined
so that P(O; = 1) = 1 whenever the configuration of pa(O;) corresponds to a
satisfying truth assignment for implicant ;. With a slight abuse of notation, we
may write

P(OJ = 1\pa(03) =t)= {0 otherwise

where the first occurence of ¢ denotes a configuration of pa(O;) and the second
denotes the corresponding truth assignment to ;.

)
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Variables Zj, are ‘OR-gates’: conditional probability distributions P(Z|pa(Zy)),
k=1,...,n—1, are defined by equations

P(Zy =1lpa(Zy) #0) =1,  P(Z =0lpa(Zx) = 0) =1

where 0 is a zero vector.
For Y we define conditional distribution by equations

P(Y = 1[pa(Y) = 0) = % . P =1jpaY)=1)=1.

Please note that pa(Y') is O if n = 1, otherwise it is Z,_1.

The Zj’s form an OR-gate. Therefore P(pa(Y) = 1) = 1 if and only if
P(O; =1) =1 for at least one j. Consequently, H(P(Y)) = 0 if and only if
the configuration of values assigned to (X;)7_; corresponds to a satisfying truth
assignment for ¢.

We need to show that this construction of STRATEGY from VALIDITY is com-
putable in time polynomial in the length of . The length of ¢ may be measured
as the combined length of the implicants, i.e., it is 3n since each implicant con-
tains exactly three literals. In our construction, we have created O(3n) variables
X, n variables O;, n—1 variables Zj, and one Y. That is in total O(5n) variables.
Sizes of probability tables associated with the variables are constants indepen-
dent of the length of ¢: each P(X;) has 2 entries, each P(O,|pa(O;)) has 2311
entries, each P(Zy|pa(Zy)) has 22*1 entries, and P(Y |pa(Y)) has 21+1 entries.

To conclude the proof, we need to prove that ¢ is valid if and only if there
is a strategy s with MOC(s) < K =n and Ex(s) <G =0.

=) Assume that ¢ is valid. Consider a strategy s that consists of observing
all the observable variables Oy, ..., O,. Its cost is n = K. For any truth assign-
ment ¢, at least one of the implicants of ¢ is satisfied. Therefore, after all the
observations have taken place, for any configuration of (X;);_; there is some j
with P(O; = 1|pa(O;)) = 1. Consequently the distribution on Y is deterministic
for any configuration of values assigned to (X;)?_; and Ex(s) = 0 as required.

<) Assume that ¢ is not valid. Then there exists a truth assignment ¢
with k;[t] = 0. For such a ¢ and for any evidence e obtained by observing
an arbitrary subset of {O1,...,0,}, P(pa(Y) = Ole, (X;){_; = t) = 1. Since
P((X;)}_, =t) # 0, we have

Plpal¥) = 0le) = 32 Plpal) = e, (Xiizs = 1) ()i =
L0

Consequently P(pa(Y) = 1le) < 1 for any evidence e. It follows that there
is no way of observing Oy, ..., 0O, that would make sure that the probability
distribution on Y is deterministic. Consequently, any observation strategy s will
have Eg(s) > 0. ]
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4 Conclusions and Further Work

By Theorem 2 and Proposition 3, there is no polynomial-time algorithm for
finding optimal observation strategies unless P = NP. In our further research,
we will study heuristic and approximate algorithms for the problem.
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A Propositional Logic Terminology

We only briefly review propositional logic terminology frequently used in the
paper, more information can be found in any introductory textbook on math-
ematical logic. Propositional variable is a variable x that can attain one of two
possible values: 1 (truth) or 0 (falsity). Literal is an expression of the form x
or =x. Clause is a disjunction of literals, implicant is a conjunction of literals.
Propositional formula is in conjunctive normal form (CNF) if it is a conjunc-
tion of clauses. Propositional formula is in disjunctive normal form (DNF) if it
is a disjunction of implicants. Truth assignment is a mapping of propositional
variables to the set {0,1}. Truth value of formula ¢ under truth assignment ¢ is
denoted y[t]. Propositional formula ¢ is satisfiable if there is a truth assignment
t such that [t] = 1 (such a truth assignment is called satisfying). Proposi-
tional formula ¢ is unsatisfiable if there is no satisfying truth assignment for (.
Propositional formula ¢ is valid if p[t] = 1 for any truth assignment ¢.
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Abstract. In this paper we introduce finite automata as a tool for specification
and compression of a gray-scale image. We describe how to link together
resultant automata and how such a principle can be used for creation of image
database with added value.
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1 Introduction

Karel Culik II and Vladimir Valenta have proposed [1,2] fractal-coding technique,
which is based on automata theory. We are issuing that idea and in first chapter, we
will describe algorithm for gray-scale pictures based on simple solution for bi-level
pictures. In another chapter we will demonstrate, how to use automata for
compression pictures. Last, we will show background for creating database with
added value for storing pictures.

2 Finite automata

For understanding of the following, we allege only necessary background. If you want
know more about automata theory as a tool for specifying image, you can find it in
[3].

A digitized image of the finite resolution m x n consists of m x n pixels each of
which takes a Boolean value (1 for black, 0 for white) for bi-level image, or real value
(practically digitized to an integer value 0 and 256) for a gray-scale image.

Here we will consider square images of resolution 2" x 2", In order to facilitate the
application of finite automata to image description we will assign each pixel at 2" x 2"
resolution a word of length n over the alphabet £={0,1,2,3} as its address. A pixel at
2" x 2" resolution corresponds to a sub-square of size 2™ of the unit square. We
choose ¢ as the address of the whole unit square. Single digits as shown in Fig. 1 on
the left address its quadrants. The four sub-square of the square with address w are
addressed w0, wi, w2 and w3, recursively. Address of all the sub-square (pixels) of
resolution 4 x 4 is shown in Fig. 1, middle. The sub-square (pixel) with address 3203
is shown on the right of Fig. 1.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 274-281, ISBN 80-248-0755-6.
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IL |13 ] 31 |33
1 3 10|12 | 30 | 32 :A»
0 2 01 |03 | 21 |23

00 |02 | 20 | 22

Figure 1. The addresses of the quadrants, of the sub-square of resolution 4 x 4, and the sub-
square specified by the string 3203.

In order to specify a black and white image of resolution 2™ x 2™, we need to specify
a language L < X™. Frequently, it is useful to consider multi-resolution images, which
are images that is simultaneously specified for all possible resolution, usually in some
compatible way. (We denote ™ the set of all words over X of the length m, by Z* the
set of all words over X)

In our notation a bi-level multi-resolution image is specified by a language L <
¥* ¥={0,1,2,3}, i.e. the set of addresses of all the black squares, at any resolution.
Now, we are ready to give some examples. We assume that the reader is familiar with
the elementary facts about finite automata and regular sets see e.g. [4].

A word in the input alphabet is accepted by the automaton if exist labeled path
from the initial state to the final state. The set (language accepted by automaton A) is
denoted L(4).

Example. The 2 x 2 chess-board in Fig. 2 look the same for all resolution. The multi-
resolution specification is the regular set {1,2}2*. The 8 x 8 chess-board in Fig. 2 too
is described by the regular set 2*{1,2} =* or by automaton 4 of Fig. 2.

0,1,2.3

0,1.2.3 0,1,2.3 1,2

Figure 2. Finite automaton A defining the 8 x 8 chess-board.

Notice that here we used the fact that the regular expression £*{1,2}Z* is the
concatenation of two regular expression X*and {1,2}2*.

Example. Clearly, L;= {1,2}*0 are addresses of the infinitely many squares
illustrated at the left of Fig. 3. If we place the completely black square defined by
L,=%* into all these squares we get the image specified by the concatenation
L;L,={1,2}*0Z* which is the triangle shown in the middle of Fig. 3.
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N O

Figure 3. The squares specified by {1,2}*0, a triangle defined by {1,2}*0X*, and the
corresponding automaton.

Example. By placing the triangle L= L,L, from the previous example into all the
squares with addresses L;={1,2,3}*0 we get the image L;L={1,2,3}*0{1,2}*0%*
shown at the left of Fig. 4.

Zooming [3] is easily implemented for images represented by regular sets and is
very important for image compression shown in next section.

1.2 0.1,2,3
{ ! U

T S
S 8

Figure 4. The diminishing triangles defined by {1,2,3}*0{1,2}*0Z*, and the corresponding
automaton.

We have just shown that a necessary condition for black and white multi-resolution
image to be represented by a regular set is that it must have only a finite number of
different sub-images in all the sub-squares with addresses from X*. We will show that
this condition is also sufficient. Therefore, images that can be perfectly (i.e. with
infinite precision) described by regular expressions (finite automata) are images of
regular or fractal character. Any image can by approximated by a regular expression
however; an approximation with a smaller error might require a larger automaton.

Now, we will give a theoretical procedure which, given a multi-resolution image,
finds a finite automaton perfectly specifying it, if such an automaton exists.

Procedure Construct Automaton
For given image I, we denote /,, the zoomed part of / in the square addressed w. The
image represented by state number x is denoted by u,.

1. i=j=0.
. Create state 0 and assign u,=1.
3. Assume u;=I,. Process state i, that is for ~=0,1,2,3 do:
If I4,=u, for some state g, then create an edge labeled k from state i to state g;
otherwise assign j=j+1, u;/=I,; ,and create an edge labeled k from state i to the
new state j,
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The procedure Construct Automaton terminates if exists any automaton that perfectly
specifies the given image and produces a deterministic automaton with the minimal
number of states. Our algorithm for gray-scale image is based on this procedure, but it
will use evaluated finite automata (as like WFA) introduced in the section 3 and only
replacing black and white color to 256 color (or grayness) image, no creating loop and
add some option for setup compression.

Procedure for reconstruction picture from automaton is very simple, than we
describe only procedure Reconstruct Image for compressed pictures at next section.

3 Image compression

In this chapter, we will demonstrate in brief a method for image compression /
decompression applicable on construction of resultant images storage. Our algorithm
is based on algorithm shown in section 2. There lead 4 edges from each node at most
and they are labeled with numbers representing image part. Every state stores
information of average grayness of sub-square represented thereby state.

Procedure Construct Automaton for Compression
For given image /, we denote /,, the zoomed part of / in the square addressed w. The
image represented by state number x is denoted by u,.

1. i=j=0.

2. Create state 0 and assign u,=I. (Image represented by empty word) and define
average grayness of image /.

3. Assume u;=I,. Process state i, that is for £=0,1,2,3 do:
If I,4,=u, (with small error) or if the image /,; can be expressed as a part or
expanded part of the image u, for some state g, then create an edge labeled
k from state i to state g;
otherwise assign j=j+1, u;=I, ,and create an edge labeled & from state i to the
new state j,

4. if i=j, that is all states have been processed, stop;
otherwise i=i+1, go to 3.

The procedure Construct Automaton for compression terminates if there exists an
automaton that perfectly (or with small-defined error) specifies the given image and
produces a deterministic automaton with the minimal number of states. The number
of state can be small reduced or extended by changing error or do tolerance for
average grayness of image part. For reconstruct image from automata, we propose
follow recursively algorithm.

Procedure Reconstruct Image
For given automata 4, we make image /,, the zoomed part of / in the square addressed

1 Tha imaaa ranracantad hy otata niimhar v ic danntad by
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1. Assign the initial state g, to the image represented by the empty word, that is, to
the whole image I, and define i(g,)=1, #(q,)=<(¢), the average grayness of the
image [, which we change to computed color, if we wont that.

2. Recursively, for a state ¢ assign to square specified by a string u, consider four
sub-square specified by a string 0, ul, u2, u3. Denote the image in square by /.
If the image is everywhere #(q,) and word has shorter then requested, assign a
new input state ¢ that representative image specified by a input word u.X where X
is denoted part of image. Otherwise, assign a new input state g(uY) where Y is a
next part of image.

3. Repeat step 3 for each state, and stop if no founded new input state or input word
is an equal to requested.

The procedure Reconstruct Image was stop for every automata computed by a
procedure Construct Automaton (for compression), or other similar algorithm.

For demonstration: all states are marked on Fig. 5, where darkness color is prime
states and white color have latest states.

Figure 5. States of computed automata represented by color (on right-hand).

4 Image storage

4.1 Prevailing approach

There exist many methods for assembling images represented by final state automata.
We will depict one of the betters, namely the one, which assembles resultant automata
in direction from leaf node to the root. There are some example images (Imagel and
Image?) and their representation by means of final state automata computed by
method Construct Automaton for compression, on Fig. 6 and 7. For simplicity were
voted by acclamation black and white pictures with resolution 8x8 pixel. Every state
of resultant automata has assigned average grayness value of a picture part, which it
represents. Values are in intervals 0-255, where 0 represents black color and 255
white.

It is clear, that the following two images (on Fig. 6 and Fig. 7) have common

some parts, for lucidity see the next picture - Fig. 8. Concrete: sub-square 1 is the
anman at hath mmancac o h crrrava N i dmmannl i6 tha cnman aa ch camara N and D o
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image2, sub-square 3 in imagel is similar to sub-square with address 23 in image2,
etc.

Every common part is converted to the same state in the resultant automata, as we
can see on Fig. 9. That way the lossless compression is performed. Moreover, an
additional information can be obtained from the structure of the resultant automaton.
For example, the similarity of saved pictures, common shapes, and alternatively parts
of the picture. We can also follow-up similar pictures or the similar parts of various
pictures.

Figure 6. Example imagel, and the corresponding automaton.

190(7g%)

Figure 7. Example image2, and the corresponding automaton.
The algorithm for assembling resultant automata is very simple.

Procedure Composition Automaton for storage
For given automaton A/, and stored automaton 42 we make automaton A4 that
represent booth image.

1. Assign the some final state g, from A/ to the correspond state in stored automata
A2. Otherwise if is not present, assign a new state and take ¢+, from 41.

2. Process all other state from A1:
If not 3 edge from state ¢, labeled with same word w as edge from correspond
state in stored automaton create new edge labeled w to new state i ;



280 Marian Mindek

The procedure Composition Automaton for storage stops for every automaton
computed by a procedure Construct Automaton (for compression), or other similar
algorithm. Resultant automaton is smaller than original automata and contains
interesting information from both automata plus common interesting information. In
the extreme situation the resultant automata may be bigger than original, but if we
will store more and more images, the resultant automaton becomes bigger slower. In
other extreme, we can store two (or more) almost the same images in automaton with
non-increasing count of states. It is clear, that when we are storing images from the
one family (medical super sound radiograph, X-ray, pictures of building, etc.), we can
obtain much interesting information about our stored images and save more space.

PE———

—

] ' EEE

T

Figure 8. Example imagel and image2 with marked common parts.

190( 37

138

Figure 9. Resultant automaton.

4.2 Object oriented approach

We can use previously approach for more sophisticated preview to this problem, if we
have images that have some equivalent parts (like as building tracing, radiogram,
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equivalent. Procedure Construct Automaton for Object Oriented Approach looks as
simple algorithm Construct Automaton, with some changes, of course.

If we have a vector image, we mostly know its equivalent parts. If we do not know
that, we can use some known algorithm for searching of the same parts. Now, if the
processing procedure locates a part of the processed image, which is the same to any
other part processed previously, the procedure creates an edge from actual state to
initial state of the appropriate automaton and continues in processing. Naturally, it is
possible to locate more than one same part (also transparently) in processed image.

Produced automaton describes our image with the knowledge of the position and
the count of the same parts. These principles get us a solid background for creating
image database with high-included value. We can search images by its parts; every
common part can be easily changed; we can save a lot of space; we can transfer
through the network only the image parts we are interested in, or only a set of
interesting images, etc. Subsequently, we can use the resultant automaton the same
way as the classical automaton for raster image. It comes to this, that it is not
necessary to use special algorithm for image reconstruction or a special program for
drawing vector images.

5 Conclusions

In this paper, we have proposed an alternative solution for image compression and
their storage. We described two possible approaches for working with automaton as
storage of many images. This resultant automaton is able to underlie the creation of an
image database with added value and to make easier the search, collation and working
with images. This method is based on a finite automata compression, which can be
lossless or loss (both types have high predicate ability about stored images and spare
space and network communication).
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Abstrakt. V tomto ¢lanku prezentujeme novou metodu pro klasifikaci
XML dokumentu, kterd vyuzivéd nejen vlastni data ulozena v dokumentu,
ale také jeho strukturu. Pfitom vSak nevyzaduje dodatec¢né informace
jako XML schéma nebo DTD. Je navrzena nova metoda pro transformaci
XML dat do podoby jediné tabulky, kterou lze poté zpracovat stavajicimi
systémy strojového uceni. Uvedeme analyzu vysledki experimentu na
dokumentech vytvorenych z Internet Movie Database (IMDb).

Klicova slova: XML, XML mining, schemaless XML classification

1 Uvod

XML (eXtensible Markup Language) [9] je otevieny standard pro definovani
vlastniho strukturovaného jazyka (tzv. XML dialektu), predstavujictho format
pro uklddani informaci. Tuto definici predstavuje XML schéma nebo DTD sou-
bor, ktery se pak vyuziva pro ovéreni spravnosti (validaci) zpracovdvaného doku-
mentu. Data ulozend v XML pak tézi zejména z vyhod otevienych standartu a
snadné vymeény mezi aplikacemi. XML dokumenty pak navic muzeme reprezen-
tovat pomoci stromové struktury, kterd umoznuje ¢lenit dokument na jednotlivé
casti a poskytuje dalsi uzite¢né informace. Protoze XML umoznuje modelovat
slozité zévislosti, muze byt pouzito i pro ukladéni dat s clenitou strukturou.

Nabizi se dvé mozné cesty jak pracovat s XML daty: transformovat je do
podoby vhodné pro néjaky zavedeny systém pro dolovéani znalosti (hovorime pak
o tzv. propozi¢énich datech), nebo adaptovat stdvajici systémy tak, aby mohly
zpracovavat piimo XML dokumenty. V tomto ¢lanku poddme piehled stdavajicich
metod pro dolovani v XML a uvedeme novou metodu pro transformaci XML
dokumentu a jejich klasifikaci. Metodu experimentalné ovéfime na datech z in-
ternetové filmové databédze (Internet Movie Database, IMDb!) a porovname ji
s predeslymi pristupy.

2 Dolovani v XML

Dolovani v XML bylo az doneddvna neprozkoumanou oblasti a dalo by se fici,
ze tomu tak stéle jesté je. XML c¢asto zpracovavame tak, ze provedeme extrakci

! http://www.imdb.com
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vlastnich dat na zdkladé nasich potieb a znalosti konkrétniho dialektu. Ziskame
jedinou tabulku, kterou ptedlozime propoziénimu ué¢icimu systému. Hovorime
pak o tzv. propozicionalizaci [5]. Ptevod dat vsak muzeme do jisté miry provést
automaticky, napt. pomoci systému pro multirelaéni dolovén{ znalost{ [2]. Vzh-
ledem ke stale rostoucimu poc¢tu XML dokumentu vSak roste potieba metod,
které pracuji piimo s XML dokumenty a vyuzivaji vSech informaci, které jsou
v nich obsazeny — tedy i téch o strukture.

Pro dolovéani ve strukture XML navrhl Termier a kol. [7] algoritmus TreeFinder,
ktery hledd pomoci upraveného algoritmu Apriori [1] nejcastéji se vyskytujici ne-
jspecifictéjsi podstromy. Ve vysledném podstromu jsou zachovany tranzitivni vz-
tahy predek—potomek ale ne nutné rodi¢—dité. Algoritmus nejprve z kazdého vs-
tupniho XML dokumentu vytvoii transakci, kterd obsahuje vSechny mozné kom-
binace (element—element). Elementy jsou pfitom bud ve vztahu rodié—dité a nebo
predek—potomek. V této mnoziné se pomoci AprioriTree naleznou nejcastéjsi
relace a z nich se znovu sestavi nejméné obecny strom.

Zaki a kol. [10] navrhl metodu XRules pro klasifikaci XML dokumentu.
Vychézi z algoritmu TreeFinder, na jehoz zékladé je vytvoren algoritmus X MINER,
pro hledani tzv. klasifika¢nich asocia¢nich pravidel [6] (asociaéni pravidlo s iden-
tifikdtorem tiidy v zdvéru) v XML dokumentech. Z pravidel, ktera jsou splnéna
pro klasifikovanou instanci, se vybird podmnozina se shodnou tiidou a nejvyssim
kombinovanym efektem (pokryti, spolehlivost a korelace). Nevyhodou tohoto
pristupu pak muze byt fakt, ze celd klasifikace je provadéna pouze na zikladé
struktury XML.

Proto Theobald a kol. [8] vyvinul metodu prevodu XML na propoziéni data,
ktera vyuziva jak ¢édsti strukturni informace tak dat ulozenych v dokumentu.
Nové rysy jsou vytvareny jako kombinace vlastnich dat a zdkladni strukturni
informace: atribut-hodnota, element-atribut, element-termin, nebo vyuzivaji
pouze strukturu: element—element (rodic—dité), element—element—element (levé
dité-rodic—pravé dité). Problém rizného pojmenovéni elementu v dokumentech
z ruznych zdroju byl feSen mapovanim ontologii. Metodu tspésné pouzili na
klasifikaci dat z IMDDb. Na tuto metodu navazujeme pii ndvrhu nové metody
prezentované v tomto ¢lanku.

3 Klasifikace dat v XML

Klasifikace je jednou z nejcastéji pouzivanych tloh dolovani znalosti. Up-
latiiuje se totiz v mnoha doméndch, napt. pfi filtrovéni spamu (klasifikace doku-
mentu). Vétsinu stdvajicich systému strojového uceni vsak nelze pouzit pfimo na
data v XML. Mohli bychom sice pouzit néktery systém pro relaéni dolovéni [2],
ty ale vyzaduji definici doménové znalosti a jejich pouziti je tak dost naroéné.
Nejjednodusi by bylo informaci o struktuie uplné pominout a klasifikovat data
jako prosty text. Tim se vSak pripravime o informace, které mohou pomoci
pii analyze dat. Vhodnéjsi je proto transformovat data na jedinou tabulku
takovou metodou, ktera zachova alespon cast strukturni informace. Nasledujici
text vénujeme popisu metody pro klasifikaci XML dokumentu zalozenou na
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tomto postupu. Dokumenty jsou tedy nejprve prevedeny do jediné tabulky (viz
3.1), ze které jsou poté vybrany pouze vyznamné rysy (viz 3.2). Navrzeny systém
jsme implementovali jako skript v jazyce Python a nyni je dostupny na http:
//www.fi.muni.cz/"xprochl1/xml.

3.1 Transformace dat

Pfi ndvrhu metody jsme vychézeli zejména z praci M. Theobalda a kol. [§]
a A. Termiera a kol. [7]. Hlavn{ rozdil proti Theobaldovu pifstupu spocivé ve
zpusobu vytvareni rysu nesoucich informaci o strukture dokumentu. Zavedli jsme
nové rysy, které jsou obecnéjsi a jsou proto schopny lépe zpracovat ruzné struk-
turované dokumenty. Jako piiklad muzeme uvést rys typu piedek—potomek,
ktery je schopen popsat dokumenty, ve kterych jsou stejné elementy zapsdny
jednou jako Fetézec a podruhé ve formé stromu.

Vytvarené rysy muzeme rozdélit do ti{ skupin podle typu nesené informace:
strukturnt, strukturné-datové a datové (terminy).

Strukturni rysy

element—element: dany element se vyskytuje v dokumentu (napf. movie@movi

nebo genre@genre)

element—element (rodié—dité): zachycuje dva uzly spojene hranou (napf.
movie@genres, genres@genre nebo roles@role

element—element (pfedek—potomek): vsechny tranzitivni relace od kofene
smérem k listum (k rystum z piedchoziho piikladu by ptibylo movie@genre
nebo movie@role).

Strukturné-datové rysy

element—atribut: kombinace jména elementu a jména atributu, ktery je
v ném obsazen (napf. z <role actor="Bruce Willis"> bude vysledkem
role@actor)

element—atribut-hodnota: ke jménu elementu a atributu pfibyvéa hod-
nota atributu (napt. role@actor@ruce Willis)

atribut—hodnota: spojeni jména atributu a jeho hodnoty (actor@Bruce
Willis)

element—hodnota: se jménem elementu je spojena hodnota atributu, ktery
je v ném obsazen (napf. role@Bruce Willis)

element—termin: spojeni jména elementu s terminem, kde terminy jsou

fetézce oddélené neviditelnymi znaky z oblasti uzaviené elementem (z <role>Man
in coon skin hat</role> dostaneme role@Man, role@in, role@coon, role@-

skin, role@hat).
Datové rysy

termin: jednd se o zobecnéni rysu typu element—termin, kde termin neni
vézan na nadfazeny element (dostaneme napf. rysy @Man, @in, tedy vlastn{
data).
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3.2 Vybér rysu

Pocet vytvorenych rysu je vét§inou piilis vysoky a jen mald Cast z nich
je pritom vhodnd k sestaveni klasifikatoru. Ze sta dokumentu lze zkonstruo-
vat 1 nékolik tisic ryst, nicméné jejich velka ¢ast pokryva velmi malé mnozstvi
dokument.

Abychom urychlili fazi u¢eni, pouzivame v navrzené metodé pro vybér vyznamnyc
rysu filtrovani [4]. Jako metriku jsme pouzili informacni zisk (information gain,
IG), kterd je zalozena na principu minimalizace entropie. Mira se ukdzala jako
velmi vhodnd pro ruzné typy dat [3]. Hodnota této metriky tedy byla pouzita
pro usporadani vsech vytvorenych rysu, ze kterych se poté vybiralo prvnich N,
kde N zadéava uzivatel.

4 Experimenty

Metodu jsme testovali na datech z IMDb, ze kterych byly vytvoreny nové
XML dokumenty. Data jsme ziskali od autoru préce [8]. Tato databdze ob-
sahuje ndzev, rok vyroby, zanry, seznam hercu a fadu dalsich informaci o filmech.
Data pfitom nemuseji byt uplnd. U mnoha filmu z poéatku dvacétého stoleti,
predevsim pak u némych snimku, neni k dispozici seznam roli a hercu, kteti je
ztvarnuji. Naproti tomu u novych tituli mame k dispozici nejen tplny popis
roli, ale také realizacni $tab ¢i kratky popis zapletky a odkazy na piibuzna dila.

Uloha spocivala v klasifikaci filmu do dvou t¥id. TFidy byly definovany na
zédkladé zanru a tato informace byla samoziejmé z dat odstranéna. Zavedli jsme
tiidy komedie, drama, western a akénf film. Z kazdé tiidy bylo ndhodné vybrano
50 filmu, které jsou reprezentovany samostatnymi XML dokumenty.

Testovali jsme ¢tyfi ruzné metody transformace dat rozdélené podle pouzitého
typu ryst: CDATA (datové rysy), STRUCT (strukturni rysy), STRUCT +
CDATA (strukturni a datové rysy) a ALL (vSechny typy rysu). Vybirali jsme
vzdy prvnich 1 az 5, 10, 20, 40, 60, 80, 100, 200, 300, 400, 500 a 1000 ne-
jlepsich rysu. Jako hodnoty atributu byly ve vysledné tabulce pouzity hodnoty
IG konkrétnich rysu. Pro klasifikaci jsme pouzili algoritmy Naive Bayes, 1Bk,
SVM a J4.8 ze systému WEKA? s implicitnim nastavenim. Uéeni a testovani
bylo provadéno desetindsobnou kiizovou validaci s 90 trénovacimi a 10 testo-
vacimi pifklady.

5 Vysledky

Westerny proti akénim filmam. Klasifikace akénich filmu proti west-
ernum byla fesend také v praci M. Theobalda a kol. Pouzili jsme proto pro nase
experimenty stejné nastaveni (to znamend stejny pocet ucicich a testovacich
piikladi), abychom mohli porovnat dosazené vysledky.

2 http://www.cs.waikato.ac.nz/ml/weka/
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P1i transformaci dat bylo vytvoreno 4795 (CDATA), 105 (STRUCT), 4900
(STRUCT+CDATA) a 15170 (ALL) rysu. Pro ndzornost uvddime zastupce jed-
notlivych typa rysu. Jedna se o vytvorené rysy, které ziskaly vysoké hodnoty
informacntho zisku.

movie@soundmix (rodi&-potomek)

colourinfo@and (element-termim -- black and white)
soundmix@soundmix (element-element)
plot@author@maurice (element-atribut-hodnota)
plot@maurice (element-hodnota)

@silent (termin)

Zavislost presnosti klasifikace uc¢ici SVM a J4.8 na typu a poctu pouzitych rysu
zobrazuje levy graf ® na obr. 2. Z grafii je patrné, ze klasifikace na zakladé
vlastnich dat (CDATA) je lepsi, nebo stejné dobréa, jako pii pouziti novych rysu.
Graf na obr. 2 ukazuje vyvoj hodnoty F; miry. S referenéni metodou [8] jsme

—- Accuracy :: SVM —— —- Accuracy :: J48 —-

100

acc. (in %)
acc. (in %)

CDATA —— CDATA ——
75 | STRUCT —— || 75 | STRUCT —— ||
STRUCT+CDATA —»— STRUCT+CDATA —»—
ALL —s— ALL —s—
70 - 70 -
1 10 100 1000 1 10 100 1000
no. of features no. of features

Obr. 1. Z4vislost presnosti klasifikace na typu a po¢tu pouzitych rysu.

srovnavali pravé pres touto metrikou vypoctené hodnoty pro algoritmus SVM.
Autofi préce ukazali, ze jejich metoda dosahuje lepsich vysledku nez klasifikace
pomoci pouhych dat. Maximéln{ hodnota F; miry se pfitom pohybuje kolem 0.85
pro 100 a vice ryst. V nagich experimentech jsme doséhli celkové vyssi presnosti
a to i pii mensim poctu rysu. Napiiklad jiz pro 10 rysa jsme naméfili 0.91
a maxima (0.96) jsme dosdhli pfi pouziti pouhych 20 rysu. Zavislost pfesnosti
klasifikace zbylych dvou uéiéu (IBk a NB) na poctu rysu je podobnd jako u SVM,
nedosahuji vSak tak dobrych vysledki.

Musime tu v8ak poznamenat, ze nejlepsi vysledky byly dosazeny pro CDATA
(viz obr. 1), coz je zpusobeno vyskytem silnych datovych rysu, které velmi
dobfe rozdéluji data. Vyssi presnost oproti referenéni metodé pak byla s nejvétsi
pravdépodobnosti dosazena diky pouziti miry IG namisto MI-score pro vybér
rysu. Tato zjisténi vSak jeSté neznamenaji, ze se strukturni rysy pii klasifikaci
nemohou uplatnit.

3 Vsechny grafy jsou zobrazeny pro leps{ piehlednost s pouzitim logaritmické skély na
ose .
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—-—F, :: SVM :: Western vs. Action —-
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Obr. 2. Zavislost presnosti klasifikace a hodnoty miry F; na typu a poctu pouzitych
rysu. Jako pozitvni tfida byly zvoleny westerny stejné jako v [8].

Komedie proti dramatu. Abychom skute¢né ovérili kvalitu ndmi navrzené
metody, vybrali jsme z databaze IMDb data, ktera neni mozné piesné klasifikovat
pomoci jednoduchych rysta. Vybrali jsme proto filmy oznacené jako komedie a
drama, na kterych klasifikdtor SVM dosdhl nejvice 66% piesnosti (pii vybéru
400 a 1000 rysu). Pii vybéru pifkladu jsme pak volili takové filmy, u kterych
bylo uvedeno co nejvice moznych informaci. Opét jsme pak testovali vSechny
¢tyfi metody tvorby rysu.

Pies spatné vysledky v presnosti na této tloze, je z grafii na obrézku 3 vidét,
ze strukturni rysy maji pozitivni vliv na presnost klasifikace slozitéjsich dat.
Byly zkonstruovany rysy predstavujici zajimavé znalosti. Komedie mély casto
viceslovné nazvy a tim padem byly mezi vyznamnymi rysy title@and, title@a,
atp.

Strukturni rysy vedly ke zvySeni pfesnosti jiz pfi malém poctu atributu.
Hodnoty 66 % bylo systémem SVM dosazeno jiz pii klasifikaci dat obsahujicich
pouhych 60 rysu. Pfi klasifikaci dat systémem J4.8 se pfi tomto poctu rysu zase
nejlépe osvédéila metoda CDATA, prestoze nejlepsi dosazeny vysledek tohoto
ucice je s metodou ALL pii 300 az 500 rysech. Systémy IBk a NB dosdhly
shodné nejvyssi presnosti pii metodé ALL a 200 rysech, pficemz jsou celkové az
0 5% horsi nez SVM nebo J4.8.

5.1 Diskuze

Duvodem pro¢ strukturni a strukturné-datové rysy nezvysuji vzdy presnost,
muze byt jejich velkd specificnost. Tim vysvétlujeme celkové mensi piesnost
metody ALL, kdy byly zkonstruovany rysy, které vedly k preuceni. Napiiklad rys
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-= Accuracy :: SVM -- —- Accuracy :: J48 —-
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Obr. 3. Z&vislost presnosti klasifikace dramatu vucéi komediim na typu a poétu
pouzitych rysu.

casting@position@3 (element—atribut—hodnota) muze mit vysoké IG na trénovacich
datech, ale neni obecny a povede ke snizeni presnosti na testovacich datech.

Pokud bychom tedy nahlizeli na XML dokument jako na mnozinu stejné
vyznamnych terminu, zjistime, Ze obecné je presnost v klasifikaci pfi malém
poctu rysu vyssi u strukturu-vyuzivajicich metod, ale pfi vy$sim poctu rysu
jemnéjsich dat prilis obecné a struktura muze plnit funkci vdhovani, kdy element
ve kterém se termin nachézi, piedstavuje kontext (napt. colourinfo@black viéi
plot@black). Jak je vidét z grafu na obrazku 3, maji strukturni rysy pozitivni
vliv na pfresnost pii klasifikaci slozitéjsich dat. Pii klasifikaci westernt a akénich
filmu vitézi vlastni data nad strukturou dokumentu. Je to zpusobeno tim, ze
jsou informace u obou typu filmu velmi odlisné. Pro klasifikaci se tak nejlépe
uplatnily rysy identifikujici némy nebo ¢ernobily film. Naproti tomu se pii klasi-
fikaci komedii vuéi dramatum prosadi rysy zalozené na struktufe, protoze se
v samotnych datech nevyskytuji terminy, které by jednoznacné urcovaly vyslednou
tridu.

Zjistili jsme, ze pouzivat vice nez tisic rysu nemad vyznam, protoze v nich uz
nenajdeme takové, co by obsahovaly informaci, kterd pomuze zvysit piesnost,
ale naopak zkomplikuji proces uceni.

6 Zavér

Navrhli a implementovali jsme metodu pro klasifikaci XML dokumentt bez
pouziti schématu. Provedli jsme experimenty na XML dokumentech vytvorenych
z IMDb a uvedli srovnani s referen¢ni metodou.

Dva prezentované experimenty ukazuji protikladné typy problému, se kterymi
se muzeme setkat. V prvnim experimentu, ktery jsme pievzali z prezentace ref-
eren¢ni metody, nezvysily strukturni rysy presnost klasifikace. Zjistili jsme, ze
informacné silné rysy, které popisovaly parametry média (barva, zvuk, atp.), a
které se daji ziskat reprezentaci samotného dokumentu jednoduchym vektorem,
vedou k lepsi presnosti. Druhy experiment (komedie proti dramatu) ukazuje,
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ze uziti struktury ma vyznam az u slozitéjsich dat, kdy samotné terminy jsou
ptilis obecné a jejich vdhovani (napf. spojeni jména elementu a terminu) vede
ke zvyseni presnosti klasifikace.

7 Podékovani

N&s nejvetsi dik patii autorum ¢lanku [8] (M. Theobald a kol.), ktefi nam
laskavé k experimentovani poskytli XML verzi databdze IMDb. Radi bychom
také podékovali L. Popelinskému a anonymnim recenzentum za cenné rady a
piipominky. Tato prace je édstecné podporovana z granta MSMT 143300003 a
MSM 0021622418.
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Annotation:

XML documents classification

We present a new method for classifying XML documents that does not require any
additional information like a XML scheme or DTD. A new method for transforming
XML data into one table is introduced. We present results of experiments with data
from Internet Movie Database (IMDb). We show that our method overcomes the pre-
vious work in terms of accuracy and F; measure.
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Abstract. The paper is focused on the application of KDD techniques on the
results of the survey carried out within the FP5 Project “ProductivityGap”. The
aim of this survey, carried out in five countries of Central and Eastern Europe
(CEE), was to determine the extent to which multinational companies (MNC)
and other foreign investors into CEE actually support the transfer of foreign
technology and its implementation in their subsidiaries in CEE. The intention
was to map the starting positions of MNC’s subsidiaries and trace possible im-
provements in their mandates, productivity, technology and local networking.
Based on their answers a unique database on foreign direct investment subsidi-
aries was created and used for the analysis. A so-called Apriori algorithm was
used and tested in this application for identification of association rules based
on this database. Our goal is to describe preprocessing steps, formulation of
hypotheses, evaluation and interpretation techniques used in presented ap-
proach as well as comparison with classic statistical methods and suggestions
for the further research.

1 Introduction

In general it is expected that economic activity of foreign investors in countries of
CEE will accelerate technological development in the host economy. There are sev-
eral ways how foreign direct investment (FDI) in less developed economies can do
that — by means of transfer of foreign technology to the host economy (in the form of
product and process technology), or in form of management practices, improved
information on and access to foreign markets (provided by the foreign owner), but
also thanks to intensified competition.

Research within the “ProductivityGap™! project is focused on identification of deter-
minants of the intensity of actual technology transfer in the manufacturing sector of
Central and Eastern Europe. We are investigating under what conditions (for example
in terms of dividing responsibilities for business functions a between foreign owner

53]
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and a local subsidiary) the foreign investment enterprises (FIEs) in CEE are best
equipped to (technological) development.

Research is based on a database which containing data on FDI subsidiaries in selected
new EU member states in CEE. These data were collected within the ProductivityGap
survey carried out in 2002. We received 458 filled in questionnaires from 5 CEE
countries. Based on their answers a unique database on foreign direct investment
subsidiaries was created and used for the analysis.

In the next chapters of this paper use of KDD approach especially association analy-
ses will be presented as well as preprocessing steps, formulation of hypotheses, inter-
pretation of results and comparison with classic statistical approach. Finally, some
conclusions and suggestions for the further research will be presented in the end of
the paper.

2 Knowledge Discovery Techniques

Knowledge discovery in databases (KDD) is a process of semi-automatic extraction
of knowledge from databases. Extracted knowledge should be valid (in statistical
interpretation), unknown (i.e. knowledge was not known before application of KDD)
and potentially useful (for the given purpose). In the case of the ProductivityGap
survey, a record is an answered questionnaire and attributes are questions or sub-
questions.
The process of KDD consists of several steps. It is worth mentioning that this process
is usually iterative and interactive. Definition of individual steps of KDD depends on
the level of detail. Key steps are as follows [1]:

1. Definition and analysis of the goal of the given task.

2. Acquisition of relevant data and their understanding.

3. Preprocessing of data — extraction of relevant data, data clearing, integration,

and transformation of data to a representation suitable for the given goal.

4. Data mining (DM) — application of intelligent methods for identification of
valid patterns in data. Task of DM can be defined in several ways:

a) Descriptive DM (generalization and discrimination methods)

b) Predictive DM (classification and prediction methods)

¢) Unsupervised DM (clustering and association analyses)
Evaluation of identified data and knowledge identification.
6. Application of the acquired knowledge and evaluation of its use.

W

2.1 Association Rules

Association rules [2] are used for example for analysis of shopping baskets. A record
in this application typically consists of items bought in a transaction. The problem
can be formally defined as follows [2]: Let I = {ij, iy, ..., i,,} be a set of literals, called
items. Let D be a set of transactions, where each transaction 7 is a set of items such
that T < Z. We say that a transaction T contains X, a set of some items in Z, if X < T.
An association rule is an implication of the form X = Y, where X,Y cZ,and X nY =
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&. The rule X = Y holds in the transaction set D with confidence c if ¢% of transac-
tions in D that contain X also contain Y. The rule X = Y has support s in the transac-
tion set D if s% of transactions in D contains X UY.

3 Association rules found in the ProductivityGap survey results

For identification of association rules the Apriori algorithm [2] implemented in Weka
[3] has been used. In principle to would be possible to run the algorithm over the
whole database (with answers to all questions), but then it would be very difficult to
find among the huge set of generated association rules some “interesting” ones. For
this reason, the problem was decomposed into smaller sub-problems and in most
cases only associations between two questions in the questionnaire were investigated.
The result of the data-mining algorithm was a set of identified association rules de-
scribing (probabilistic) dependencies among values of attributes (i.e. among answers
to sub-questions). These associations can then serve for support of denial of formu-
lated hypotheses. This approach was used for identification and analysis of associa-
tions among individual and ‘group’ business functions (operational, marketing, stra-
tegic), business functions and magnitude of change, etc.

3.1 Pre-processing

Also in our experiments some pre-processing was needed, e.g.:

e Aggregation of sub-questions: Business functions (question Q7) were aggregated
into ‘group business functions’:

a) Q7_0 - Operational business function (BF) includes sub-questions: Q7b -
Process engineering, Q7d - Supply and logistics, Q7e - Accounting and fi-
nance, Q71 - Operational management,

b) Q7_M - Marketing BF includes: Q7g - Market research, Q7h - Distribution
and sales, Q7i - After sales services, Q7] - Advertisement, Q7k — Marketing,

c) Q7_S - Strategic BF includes: Q7a - Product development, Q7c - Determin-
ing the product price, Q7f - Investment finance, Q7m - Strategic manage-
ment or planning.

e Aggregations of values of attributes — some values were aggregated with the aim
to get larger sets of same values. Otherwise no (or very limited number of) asso-
ciation rules for given values could be identified. For example following aggre-
gation have been made for question Q7:

= Q7 =0:“Mainly or only your company” (i.e. local subsidiary)
= Q7=1:“Mainly or only foreign owner”

This applies to all sub-questions of Q7 including Q7_0, Q7_M, Q7_S.

e  Question 9 — Magnitude of change - Q9x, x=a,b,c,d,e (Volume of sales, Share of
export, Productivity, Level of technology, Quality of produce; values: -2 consid-
erable reduction, -1 reduction, O no change, 1 increase, 2 considerable increase)
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3.2 Association rules among individual business functions (Question Q7)

Let us start with looking for associations among individual 13 BFs. The algorithm
(Apriori) generates a list of identified association rules ordered by decreasing confi-
dence. For illustration, first 5 association rules as generated by the Apriori algorithm
are given in List 1 (where all BFs have value 0). For example the rule No.1 says:
IF Q7_g=0 & Q7_k=0 (what is true in 269 cases) THEN Q7_j=0 in 267 out of
these 269 cases, i.e. this rules holds with confidence 267/269 = 0.99
Such a list, however, needs some further processing (post-processing) — many rules
overlap; set of items contained in one rule can be a subset of a set of items contained
in another rule etc. And what is the most important it is necessary to select “interest-

ing” association rules.

Q7_g=0 Q7_k=0269 = Q7_j=0267 conf:(0.99)

Q7_g=0 Q7_h=0 Q7_k=0 264 = Q7_j=0262 conf:(0.99)
Q7_g=0 Q7_i=0 Q7_k=0263 = Q7_j=0 261 conf:(0.99)
Q7_e=0 Q7_g=0 Q7_k=0261 = Q7_j=0259 conf:(0.99)
Q7_g=0 Q7_h=0 Q7_i=0 Q7_k=0 260 = Q7_j=0258 conf:(0.99)

RAREE

List 1 Association rules among individual BFs (where 0 — “mainly or only local subsidiary is
responsible for the given BF”) generated by the Apriori algorithm.

Of course, such association rules can be represented in different formats, e.g. rules
from Listl are represented in Tablel. The association rules (AR) have the form X =
Y, where X and Y consist of one or more items (answers to questions). Items (conse-
quents) - members of the set Y (i.e. the right hand side of the association rule) are in
tables below in bold with sign ‘=’ before the given item. For each association rule
figures like support and confidence are given in the table.

Table 1 Association rules from List 1 (O — operational, M — marketing, S — strategic business
function).

S| 0|S/0O/0|S M M M|M| MO |S | suppX| SuppX SuppXY
- 0 Conf.
7a|7b|7c[7d | 7e| 7| 7g|7h | 7i | 7j| 7k|7I 7m| (No.) (%) (No.)
0 =0/ 0 269 61% 0,99 | 267
0| 0] =00 264 60% 0,99 | 262
0 0 =0/ 0 263 60% 0,99 | 261
0 0 =0/ 0 261 59% 0,99 | 259
0/ 0|0 =0/ 0 260 59% 0,99 | 258

Columns of Table 1, corresponding to individual BFs belonging to the same group of
BF, have the same background. It can be seen from this table that most of the associa-
tions are among marketing BFs. Before going into a more detailed analysis let us
formulate a hypothesis.

Hypothesis 1: Associations among BFs belonging to the same group (i.e. either to
operational or marketing or strategic) are higher than associations among BF's be-
longing to different groups of BFs.
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Based on analysis of a larger set of association rules (association rules with confi-
dence higher than 0.90 were analysed) the more tables like Table2 were produced,
also for other BFs, types of rules (1=1, 0=0, etc.) and their combinations.

Table 2 Associations within the group of Marketing business functions (Q7g, Q7h, Q7i, Q7j,
Q7k) of the type “0 => 0 (where 0 - “Mainly or only local subsidiary”). For example the first
AR in table should read (Q7g = 0) & (Q7k = 0) = (Q7j = 0) with confidence 0.99.

00 Sz‘,\fop)x S‘E(f’/o';’x Conf. S“(EE;W
0 k=] 269 60% 0,99 267
g K= ] 264 59% 0,99 262
G k=] 263 58% 0,99 261
i k=] 260 58% 0,99 258
g k=h 263 58% 0,99 260

In all cases, excluding BF Q7m (Strategic management or planning), the number of

answers with the value O is higher than the number of answers with the value 1. It

means that in majority of cases responsibility is on the side of local subsidiary. How-
ever, the ratio between the number of 0’s and 1’s decreases in the order Operational —

Marketing - Strategic BFs. Still, there are some exceptions (irregularities) in “linear-

ity” of this decrease.

Some significant concluding comments based on analyses:

e There are strong associations among Marketing and Operational BFs

e Associations among Strategic BFs (conf. higher than 0.9) have not been found.

e Associations with confidence higher than 0.9 have been found also between
Marketing and Strategic BFs.

e No associations between different values of BFs (i.e. between “Mainly or only
local subsidiary” and “Mainly or only foreign owner”) of that high confidence
have been found.

Once the associations were identified, we used also statistical approach and calculated

Spearman’s correlation coefficients between individual business functions. These

figures are in accordance with the association rules given above. Concluding this

section, we cannot say that the Hypothesis 1 has been fully supported. Although as-
sociations between BFs belonging to the same groups are strong, confidence of
associations between some BFs belonging to different groups is also high.

3.3 Association rules among groups of business functions

As mentioned above, the 13 business functions can be grouped into ‘group’ business
functions Operational, Marketing and Strategic BFs as described above. Let us define
an ordering of “group” BFs by defining a “level” of BF in the following way - Op-
erational BF - level 0, Marketing - level 1 and Strategic - level 2.

Hypothesis 2: Responsibility for business functions is delegated by foreign owner
(FO) to local subsidiary (LS) in an ascending order, i.e. before LS overtakes respon-
sibility for the level i, LS should have responsibility for level (i-1). It means, for ex-
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ample that LS should be first responsible for Operational BFs and only then can

overtake responsibility for Marketing BFs.

If summarizing table for ‘group’ business functions were produced, it can be seen

that the number of answers for the value O (i.e. “mainly or only local subsidiary”) is

decreasing with the level of BF (i.e. less FIEs are responsible for Marketing BFs than
for Operational, and even less for Strategic BF) and, logically, the number of answers
for the value 1 (“Mainly or only foreign owner”) has an opposite, decreasing trend.

To testify the Hypothesis 2 it is necessary to look at association rules among the val-

ues of BFs.

An association rule will be called “backward” if has the form “IF higher level BF =

value THEN lower level BF = value” and an association rule will be called “forward”

if it says “IF lower level BF = value THEN higher level BF = value”.

In our case we need to analyse backward and forward association rules for different

type of rules (0=0, 1=1, 0=1, 1=0) between all groups of business functions.

After analyses we found that:

e If local subsidiary is responsible for higher level BF that with very high probabil-
ity (higher than 0.9) is responsible also for lower level BF. For BFs differing by
two levels (i.e. association S=0) confidence is higher than for BFs differing
only by one level.

e Confidence of backward rules of 1 = 0 type is on average lower than for back-
ward rules of 0 = 0 type.

Thus, in principle we can say that we have not found any association rules, which

would be in contradiction with the Hypothesis 2. Trying to support the hypothesis we

mostly used “atomic” association rules (X = Y, where both X and Y contain only one
item, it is a unidirectional relation). Confidence of atomic AR corresponds to condi-
tional probability.

For comparison with the associations defined in the form of atomic association rules,

Spearman’s correlation coefficients between group BFs were calculated (o = 0.05).

Correlation coefficients are by definition symmetrical. On the other hand, dependen-

cies identified by the association rules show asymmetrical nature of these relations.

At the same time, the association rules show dependencies between individual values

of investigated variables (in this case BFs), it means they provide more detailed in-

formation.

3.4 Associations between business functions (Question Q7) and volume of sales,
share of export, level of productivity, technology and quality (Question Q9)

Hypothesis 3: The higher the responsibility of foreign owner in business functions,
the higher the increase in productivity, sales, share of export, level of technology and
quality of produce.

In this case the Apriori algorithm was applied to ‘group’ business functions Q7_O,
Q7_M, Q7_S and sub-questions of Question 9. The following procedure was used:
the DM algorithm was run on one sub-question of Q9 and Q7_0O, Q7_M, Q7_S.
Again, same type of tables as in previous chapters were produced.
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It is noteworthy that absolute majority of values of Q7_0O, Q7_M, Q7_S in generated
rules (with high confidence) is O (i.e. mainly or only local subsidiary). That can be (at
least partly) explained by the fact that value 0 is more frequent than 1.

For example result contains atomic AR: (Q9a = 2) = (Q7_O = 0), which hold with

confidence = 0.88. It means that 88% of FIEs, which achieved considerable increase

in volume of sales, are responsible for operational BFs.

ARs in opposite direction, i.e. for example (Q7_O = 0) = (Q9a = 2), have much

lower confidence (0.49).

Based on the analysis we can formulate the following conclusions:

1. Majority of the association rules found are for Q7_0O, Q7_M, Q7_S equal to 0
(i.e. local subsidiary is mainly or only responsible for the given BF).

2. For ARss (Q9x =y) =(Q7_z=10), wherex=a,b,c,d,e;y=0, 1,2;and z = O,
M, S holds: the highest the level of group BF, the lowest the confidence.

3. Out of those FIEs which enjoyed considerable increase, only in those FIEs which
enjoyed considerable increase in volume of sales is an average responsibility of
local subsidiary for strategic BFs higher than average responsibility of foreign
owner.

For comparison an average “autonomy index” (Al) is used, this index is in fact the

number of companies with Q7 = 0 (i.e. LS is mainly or only responsible for the given

BF) divided by the number of all FIEs answering this question (Al = 0 means that LS

has no responsibility in the area, Al = 1 means that LS has all responsibility for the

given BF). AI/Q9a = 2 is a ‘conditional’ Al - autonomy index of those FIEs which
experienced considerable increase (i.e. Q9a = 2). Symbol A denotes a relative differ-
ence between the autonomy index and conditional autonomy index (in %).

Table 3. Comparison of the autonomy index of all FIEs and of FIEs with (Q9a = 2), (Q9a = 1),
and (Q9a = 0), respectively Al — autonomy index, AI/Q9a=x — autonomy index for FIEs with
Q9a = x, A - relative difference between Al/Q9a=x and Al (for x =2, 1, 0).

Al | AT/Q92=2 | A | AU/Q9a=1 | A | AQ9a=0 | A
Q7.0 | 0386 0.88 2% 0.83 3% 0.88 2%
Q7 M | 0.72 0.70 3% 0.79 9% 0.57 21%
Q7S | 052 0.54 4% 0.52 1% 047 -10%

It is interesting to note that FIEs, which experienced considerable increase in volume
of sales actually as far as autonomy index is concerned do not differ from “average”
FIEs (autonomy index calculated from all FIEs participating in the survey). On the
hand, autonomy index in Marketing BFs of FIEs with unchanged volume of sales is
by 21% below average. Similar tables for Q9b, Q9¢, Q9d, and Q9e can be created.
Our results indicates that responsibility for BFs is a factor contributing to consider-
able increase in some areas defined in the Question 9 (Q9) of the questionnaire (Hy-
pothesis 3). Differences in the average autonomy index are usually the largest for
Strategic BFs and the lowest for Operational BFs.

Once these differences in business function autonomy were identified, we tested
whether differences between sets of FIEs with Q9x = 0, Q9x = 1, and Q9x = 2. We
tested differences between all three groups (using Kruskall-Wallis and Jonckheere-
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Terpstra tests) as well as differences between pairs of sets (Mann-Whitney and Kol-
mogorov-Smirnov tests). Significant differences at the level of significance o = 0.05
were identified. We found that confidence of association rules or respectively auton-
omy index AI/Q9x = k. Of course, it cannot replace statistical testing of a zero hy-
pothesis (that the sets are not different) at the given level of significance.

4 Conclusions

A complementary approach to “classical” statistical approach using the data-mining

algorithm was tested in this paper. We found that the achieved DM results correspond

to the results of classical statistics. Further research can be focussed also on several

other issues:

e Based on the results of the identified “interesting” bilateral associations to test
also “multilateral” associations (for sub-questions from “interesting” ARs)

e To design and implement an algorithm for (semi-)automatic post-processing of
data mining results for this kind of applications (results of questionnaire survey).

e To test a data mining software enabling some kind of specification of association
rules we are looking for (e.g. LISPMiner software [4]) or to design a language
for specification of such rules

e To test also other data mining algorithms on this set of data (e.g. cluster analysis)

Still one may ask what are advantages or value added of this approach. Potential

advantages result from differences of association rules to correlation coefficients:

e Correlation coefficients define dependency between variables, association rules
define dependencies among concrete values of variables

e Correlation coefficients are symmetrical, association rules are asymmetrical

e Association rules in general associate two or more variables.

Traditional approach is deductive — researcher formulates a hypothesis and then it is

tested whether collected data are in harmony with the formulated hypothesis or not.

Data mining techniques can be also used (as “another methodology”) within this

approach. However, data mining techniques can support also inductive approach —

one would specify required minimum confidence and the data mining tool would

generate all the association rules with confidence higher than the specify minimum

confidence. And then, based on all the generated association rules, some conclusions

could be formulated.
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Abstract. Dynamic Logic Programming (DLP) and Multidimensional
Dynamic Logic Programming (MDLP) represent a way to express chang-
ing knowledge using the language of logic programming and the idea of
program updates. Many semantics were introduced for such programs,
sharing common problems when handling updates with programs that
intuitively do no carry any new knowledge, for example tautological up-
dates. A refined exension principle for DLP was proposed by J.J.Alferes
et. al. to formalize a certain type of updates, that should not change
the stable model of a program, along with a new refined semantics. In
this paper we extend the principle to the case of MDLP and identify the
problems caused by nonlinearity that prevent a straighforward lifting of
the semantics from linear case.

1 Introduction

Logic programming is one of the mostly used formalisms in knowledge repre-
sentation and because of its foundations in classical logic it allows easy repre-
sentation of static knowledge. Dynamic Logic Programming (DLP) and Multi-
dimensional Dynamic Logic Programming (MDLP) represent a way to express
changing knowledge using the same language and the idea of program updates.

Many semantics were defined for DLP. These semantics share different prop-
erties and it is hard to compare them or decide which are better. In [2] a refined
extension principle was defined, which concerns the addition of rules that should
not change the meaning of a program. Our contribution in this paper is the in-
troduction of this principle into the MDLP — a generalization of DLP that allows
for more freedom when expressing relations between logic programs and identi-
fication of the problems that prevent a straightforward lifting of the semantics
from linear case.

2 Motivation

A number of semantics for Dynamic Logic Programming have been proposed.
Many of these are based on rejection of rules and all suffer from tautological
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© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 298-305, ISBN 80-248-0755-6.
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updates. By a tautological update we understand either update with a tautology
or a rule belonging to a tautological cycle.

The danger of tautological rules lies in the fact that being satisfied by some
model, they can reject rules with opposite literals in head. However being un-
supported, a tautology does not actually say anything about its head. This is
not a problem for most semantics. But when the rejected rule was in conflict
with some other rule (not the tautology), thus generating an inconsistency, a
new stable model can be achieved, because of the inconsistency being removed.

As this certainly presents a problem, it does not end with tautologies. Even
rules which are a part of a cycle that is not supported from outside show similar
behaviour. Although a simple solution would be to allow only acyclic programs
besides the fact that detecting such cycles is not easy, it denies an easy way to
restrict certain models as shown in [2].

3 Preliminaries

In this paper we will concentrate on a class of logic programs called general-
ized logic programs [13] which allow for default negation in heads and bodies
of rules. Using the notion of updates of logic programs we define the class of
Multidimensional Dynamic Logic Programs [8].

Let A be a set of propositional atoms. For an atom A, not A is called a
default literal. We denote £ = {A,not A|A € A} the set of all literals. For a
literal L € £, we use not L to denote its opposite counterpart not A if L = A or
Aif L = not A. We call L and not L conflicting literals and denote by L < not L.
For a set of literals M C £ we denote M T the set of all objective literals and
M~ the set of all default literals from M. A set of literals M is called consistent
if it does not contain two conflicting literals, otherwise it is inconsistent.

A generalized logic program P is a countable set of rules of the form L «
Ly, Lo, ..., Ly, where L and each of L; are literals. When all literals are objective,
P is called a definite logic program.

For a rule r of the form L « Ly,Ls,...,L, we call L the head of r and
denote by head(r). Similarly by body(r) we denote the set {L1, Lo, ..., L,} and
call it the body of r. If body(r) = 0 then r is called a fact. Two rules r and 7’
are called conflicting (opposite) if head(r) and head(r’) are conflicting and we
denote this by r > r’.

An interpretation is any consistent set of literals I. I is called a total inter-
pretation if for each A € A either A € I or not A € I. A literal L is satisfied
in an interpretation I (I = L) if L € I. A set of literals S C L is satisfied in T
(I = 9) if each literal L € S is satisfied in I. A rule r is satisfied in I (I |=r) if
I =body(r) — I = head(r). A total interpretation M is called a model of logic
program P if for each rule r € P M = r. We also say that M models P and
write M = P.

For a generalized logic program P we denote least(P) the least model of
the definite logic program P’ obtained from P by changing each default literal
not A into a new atom not_A. According to [3] we can define stable models of a
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generalized logic program as the models M for which

M =least(PUM™).

3.1 Multi-dimensional Dynamic Logic Programming

To express knowledge changing over a linear sequence of states, Dynamic Logic
Programming[1] was introduced. It was further extended into Multidimensional
Dynamic Logic Programming[9], a generalization with nonlinear orderings of
states, which allows for more complex knowledge hierarchies, described by partial
orderings or acyclic directed graphs (DAGs).

A directed graphis a pair D = (V,E), E CV x V. An edge (u,v) € E is con-
sidered to lead from w to v. A sequence of edges (vg,v1), (v1,v2), ... (Vn—2,Vn-1),
(Un_1,vy) is called a directed path from vg to v,. A directed acyclic graph (DAG)
is a directed graph with no directed path from v to v for all vertices v € V.

Every DAG D = (V,E) defines partial orderings <p and <p on its set
of vertices: u <p wv if there exists a directed path from u to v and <p =
<p UW{(v,v)lv e V}.

The relevancy DAG of D with respect to v € V' is D, = (V,,, E,) with:

Vo ={uju e Vu <p v} E,=En(V, xV,)

A multidimensional dynamic logic program (MDLP) P is a pair (Pp, D),
where D = (V, E) is an acyclic directed graph. Elements of V are called states
and Pp = {P,|v € V} is a set of generalized logic programs corresponding to
these states.

By p(P) we denote the multiset of all rules in P,,v € V, and by P U P’
(P' = (Pp, D)) the MDLP ({P, UP)jv € V}, D).

Defined in this way MDLP allows for infinite DAGs. We will however restrict
to DAGs for which the relevancy DAG for every vertex is finite. Semantics for
MDLP is always defined at a certain state (or a set of states). We could consider
semantics at the set of states S = V, having so a view of the whole program,
but this may not be very intuitive in complex MDLPs.

When determining the semantics, rules from all relevant programs are taken
into account and possible inconsistencies are resolved according to the principle
that knowledge from more important program takes precedence that from less
important programs.

Let P = (Pp,D) be a MDLP with D = (V,E) and Pp = {P, | v € V},
D, = (Vi, E,) is the relevancy graph of D with respect to s € V. A total
interpretation M is a stable model of P at state s iff

M, = least ([p(P)s \ Rej(P, s, Ms)] U Def(p(P)s, My))

where

p(P)s = U P,

’UEVS
Rej(P,s, M) ={r € Pi|3r' € P; :rx7r",i <p j <p s, Ms = body(r')}
Def(p(P)s, M) = {not A| Ar € p(P)s : head(r) = A, M = body(r)}
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The set Rej(P, s, M) contains all rejected rules from P, i.e. rules for which
there is a conflicting rule satisfied in M in more recent program. The set
Def(p(P)s, M) contains default negations of all unsupported atoms — defaults.

The previous definition defines the Dynamic Stable Model semantics (DSM)
for MDLP[8]. When requiring < p to be strict, finite ordering, we get an eqivalent
definition of DLP [1, 8] which uses the notation p(P), Rej(P, M), Def(p(P), M)
for the respective sets. There are other semantics for DLP
[5,6,10,11] and their equivalents for MDLP [8,7] based on causal rejection
of rules. All of them can be achieved by corresponding definitions of the sets
Rej(P, s, My) and Def(p(P)s, My).

A transformational semantics for MDLP that is equivalent to the DSM se-
mantics is defined in [8]. Such semantics transforms the MDLP into a general-
ized logic program with a corresponding set of models. This allows for direct
implementation of the DSM semantics for MDLP by using existing solutions
for GLP[12,4]. Ability to construct such transformational semantics will be an
important aspect when looking for a refined semantics.

4 Refined Extensions

In order to distinguish between semantics that suffer from tautological updates
and those that do not, refined extension principle [2] was defined. In this section
we recall the notion of refined extension for DLP, which is a way of describing
an addition of rules that do not change the meaning of logic program.

Using the notion of refined extension a refined extension principle was defined,
which is used to distinguish between semantics that correctly deal with addition
of tautological rules and those that do not. After that a short survey follows on
how exactly the problem of tautologies arises and how it can be solved along
with the definition of a complying semantics from [2].

We will now be interested in semantics for DLP based on causal rejection of
rules|6, 8]. Models of such semantics can be characterized according to definition
given in section 3.1, where we can get various semantics with various definitions
of the sets Rej and Def.

First the syntactic extension is defined. Informally, P U E is a syntactic
extension of P if rules from E do not change the least Herbrand model of P.

Definition 1. Let P and E be generalized logic programs. PUE is a syntactic
extension of P iff least(P) = least(P U E)

Consider a semantics Sem. We can now use the notion of syntactic extension
to verify whether addition of rules in £ affects the model in Sem, because the
model will be characterized by the least Herbrand model. When all models of
P U E are unaffected, we say that P U is a refined extension of P.

Definition 2. Let P and £ be two dynamic logic programs, Sem a semantics

and M an interpretation. We say that P UE is an extension of P with respect
to M iff

[p(P) —Rej(PUE, M)|UDef(PUE, M) U [p(E) — Rej(PUE, M)]
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is a syntactic extension of [p(P) — Rej(PUE, M)|UDef(PUE, M)
We say that PUE is a refined extension of P iff PUE is an extension of
P with respect to all models in Sem(P UE).

4.1 Refined Extension Principle and Refined Semantics

Using the definition of refined extension, J.J.Alferes et al. defined a refined ezx-
tension principle [2].
Definition 3 (Refined extension principle for DLP). A semantics Sem
for dynamic logic programs complies with the refined extension principle iff for
any dynamic logic programs P and PUE, if PUE is a refined extension of P
then

Sem(PUE) C Sem(P)

Thus according to the principle, an addition of rules that do not change the
meaning of the program (i.e. a refined extension) should not generate a new
stable model. As shown in [2] the DSM semantics does not conform to this
behaviour.

The problem arises, when there are two conflicting equally important rules
with heads L and not L. Tautological rule r than can reject one of them, leaving
the other to infer it’s head and thus accepting a model that was not allowed
before.

Ezample 1. Consider following DLPs
P={P={A«—; not A}, P,={}}
E={E1={}, Ea ={A — A}}

P UE is a refined extension of P. P has no stable models, however P U £ has a
stable model M = {A}. This is because not A < is rejected by A < A and then

M =least({A «—; A — A}).

Because none of the previous semantics for dynamic logic programs satisfied
the refined extension principle, in [2] together with the principle also a semantics
that complies with it is defined. In this semantics, both conflicting rules are
removed.

Definition 4 (Refined stable model semantics). (J.J. Alferes et al.) Let P
be a dynamic logic program and M an interpretation. M is a refined dynamic

stable model of P iff
M = least (p(P) \ Rej(P, M) U Def(P, M))

where Rej(P,M) = {r|reP,3r" e Pj:i<jrvxr,M}=body(r)}
and Def (P, M) is defined in the same way as in DSM semantics for DLP.

The only actual change is in replacing ¢ < j with ¢ < j. This allows con-
flicting rules in single program to reject each other. Instead of generating an
inconsistency which denied that model, there is now no rule that could infer
either an atom or its negation (only the tautology has such a head, but that is
not able to infer it) and thus the model is not a stable model.
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5 Refined Extension for MDLP

The idea of Dynamic Logic Programs was extended into Multidimensional Dy-
namic Logic Programs to allow better expressiveness in the area of preferences
between programs. We now would like to define the refined extension and refined
extension principle for this class of programs in a way that will not conflict with
the linear case. After this we will investigate the reasons that prevent the refined
semantics to be lifted from the linear case.

5.1 Refined Extension Principle for MDLP

The basic differences between semantics for MDLPs and for DLPs are only in
the definition of Rej (which actually has only < changed to <p) and in the fact
that a stable model is always considered at a certain state s, which can be either
a vertex or a set of vertices of the digraph. We therefore change the definitions
to reflect this.

The same MDLP can however behave as different programs when considering
different states. Because of this we need to check the MDLP at all states when
we want to distinguish a refined extension. This leads us to a definition of refined
extension at a certain state, which is similar to the DLP case:

Definition 5. (Refined Extension at a state - MDLP) Let P and £ be
two multidimensional dynamic logic programs over the same graph D, Sem a
semantics for MDLP, My an interpretation and s € Vp a state. We say that
PUCE is an extension of P with respect to My at state s iff

[p(P)s = Rej(PUE, s, M) UDef(p(P U E)s, Ms) U [p(€)s — Rej(PUE, s, M)
is a syntactic extension of
[p(P)s — Rej(PUE, s, M) UDef(p(PUE)s, My)

We say that PUE s a refined extension of P at state s iff PUE is an extension
of P with respect to all models in Sem(P UE).

Except the problem with the state s the previous definition is just a simple
modification of the linear case. The Rej and Def sets for DLPs have been replaced
by appropriate ones for multi-dimensional case.

Definition 6. (Refined Extension Principle - MDLP) A semantics Sem
for multi-dimensional dynamic logic programs complies with the refined extension
principle iff for any two MDLPs P and P UE over the same DAG D, if PUE
is a refined extension of P at all states then

Sem(P UE) C Sem(P)

As may be expected, none of existing semantics complies with this principle
and as we will see in the next section, the refined semantics for DLPs cannot be
easily lifted to this case.
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5.2 Tautologies in MDLP

In section 4.1 we have seen how the problem in linear case arises and how the
refined dynamic stable model semantics handles it.

The basic problem in nonlinear case is the fact that we now have pairs of
rules that are incomparable with respect to the ordering (preferences) of the
programs — the DAG. In linear case all incomparable rules were in one program
P;, all other rules were either less important and rejected or more important.

Fig. 1. MDLPs with tautologies

’Plz{A<—}‘ ’sz{not/h—}‘ ’Plz{AH}‘ ’sz{notfh—}‘

P3:{AHA}‘

R1 R2

’Plz{notfh—}‘ ’sz{not/h—}‘ ‘Plz{notfh—}‘ ‘sz{not/h—}‘

—}] | Pi={A}] [P ={A<}]

In MDLP all incomparable rules from different branches of the graph are
taken as equally important and thus can produce an inconsistency. Consider the
MDLP R; in figure 1. Rules in P; and P, are conflicting in model M = {A} and
none is more important. With P; = {} M would not be a stable model because
of inconsistency. But the tautology A < A rejects the rule in P, and so M is a
stable model according to existing semantics. In Ry the situation is just slightly
altered to show that the tautology does not have to be more important than all
involved rules — it just needs to rejects all opposite rules.

The solution for DLP was to let incomparable (i.e. those in the same pro-
gram) conflicting rules to reject themselves. Now it is even hard to identify the
conflicting rules that should create the inconsistency. There are two MDLPs in
figure 1. They differ in the rule in Py. In P; it is a fact and in Ps it is a tau-
tology. Intuitively P; should have a stable model My = {A} at state 5 but P
should have no models at that state. This is because the tautology in P, should
not reject and allow rules in P, and P to conflict and create the inconsistency.
Clearly we cannot allow incomparable conflicting rules to reject themselves as
there would be no rules left in P,. The decision whether to reject or not would
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therefore be based on fact whether some rule is tautological or not. This is not
easy do decide in general and although it could lead to a definition of complying
semantics, it would deny an easy construction of a transformational semantics.

6 Conclusion

We extended the Refined Extension Principle into the class of Multidimensional
Dynamic Logic Programs. After studying the construction of Refined Stable
Model Semantics for DLP, we argued why such a construction could not be easily
lifted to the nonlinear case. A way was proposed in which a complying semantics
could be defined. This semantics would however require to identify tautological
rules which would deny the possibility of easy definition of a transformation
semantics which would lead to an implementation of the semantics using existing
systems for logic programming.
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Abstrakt. RozliSeni vyznama slov (disambiguace) je jednou z aktudlnich Uloh
Zpracovani prirozeného jazyka a nachézi uplatnéni v oblastech od automatické-
ho prekladu az po extrakci znaosti z textu. Cilem disambiguace je viceznatné-
mu slovu piifadit znatku odpovidajici spravnému vyznamu slova. Prispévek se
zabyva jednou z metod vyuZitelnych pro disambiguaci — bayesovskym disam-
biguétorem. Tato metoda rozlisuje vyznamy slov na z&klad¢ kontextu, ve kte-
rém se vyskytuji. Ve standardni verzi se kontext povaZuje za neuspoiadanou
mnozinu slov. Tento pristup jsme se snazili vylepsit uplatnénim dalSich vlast-
nosti vyuzitelnych pro disambiguaci. Prispévek obsahuje popis bayesovské di-
sambiguace a navrhuje n¢kolik heuristickych Uprav zlepSujicich jgi piesnost.
Podle dosud provedenych testii poskytuji modifikované algoritmy slibné vyse-
dy, piesnost se pohybuje v zavidosti na tématické podobnosti trénovaciho ates-
tovaciho korpusu v rozmezi 50 % - 90 %.

Kli¢ova dova: disambiguace, viceznatnost, EuroWordNet, ptirozeny jazyk,
kolekce, synset.

1 Uloha disambiguacev NLP

RozliSeni vyznami slova je nezbytnym krokem pro vétSinu aplikaci zpracovévajicich
prirozeny jazyk (Natural Language Processing, NLP). Jedna se o kli¢ovou Glohu pro
spravné porozumeéni sdéleni, uplatiiuje se v komunikaci &lovék-pogitag. Jako priklad
Ize uvést automaticky preklad, kde se disambiguace vyuziva pro nalezeni spravné
interpretace vicezna¢ného slova. Mé&jme anglické slovo bank, jenz Ize pieloZit mimo
jiné jako bieh nebo banka. Spravny pieklad vyplyva z kontextu, ve kterém je slovo
pouZito aje zigjmé, Ze pieklady nelze zameiovat.

Disambiguaci vtomto ¢lanku chpeme jako klasifikaci viceznatného slova do
téid, které predstavuji vZdy jeden vyznam slova. MoZné vyznamy jsou typicky vyjme-
novany ve slovniku, kde mohou byt uvedeny i dopliiujici atributy poméhajici disam-
biguaci (napt. synonyma, vztahy k ostatnim sloviim, slovni druh, apod.). Zarazeni
slova do t¥idy je ovlivnéno jeho kontextem, piipadng dalSi informaci ziskanou ze
dovniku, tezauru, encyklopedie, ¢i jiného lexikalniho zdroje. Casto je jako zdroj in-
formaci pouzity tezaurus EuroWordNet (EWN), ktery je bliZze popsany v kap. 2, vyu-
Ziti pro disambiguaci je popsano také v [2] a[3].

Z vysedkt analyzy texti jsme zjigtili, Zze témer 20% dlov je viceznaénych. To
poukazuje na dileZitost disambiguace pii zpracovani prirozeného textu prakticky ve
vSech oblastech NLP.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 306-313, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2 Tezaurus EuroWordNet

Tezaurus EuroWordNet (EWN) obsahuje slova usporéddand do mnoZin synonym (tzv.
synsetil). V kaZzdém synsetu jsou slova podobného vyznamu a m§ji prifazenou unikat-
ni znatku (index), ktera je shodnd ve vSech jazycich EuroWordNetu. Tezaurus obsa
huje n&sledujici evropské jazyky: angli¢tina, dansting, ital&tina, Spangl&tina, némgina,
francouzsting, ¢edtina, estonstina. EWN je strukturovany podobné jako pivodni
Wordnet vytvoreny Princetonskou univerzitou.

Jelikoz jsou znatky pro jednotliva slova shodné v riiznych jazycich, 1ze vhodné
navrzenym disambiguétorem provadét také kiizovou disambiguaci — tzn. trénovani
provést na kolekci v jednom jazyce arozliSovat vyznamy slov v jiném jazyce. Takova
vlastnost je vyhodna piedevsim v piipadg jazyki, pro které nemame dostatek trénova-
cich dat.

V soucasné dobg& nejsou jednotlivé wordnety stejné rozsahlé. Nekteré synsety ne-
maji v urcitych jazycich odpovidajici ekvivalent. To vede k situaci, kdy se slovo spoji
se zna&kkou, ktera nemd v jiném jazyku pieklad, coz by ¢inilo problém zejména pii
vySe zmingné kiZové disambiguaci.

3 Disambiguaéni metody

Tyto metody Ize dglit podle zpisobu trénovani. V pripadé, ze mame k dispozici
oznatkovany korpus, mluvime o metodach s ucitelem. V oznatkovaném korpusu ma
kazdé viceznagné dovo pridruZzenou znatku, kterd uréuje jeho vyznam. Korpus se ve
VEtSing pripadi znagkuje ru¢nég.

Druhou skupinou disambiguagnich algoritmi jsou metody bez ucitele. Neni nutna
Z&dna apriorni informace o vyznamech jednotlivych slov, tedy odpada nutnost znag-
kovéani trénovaciho korpusu. Takovou disambiguaci |ze povaZovat za Ulohu shluko-
vani viceznagnych slov podle vyznamii.

Rozhodli jsme se zamgkit predevSim na metody s ucitelem. Cilem bylo vytvorit
disambiguator, ktery dokéZze viceznanym sloviim piifadit znatku (index) uvedenou
v tezauru EWN. V pripadé pouZiti metod bez ucitele neni mozné takového vysledku
dosahnout, jelikoz neni zigjmé, jaké jsou vazby mezi shluky ziskanymi pfi disambi-
guaci ajejich indexy v EWN.

4 Bayesovské disambiguace

V ptipadé pouziti metody patiici do skupiny disambiguace s ugitelem je nutné po-
skytnout algoritmu trénovaci data, nej¢asteji ve formé oznackovaného korpusu. Kaz-
dy vyskyt viceznaéného slova w je oznatkovan piislusnym vyznamem s (reprezen-
tovany indexem EWN), ktery nazveme sémantickou znatkou (pro zjednoduSeni
zapisu budeme dale psat pouze s). Tento pristup prevadi problém disambiguace na
problém klasifikace do k tiid, kde k je poget vyznamii slova. Kazda tida odpovida
jednomu vyznamu s slovaw, kdei nabyvahodnot 1,2, ..., k.
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Bayesovskéa disambiguace vytvari mnozinu slov ¢ (obklopujici viceznagéné slovo)
bez vnitini struktury a bez rozliSeni dileZitosti, ¢i vzajemnych vztahi mezi nimi. Na-
sledné danou mnozinu vyuziva pro rozliSeni vyznamu slova ve fézi klasifikace. Ab-
senci vztahi mezi slovy a malou volnost pri volbg paramertti jsme povazovali zalimi-
tujici anavrhli jsme nékolik modifikaci popsanych v kap. 5.

Zéakladni verze bayesovského disambiguatoru (vice viz [1], [4]) aplikuje Bayesovo
pravidlo pro vybér spravného vyznamu s';

P(s]c) =max P(s |c) 1)

Bayesovo pravidlo minimalizuje pravdépodobnost vyskytu chyb. Toto tvrzeni je
pravdivé, jelikoz pro kazdé nejednoznasné slovo vybere vyznam s ngjvyssi podming-
nou pravdépodobnosti.

Postupnymi Upravami a aplikovanim tzv. , Laplace smoothing” dojdeme ke vzorci (2):

C(v;,5) +mp

P Is)=—1 . )
C(s)+m

kde v; jsou slova v mnozing kontextu ¢, s je jeden z vyznami viceznaéného slovas,

C(v;,s) je pocet vyskyti slova v, v mnoZing ¢ s vyznamem s a C(s) je pocet vy-

skytti vyznamu § v celém textu.

Laplace smoothing |ze chépat jako pridani dalSich m vzorki k existujicim hodno-
tdm vyskytti podle apriorniho rozdgleni odhadu pravdépodobnosti p. Konstantu m
nazyvame ekvivalentni velikost vzorku a ur¢uje vahu p vzhledem k trénovacim da-
tam. Protoze nemame dostatek informaci o datech, budeme volit m=k, p=1/k, kde
k predstavuje poget ov v mnozing c.

Dosazenim mak do vzorce (2) dojdeme k nasledujicimu vztahu:

_ C(v;,8)+1
P(v; |S)—m’ €)

kdeC(v,) je pocet riiznych slov v; v mnoZing c.

5 Modifikace bayesovské disambiguace

Vy3e uvedené vzorce budeme modifikovat tak, aby byly minimalizovany nedostatky
bayesovské disambiguace. PredevSim se budeme snazit zvyhodnit néktera perspektiv-
ni slova (z hlediska disambiguace) a naopak potlagit takova, kterd nepiindSi Zadnou
informaci pouZitelnou pro rozliSeni vyznamu viceznatnych slov.
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5.1 Prahovéhodnoty

Mala cetnost vyskytu nekterého kontextového slova v; z okoli viceznatného slova
mize vést k systematickému ovlivnéni hodnoty vyrazu (2). Takova dova se
zlexikd@iniho hlediska podileji na disambiguaci minimdng a pouze zandsi Sum do
vypoctu. Proto jsme definovali prahové hodnoty k odfiltrovani slov s nizkou hodno-
tou podmingné pravdépodobnosti (2). Uvazujeme kontextova slova, ktera spliuiji:

cO{v, | P(v, | ) > threshold} 4

5.2  Kontextové okénko

Zavedenim metriky M dokéZeme omezit kontext pouze na urcity rozsah textu napravo
a naevo od viceznaéného slova w. Prahova hodnota vzdaenosti od slova w uréuje
pocet objektt zahrnutych do kontextu c. Metrikou M chépeme vzdalenost slova od
jiného slova, véty ¢i odstavce.

cO{v, [|v;,w  <threshold} )

Dde je mozné omezit kontextové okénko pouze na vétu ¢&i odstavec. Vychazime
z predpokladu, Ze silné kontextové vztahy jsou v ramci jedné véty, pripadng odstavce.

5.3 Pruznékontextové okénko

Pro ucely disambiguace neni vzdy vhodné provadét odstranéni nevyznamovych slov
(stopslov). Takova slova (napr. predlozky) ¢asto dobie rozlisuji vyznam slova, se kte-
rym se poji. Presto neni vhodné mit v okénku pouze nevyznamova slova. Proto jsme
zavedli tzv. pruzné kontextové okénko, které zvétsSi svou velikost tak, aby obsahovalo
alespori n vyznamovych sov. V piipadé n=1 plati:

Vi 'M‘M} ©

v, Hv V\M <min
¢ { ] | 1" lim V'
v; jsou slova z okoli viceznagného slovaw, V'; jsou vyznamova slova z okoli.

5.4 Vahovafunkce

Zavedeni vahové funkce predpokladd, ze dova vzdalengjSi od disambiguovaného
dovananéj maji mensi vazbu. Takova zavislost se zavede upravenim ¢lenu C(v;,s)

vzorce (3) vynasobenim vahovym koeficientem qg:

q= rH"J wl, , 100 (7
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55 Syntakticka analyza

Diky znatkém v trénovacim korpusu, které kromeé vyznamu slova obsahuji také ozna-
¢eni dovniho druhu, je moZné provédét syntaktickou analyzu. Podle slovniho druhu
viceznagného slova je pritazena urcitym druhiim kontextovych slov v vétsi vaha
Zvyhodngni takovych slov se provadi vynésobenim vzorce (2) vahovym koeficientem
(viz tab. 8). V pripadé disambiguace slovesa se zvyhodiiuje podstatné jméno, pridav-
néjméno ajiné doveso, u podstatného jmena se zdiraziiuje véha slovesa, podstatného
jména a zgmena a u pridavného jména se provadi zvyhodnéni podstatnych jmen.
Syntaktické vztahy se uréuji automaticky a uplatriuji se v rdmci jedné véty nebo celé-
ho kontextového okénka.

6 Datovékolekce

Pro natrénovani disambiguatoru jsme pouZili textovy korpus semcor [5] (Semantic
concordance). Véty jsou oznatkované indexy WordNetu.

Tabulka 1. Parametry semcor korpusu

Slova 198796
Slova obsahujici sémantickou znagku 106724
podstatna jména obsahujici semantickou znacku 48835
podstatna jmeéna s riznymi vyznamy 11399
slovesa obsahujici sémantickou znatku 26686
slovesa s riiznymi vyznamy 5334
pridavna jména obsahujici sémantickou znatku 19856
pridavnajménas riznymi vyznamy 5205
prislovce obsahujici sémantickou znacku 11347
prislovce s riiznymi vyznamy 1455

Pro lemmatizaci byl pouzit anglicky slovnik ¢itajici 119486 slov a stoplist obsahujici
48 nevyznamovych slov.

7 Vydedky testii

V testech bylo sledovano pisobeni lemmatizétoru, stoplistu a pruzného okénka (viz
odst. 5.3) na piresnost disambiguace.



Modifikace bayesovského disambigudtoru 311

Pouzité zkratky v tabulkéach

Zkratka Vyznam
zakladni klasifikéator

L klasifikator pouziva lemmatizéator

S klasifikétor vynechava nevyznamové slova

D pouzito pruzné kontextové okénko

P presnost disambiguace

cT velikost kontextového okénka pri trénovani

cD velikost kontextového okénka pii disambiguaci

7.1 Veikost kontextového okénka

Testovali jsme vliv velikosti kontextového okénka na presnost disambiguace. V tab. 2
jsou uvedeny dosaZzené piesnosti pro piipady pouZiti/nepouZiti lemmatizace, stop
sov, pruzného okénka ajejich vybrané kombinace v zavislosti na velikosti okénka pii
trénovéani a testovani.

Tabulka 2. Velikost okénka— jednotka jsou Slova

- L S SD LS LSD
P 87,55 85,49 95,43 95,56 93,61 93,77
cT 5 5 10 5 10 10
cD 5 5 10 12 10 10

Dalsi vydedky udavaji presnost pro piipad, Ze trénovani okénko mé velikost jedné
véty (tab. 3) avelikost jednoho odstavce (tab. 4).

Tabulka 3. Velikost okénka — jednotka jsou véty (trénovani) a dlova (testovani)

- L S LS
P 91,35 88,38 95,95 94,36
cD 35 17 17 17

Tabulka 4. Velikost okénka— metrika M jsou odstavce (trénovéani), ova (testovani)

- L S LS
P 78,55 76,04 91,22 88,48
cD 40 35 40 40

V tab. 5 jsme uvazovali délku okénka ve slovech, avsak okénko nesmélo piresahnout
do vedlgjSi véty, pripadng vedlegjSiho odstavce (tab. 6). Z tabulek je zigjmé, Ze vyded-
né presnost disambiguace se zlepSila zhruba o 1 %, cozZ se na prvni pohled mize zdat
malo, ovSem chybovost metody tim byla snizena o 20 % (z 5 na4 %).



312 Michal Toman, Karel Jezek

Tabulka 5. Velikost okénka — jednotka je slovo, omezeni kontextu na vétu

- L S SD LS LSD
P 88,46 86,48 96,02 96,37 94,60 94,97
cT 5 5 5 5 5 10
cD 5 5 12 10 12 12

Tabulka 6. Velikost okénka — jednotka je slovo, omezeni kontextu na odstavec

- L S SD LS LSD
P 87,78 85,72 95,61 95,79 93,85 94,07
cT 5 5 10 5 10 5
cD 5 5 10 12 10 10

7.2 Zvyhodiovani blizkych sov

Byla pouZita véhové funkce z odst. 5.4 s koeficienty uvedenymi v tabulce 7. Zvyhod-
novéani blizkych slov neprineslo Zadné zlepSeni. Naopak se ukézalo, Ze pokud se ne-
zvyhodiiuje v zavidosti na vzdaenosti od viceznaéného slova, poskytuje algoritmus
nejlepsi vysedky (pro g=1). Pro test byla pouzita stop slova a pruzné kontextové
okénko.

Tabulka 7. Usp&dnost v zavislosti na zvyhodnéni

koeficientg 0,1 0,25 0,5 0,75 10
P 9523 9548 9571 9577 95,78

7.3 Syntaktickévztahy v textu

Timto testem jsme ovéili prinos modifikace vyuzivajici syntaktickych vztahi ve vé-
tach. Modifikace je popsanav odst. 5.5. Podle vydedkii testi poskytuje v zavidosti na
datech zlepSeni presnosti 0 1 — 2 %, coZ predstavuje snizeni chyby o témg 40 %.

Tabulka 8. Usp&snost v zavislosti na uvazovani syntaktickych vazeb

Zvyhodnéni 1,0 2,0 10,0 50,0
P 96,37 96,70 97,00 96,91
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8 Zavér

Vydedky testi ukézaly, Ze bayesovskd disambiguace poskytuje sibné vysledky
s presnosti pohybujici se pies 90 %. Navrzené modifikace prinedy zlepSeni od 1 do
5 %, coZ predstavuje piinos az 50 % z hlediska sniZeni chybovosti disambiguétoru.

Predmgtem dalSiho zkoumani bude vyuziti tezauru EWN pro disambiguasni tlohu
bez utitele. Chceme také realizovat disambiguaci svyuZitim paralelnich dvoujazyc-
nych texti. V nasedujicich mésicich hodldme zahrnout navrzenou disambiguaci do
systému vyhledavani v multilingval nich kolekcich.
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Annotation:
The Bayesian Disambiguation Modifications

Word Sense Disambiguation is a major sub task of many Natural Language Process-
ing (NLP) tasks, ranging from machine trandation to information retrieval. In this
paper we present some modifications of Bayessian disambiguation algorithm. We
introduce the modified method and its quite promising results. The main advantage
liesin better choise of context window and observing more relevant attributes than the
standard method does. The precision of the method presented in this paper is about
90 - 95 %.
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Abstract. A popular technique for converting multi-relational data into
a single-relational form is based on constructing truth-valued relational
features of the data instances, where the features play the role of binary
attributes in the resulting representation. Here I consider a simple re-
lational feature language whose formulas correspond to conjunctions of
first-order atoms where arguments are only variables and respect user-
defined constraints on types and input/output modes. I show a sufficient
condition for polynomial time construction of such formulas and give
preliminary results on tractable enumeration of complete sets of such
formulas.

1 Introduction

This paper is concerned with efficient construction of expressions such as
hasCar(C) ,hasLoad(C,L1) ,triangle(L1) ,hasLoad(C,L2) ,box(L2)

corresponding to conjunctions of constant-free, function-free, non-negated atoms
and subject to some predefined syntactic constraints. The expression is an exam-
ple of a feature related to an individual (here a train, refer to Fig. 1) meaning that
the train has a car carrying a triangle-shaped load and a box-shaped load. Note,
so far informally, that all variables appearing as outputs, eg. C in hasCar (C),
also appear as inputs, eg. C in hasLoad(C,L1) and vice versa. This will be a
general requirement on correct features.

I am not concerned here with the semantics of features and do not treat the
problem of determining their truth value for a specific individual. Note however,
that for purposes of generating a single-relational representation of a database, a
set of features is evaluated with respect to a given individual at a time, and this
procedure is then conducted for all available individuals. Due to this item-wise
process of feature evaluation, no special, ‘key variable’ is needed which would
link the feature to some individual in the database. Below I will discuss more
on the consequences of ignoring the key variable on the syntactic construction
of features.

Let me define an atom and an expression (features will be searched among
expressions) formally. I assume there are some infinite countable sets S (‘pred-
icate symbols’) and V (‘symbols of variables’). N stands for the set of naturals
numbers.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 314-321, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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Fig. 1. A data base containing structured items.

Definition 1. = = s;(vy,1,V2,2,- .. ,Vs,q,) 15 called an atom if s, € S, a; € N
and vy; € V (1 <i < ag). L denotes the set of all atoms. Any finite e C L
is called an expression. Denote Arg(e) = {(z,i) | = € e¢,1 < i < a;} and
Var(e) ={v, | a € Arg(e)}. E denotes the set of all expressions.

From the semantic point of view, the atom order is irrelevant. This allows to
view expressions simply as sets of atoms. Note that the indexation in v, ; and a,
should be understood as a functional notation, ie. v ; (v q,) will always represent
the variable at the j-th (last, respectively) argument in atom [ (a; is called the
arity of 1).

The concept of substitution also acquires a simple meaning in this constrained
framework.

Definition 2. Let e € E. A substitution is a mapping 0 : V. — V. For x € e,
20 = 54(0(v31),0(032),...,0(Vs,a,)) and e = {20 | x € e}. Ezpression e 0-
subsumes expression f (denoted as e =g f) iff there is a substitution 6 such that
ef C f. Finally, e is equivalent to f (written e = f) iff 0 is bijective and e = f.

A specific feature language is defined by a template, which is made of

— an expression t, determining the argument types and modes of all atoms
which may appear in a feature,

— a subset M of argument places in the above expression, which are assigned
the input-mode.

The role of typing will simply be that no variable can appear in a feature at
two argument places with different types. The reason I use the expression ¢ for
specifying types is that any type-compliant expression will then #-subsume ¢, as
I will exemplify later.

The M subset will simply list the argument places which have to hold an
input variable. Although the input-output moding of arguments has a clear
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intuitive role (refer to the initial train example), my only formal requirement will
be that each variable present in a feature appears at both some input and some
output argument place. This requirement leads to closed-form, well-interpretable
features [3].

The following definition formalizes the above. Further it defines when a vari-
able is proper, ie. when it has both an input and an output role in an expression,
and defines which expression is a feature.

Definition 3. A template 7 is a pair (t;, M) where t. is an expression and
M, C Arg(t;). T denotes the set of all templates. Let e <y t,. Denote Arg?(e) =
{(z,i) € Arg(e) | (20,i) € M.} and Arg; (e) = Arg(e)\ Argf(e). If somev € V
satisfies the equivalence (v = vo+,at € Argf(e)) & (v =v,-,a € Arg; (e)),
then v is said to be T-proper in e . A non-empty expression f is a T-feature iff
f 29ty and each v € Var(f) is T-proper in f.

Ezample 1. Consider a template (¢,, M) suitable for the initial train example

t; = hasCar(C), hasLoad(C,L), triangle(L), box(L)
M, = {(hasLoad(C,L), 1), (triangle(L),1), (box(L),1)}

The typing constraint is here defined by the ¢, expression, isolated from the
moding constraint. This makes it explicit that verifying compliance to a typing
constraint corresponds to a subsumption check. Indeed, consider an expression

e = hasCar(X), hasLoad(X,Y), triangle(Y), hasLoad(X, Z)

e complies to the typing specified by t, because e <g t,.!

Each variable of a feature must occur at both an argument contained in M.
and an argument not in M, . Therefore, e above is not a feature, since Z is at no
argument in M.

Note that every template 7 has a dual template 77! with inverse moding
M1 = Arg(t;) \ M, and every 7-feature is also a 7~ !-feature. Through the
inversion, every ‘primary structural’ (such as hasCar(C)) becomes a ‘property’
and every property (such as triangle (L)) becomes a primary structural. A the-
oretical consequence is that if a feature class (say features where atoms chained
by variable sharing form a ‘tree’) can be efficiently enumerated, then the in-
verse class (here atoms forming a ‘root’) can also be efficiently enumerated.
The symmetric properties commented above are a result of disregarding the key
(individual-linking) variable, which would occur only at some ‘input’ arguments
(those in M;). In a sense, the sole role of the key type lies in setting the orien-
tation of the otherwise symmetric features, whereas the orientation is irrelevant
for sakes of feature construction.

Note that also the notation (¢,, M.) above is understood functionally, ie. for
any template p € T, ¢, represents the prescribed typing of p and M, its moding.
Let me now specify the main problem treated in the remainder of this paper.

! In general, there may be more than one substitution  such that e <g t,. A straight-
forward way to avoid this ambiguity is to constraint oneself, quite naturally, to
templates where ¢, contains each symbol s € S (such as hasCar) at most once.
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Definition 4. Let T C T and E : T — 2¥. The feature existence problem for
T and E is defined as follows. The problem instance is the tuplen € N, 7 € T.

The instance size is n. The instance solution is a T-feature f such that |f| < n
and [ = [ for some f' € E(7) (if such f exists), or “NO” otherwise.

The function F takes a template 7 € T and produces a set of expressions in
which 7-features are searched (due to the f ~ f’ € E(7) requirement, a solution
may be not be in E(7) but must be equivalent to some expression in E(7); this
avoids dependency on variable naming). The reason for specifying the problem
class this way is that different complexity results can be proved for different
functions E’s. For example, F(7) may consist of connected expressions (where
all atoms are linked via the transitive closure of the variable sharing relation)
and then be independent of 7. Less trivially, F(7) may be such that all -features
therein are loop-free (edges between atoms given by variable sharing, orientation
given by moding) and thus obviously depend on the moding of the specific 7.

2 The Bottom Set Theorem

I will first show that the problem of constructing an expression out of a finite set
of available atoms, such that a given variable is proper (has both an input and
an output occurrence) in that expression, is equivalent to a problem of satisfying
a set of propositional Horn clauses.

Lemma 1. Let 7 be a template, e = {l1,ls,...,1,} and e’ C e two expressions,
P ={P\,P,,...P,} a set of propositional variables and v € Var(e). Further let

{iny,ina, ... in.} = {1 <in <p | i (Lin,i) € Arg(e),v,, i =v} (1)
{outq, outs, ..., outs} = {1 <out <p| 3i (lous,?) € Arg- (e),v,,,; =v} (2)
be two index sets.? Let further Cy,(v) denote the following set of Horn clauses

Pin1 Vo outy \/ﬁPoutz\/“-\/jPouts 3)

Pingv_' outl\/—‘ out2v~-~\/_' outs 4)

5)

(
(
(
(6)

Pinr\/—‘ outy V- outgv-'~\/_‘ outg

Similarly, let Coyi(v) be the following Horn clause set

Py, VP, V=P, V...V 2P, (7)
Pouty V =Py VP, V...V Py (8)
: (9)
Pz, VP, VP, V...V 2P, (10)

2 The former index set thus addresses those of atoms in e, which contain v at some
input argument while the latter set corresponds to atoms with v acting as an output.
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Let C(v) = Cipy(0) U Coe(v) and & : P — {true, false} be a truth assignment

[ false, if l; € €;
Ser(Pi) = {true, ifl; ¢ €. (11)

Then v is T-proper in €' iff £ satisfies all clauses in C(v).

Proof. See http://labe.felk.cvut.cz/ zelezny/pubs/znalosti05.pdf.
It is now straightforward to extend the previous lemma to the problem of
finding a non-empty expression with all variables proper.

Lemma 2. Let all assumptions of Lemma 1 hold. Let further C' = J, ey g () C(v)
and Cy = {-~P1 VP,V ...V —P,} Then the following assertions are equivalent:

1. Expression €' is non-empty and each v € Var(e) is T-proper in €.
2. Assignment & satisfies all clauses in the Horn clause set C'U Cy.

Proof. See http://labe.felk.cvut.cz/ zelezny/pubs/znalostiO5.pdf.

Lemma 3. Let all assumptions of Lemma 2 hold. A mazimal assignment (ie.
one assigning the false value to the smallest number of variables) satisfying all
clauses in C can be found (or decided that no satisfying assignment exists) in
time polynomial in r and s.

Proof. See http://labe.felk.cvut.cz/ zelezny/pubs/znalosti05.pdf.

I am finally in the position to show the main result of this paper, which is
informally as follows. If a polynomial set L can be constructed such that all
acceptable features (up to variable renaming) are subsets thereof (let me call L
a bottom set), one can find a feature (if it exists) in polynomial time. This is
despite the fact that there is of course an exponential number of subsets of the
bottom set.

Theorem 1. Let T C T, E: T — 2% and let there be L : T x N — E such that
forallT € T, n € N: L(r,n) is computable in time polynomial in n, L(1,n) <y
tr, and for all T-features f it holds that f ~ f' € E(7) iff f € L(7,|f]). Then
the feature existence problem for T and E can be solved in polynomial time.

Proof. See http://labe.felk.cvut.cz/ zelezny/pubs/znalostiO5.pdf.

Example 2. The bottom set for 7 specified in Example 1 and n = 3 is
1(7,n) = hasCar(C) ,hasLoad(C,L) ,triangle(L) ,box(L).

Clearly, all T-features (up to variable renaming) of length up to 3 atoms are
subsets of this bottom set (incidently equivalent to ). Let the propositional
variables assigned to the bottom atoms (in the order of their appearance) be
Py, Py, P3, Py. The corresponding HORNSAT instance is the union of the follow-
ing Horn clause sets
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Cin(C) ={PyV P},

Cout(c) - {Pl \ _‘P2}7

Cin(L) ={P3V Py, P4V - Py},
Cout(L) ={Py V=P3V =Py}
Cyop={-P1V P, V-P,V P}

One of the maximal solutions assigns the false value to P;, P, and P3 (the
reader will check that all mentioned clauses are satisfied), which corresponds to
the set hasCar (C) ,hasLoad(C,L) ,triangle (L), which therefore forms a correct
feature.

3 Bottom Set Existence and Feature Enumeration

The bottom set theorem leaves two crucial questions open:

— When can a polynomial bottom set be constructed?
— When does tractability of the feature existence problem entail tractability
of the enumeration of all T-features in E(1)?

The following results are given without proofs, which will appear in an extended
version of the paper.

3.1 Bottom Set Existence
Let me first formalize a few structural notions about templates and features.

Definition 5. Let T C T, E: T — 28, 7 € T and e € E(7). 2,y € e are
said to be connected in e iff they share a variable or some z € e is connected
with both = and y. e is is said to be connected (or undecomposable) iff any
atom in e is connected to all other atoms in e. There is a path in a T-feature
f fromzx € f toy € f of length 1, iff for some a,b € Arg(f) it holds v, = vy,
a ¢ M;, b € M., or a path of length | + 1, iff for some z € [ there is a
path from x to z of length | and a path from z to y of length 1. The distance
d-(z,y) is the length of the shortest path from x to y, if one exists. The depth
of f is defined as A;(f) = maxy ver0r(u,v). f is said to be loop-free if for
no x there is a path in f from x to x. A loop-free T-feature f is called a semi-
root (semi-tree) iff no wvariable has two input (output) occurrences in f w.r.t
7; f is called a root (tree) iff it is a semi-root (semi-tree) and no atom in
f has two output (input) arguments w.r.t 7. Further, f is called a semi-chain
(chain) iff it is simultaneously a semi-root (Toot) and a semi-tree (tree). Finally,
T is said to be hierarchical iff there is a partial irreflexive order < on Var(t,)
such that v;; < v,; whenever there are l,i,j such that (I,i) € Argf(t;) and

(1,j) € Arg; (t-).

The next theorem gives three sufficient conditions, each of which allows
for the construction of a polynomial-size bottom set, and therefore also the
polynomial-time construction of a feature.
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Theorem 2. Assumptions of Theorem 1 are satisfied if for each T € T: every
e € E(7) is connected and any of the following holds:

1. each T-feature in E(7) is either a tree, root or chain,
2. there is a Apae € N such that every t-feature f in E(7) is loop-free and

AT (f) S Amam;
3. T is hierarchical (this implies Cond. 2).

Let me illustrate the spirit of the proof with an example.

Example 3. Consider again the continued train example. For each template 7,
let E(7) be the set of all connected T-features, ie. expressions such as

hasCar(C) ,triangle(C) ,hasCar (D) ,triangle(D)
are disallowed. Let further T consist of hierarchical templates 7 = (¢, M), such
as
t; = hasCar(C),hasRoof(C),hasLoad(C,L), triangle(L), box(L) (12)
M, = {(hasLoad(C,L), 1), (triangle(L), 1), (box(L),1)} (13)

There is of course no T-feature of size n = 1. For n = 2, a bottom set (coinciding
with the only correct T-feature) is

1(r,2) = hasCar(C) ,hasRoof (C)
For n = 3, a bottom set is
1(r,3) = hasCar(C) ,hasRoof (C) ,hasLoad(C,L) ,box (L) ,triangle (L)
In general, for
3+3p<n<3+3(p+1), p=12,... (14)
1(7,n) can be obtained by adding the atoms
hasLoad(C,L,+1) ,box(Lyt1) ,triangle(Ly41)

to L(7,n — 1). This is better seen from a directed graph representation of a
bottom set (below), where the nodes correspond to atoms and left-to-right edges
correspond one variable being an output in the left node and an input in the
right node.?

hasCar(C) —hasRoof(C)
—hasLoad(C,L1) —box(L1)
—triangle(L2)
—hasLoad(C,L2) —box(L2)
—triangle(L2)

branching factor < n

A<Amaz

3 Formally, there is an edge between nodes of atoms 2 and y in this representation of
1(7,n), if v1 € Var(z) and v2 € Var(y) and 6(v1) < 6(v2) where < is the assumed
hierarchy-defining order, and 6 is a substitution mapping the bottom set variables
to the variables in ¢, (types) such that L(7,n)0 C ¢.
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Here every 7—feature is some connected subgraph of the above graph without
orientation. Under the specific choice of 7 (Eq. 12), the graph is a tree, which
is because all atoms in ¢, have at most one input variable. Due to the assumed
hierarchical ordering of types <, the depth of the graph is bounded by a constant*
Apaz. Also its branching factor can be upper-bounded by n (eg. no feature of
size at most n can address more loads than n). The number of nodes, ie. the
size of the bottom set is thus of order n®ma= that is, polynomial in n. Due to
Theorem 2, this guarantees a polynomial-time construction of features.

However, a different choice of 7 in Eq. 12 may produce a non-tree graph if
atoms with multiple inputs appear in t,. Without elaborating the detailed proof,
the atoms can still be organized in ‘layers’ (like above) using the assumed type
hierarchy <. The branching factor is then of order n/™4" where InpAr is the
maximum number of inputs in an atom, among atoms in ¢,. In this case | L(7, n)|
is of order n!mPAT*Amaz wwhich again preserves polynomial-time constructibility
of features.

3.2 Enumeration of Feature Sets

The feature enumeration problem is the same as the problem of feature existence,
except that a solution to the former problem is the set of all distinct (ie. mutu-
ally non-equivalent) solutions to the latter problem. An auxiliary, yet important
lemma for this problem is as follows.

Lemma 4. Let the feature existence problem for T and E be decidable in poly-
nomial time and let there be a polynomial number of distinct solutions to every
instance thereof. Then the feature enumeration problem for T and E can be
decided in polynomial time.

Proof. Direct consequence of the enumeration-tractability result in [1]. O

A preliminary analysis indicates that satisfying the conditions stipulated by
Theorem 2 implies a polynomial number of solutions to the existence problem
and hence the polynomial decidability of the enumeration problem.
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Abstrakt. Primarni potfebou data minera je efektivné ptipravit feSeni celého
projetu od definovani ulohy az po jeho uvedeni do praxe tak, jak je obecné
popsano metodologii CRISP-DM. Vhodnym nastrojem pro splnéni téchto cilt
je data miningovy software Clementine. Efektivita prace je v Clementine
podporovana piedev§im zdafilym grafickym rozhranim pro tvorbu vizualnich
programi a integraci vSech dulezitych nastroji do tohoto rozhrani. Néstroj
umoziuje i hladkou integraci externich algoritmi. Piikladem miZe byt nastroj
pro zpracovani nestrukturovanych data LexiQuest. Jeho pfidanim do
Clementine ziskd uzivatel vyhodu jedného zpracovani a spojeni
strukturovanych a nestrukturovanych dat.

Klic¢ova slova: data mining, text mining, extrakce koncepti

1 Uvod

Vyznam pojmu data mining je u nds chapan zna¢né rozdilné. Mnoho lidi hovofi
o data miningu v rozdilnych souvislostech. Jest¢ zkreslengjsi predstavy ma cCeska
vefejnost o data miningovém softwaru. Dusledkem toho je casto neefektivni prace
s nastroji, které¢ bud’ jsou uplné nevhodné nebo se hodi pro data mining jen ¢astecné
aje tieba je kombinovat s dalSimi produkty, coz byva prace navic, ktera odvadi
pozornost od vlastniho projektu.

Pro efektivni praci na data miningovém projektu je dilezité mit dobry piehled o
celém fesSeni. Ten by mélo zajistit ndzorné a praktické grafické rozhrani. Ukazuje se
napriklad, ze zadavani loh pomoci programového kédu je ¢astym zdrojem chyb a
neumoznuje dostateCnou orientaci ostatnim uzivatelim. A pro kvalitni data
miningovy projekt je klicové, aby na ném pracoval tym slozeny z riznych experti.

Software piedstaveny v pfispévku je jiz po mnoho let ziejme nejoblibenéjsim data
miningovym programem (podle pravidelné ankety na nezavislych strankach o data
miningu http://www.kdnudgets.com) pravé pro svou ndzornost a uZivatelskou
pfijemnost zaji§tovanou unikatnim grafickym rozhranim. Mezi jeho dal$i nesporné
vyhody patfi integrace potiebnych metod a postupt, které pokryvaji vsechny faze
standardni DM metodologie CRISP-DM.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 322-325, ISBN 80-248-0755-6.
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2  Clementine

Data miningova feSeni spole¢nosti SPSS jsou standardné zalozena na programu
Clementine. Tento software neni nadstavbou zadné konkrétni databazové aplikace,
naopak je otevieny spolupraci s jakoukoli databazi a umoziuje praci se vsSemi
standardnimi datovymi formaty vcetné naptiklad konkuren¢niho SASu..

Program se ovlada metodou tzv. vizualniho programovani. To spociva ve vytvéareni
nazorného diagramu, ktery popisuje a zadava jednotlivé kroky feSeni. Diagram
budeme nazyvat proudem. Proud mtizeme chéapat jako model datového procesu, ltery
lze snadno modifikovat. Kazdy proud v Clementine se sestava z funkcnich uzlt
a jejich spojnic. Uzly reprezentuji datové manipulace, spojnice naznacuji predavani
dat a metadat mezi uzly. Cely proud se konstruuje jednoduse mysi, k pfesnéjsi
specifikaci datovych manipulaci slouzi specifické dialogy, kterymi jsou vybaveny
vsechny uzly.

Ptiklad proudu v grafickém rozhrani Clementine je uveden na obrazku 1. UzZivatel
ma k dispozici uzly umisténé v dolni ¢asti rozhrani, které klade na pracovni plochu,
kde vytvari vlastni proud. V naSem piipadé se jedna o jednoduchy proud pro
vizualizaci vztahti mezi koncepty, které byly extrahovany z predlozené mnoziny
dokumentl. Na zaklad¢ zobrazené mapy konceptli byly vybrany potiebné dokumenty
a zobrazen jejich hypertextovy seznam.
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Obr. 1. Grafické rozhrani Clementine

Uvedeny ptiklad se tyka pouze ¢asti celého procesu CRISP-DM. Tento proud bychom
mohli zafadit do fazi pfipravy nebo analyzy dat. Celé data miningové feSeni by se
ziejmé sestavalo z vice rozdilnych proudi. Vystupem z proudt by byly riizné grafy,
reporty, modely apod. Clementine podporuje efektivni management vSech objekti a
proudd v ramci data miningového projektu. VSechny vystupy lze velmi prakticky
strukturovat podle ¢lenéni metodologie CRISP-DM a ulozit jako uceleny projekt.

Do vytvarenych proudd miize uzivatel zafadit jednak standardni uzly Clementine
a také uzly reprezentujici funkcionalitu pfidanou pomoci externich programt. Takové
uzly se definuji pomoci rozhrani CEMI (Clementine External Module Interface), které
slouzi k za¢lenéni libovolnych algoritml do Clementine. Nyni jsou naptiklad oblibené
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uzly pro aplikaci modelovacich algoritmid implementovanych v databazich (MS SQL,
Oracle). V nasem piikladé je to tieba vstupni uzel pro extrakci koncepta.

Dal$im podstatnym a praktickym rysem Clementine je jeji piipravenost ke
spolupraci s jinymi aplikacemi predevsim s databazemi. Clementine muze (ale
nemusi) delegovat piipravu rozsdhlych dat do databazového stroje. UZivatel nemusi
ovlaadat SQL jazyk, staci opét pouze vytvofit pfislusny proud. Pfiprava dat pfimo
v databazi je ziejme rychlejsi nez v jakémkoli jiném ndstroji, a pfitom mize byt
z Clementine provadéna stejnymi prostiedky jako tieba modelovani ¢i tvorba grafil.

Stejné snadno jako ptiprava dat a modelovani se provadi i export feSeni. Export
(ale 1 import) samotnych modeli je realizovan standardem PMML. Daleko dilezité;si
nez sdileni predikénich modelt je vSak pro praktické aplikace export celého feSent,
kde predikéni model tvofi jen jeho cast. Celé feSeni se pak da vyjadiit opét jako
proud. Existuji specialni aplikace z dilny SPSS, které realizuji grafické rozhrani nad
exportovanym feSenim. Rozhrani miize byt zpfistupnéno velkému mnozstvi uzivatel
pomoci internetového prohlizece.

3 Text Mining for Clementine

Zpracovani nestrukturovanych dat se provadi v Clementine opét metodou vizualniho
programovani, tedy konstruovanim proudd. Vyhodou feSeni je mimo jiné moZznost
snadného spojeni heterogennich datovych zdroji a modelovani na zékladé¢
strukturovanych i nestrukturovanych dat soucasné.

Pro extrakci konceptl z textovych dokumentt slouzi komponenta Text Mining for
Clementine realizovand ptes rozhrani CEMI. Vyuziva extraktor vytvofeny spolecnosti
LexiQuest, ktera ma s pocitaCovym zpracovanim textd vice nez dvacetileté
zkusenosti. V roce 2002 se LexiQuest stal soucasti spolecnosti SPSS.

Transformace souboru dokumentt do konceptové reprezentace probihd v nékolika
fazich. Cely proces se nazyva piirozené zpracovani jazyka (NLP), protoze prevadi
textovou informaci do podoby vhodné pro pocitacové zpracovani. Na dokumenty
vSak neni pohlizeno pouze jako na mnoziny slov jako pfi bézném statistickém
zpracovani, ale jsou reprezentovany v sémantické roving€ svymi koncepty.

Hlavni faze celého procesu jsou:

o Konverze textovych formatdi a rozpoznani jazyka. Extraktor umi
zpracovavat dokumenty ve vSech standardnich formatech jako jsou HTML,
PDF, XML, ASCII ¢i formaty MS Office. Pro vybér slovnikt, které budou
potfeba v nasledujicich fazich, musi LexiQuest spravné rozpoznat jazyk,
pokud neni explicitné zadan uzivatelem. Rozpoznani se provadi pomoci tzv.
n-gramii, coz jsou kombinace slov nebo pismen délky n. Typicky pocet n-
gramil pro rozpoznani jednoho jazyka je Ctyfi sta. V soucasnosti podporuje
extraktor angliCtinu, francouzstinu, némcinu, Spanélstinu, holandstinu,
italStinu a japonstinu.

o Identifikace kandidati na termy. Termy jsou jednak slova, kterd se
nepodafilo najit ve slovniku, ale ptedev§im skupiny slov, u nichZz byl na
zakladé slovnikl urcen slovni druh. Termy jsou identifikovany na zakladé
preddefinovanych kombinaci slovnich druhti. Pro kazdy jazyk je pfipraveno
zhruba 30 kombinaci.
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¢ Rozpoznani tfid ekvivalentnich termi a zahrnuti synonym. Termy
extrahované v predchozi fazi jsou slouceny do skupin se stejnym nebo
podobnym vyznamem. Pfi slu¢ovani je pouzito nékolik algoritmi, jejichz
popis piekracuje ramec tohoto prispévku. V této fazi se téz vyuzivaji
slovniky synonym. Kazdd skupina je nakonec reprezentovana jedinym
vhodnym termem.

o Prifazeni typl. Kazdému termu je pfifazena kategorie. Extraktor
rozpoznava organizace, osoby, produkty a mista. Navic je mozné definovat
vlastni typy pfidanim vhodnych slovniku.

e Indexace dokumentd. Kazdy rozpoznany term, reprezentovany
identifikatorem skupiny, je zahrnut do indexace. Pfi indexaci se vytvaii
databaze pro zaznam pozic a ¢etnosti termti v kolekci dokument.

o Prifazeni ke vzorim a extrakce udalosti. Posledni faze, implementovana
do nejnovéejsich verzi extraktorl, umoznuje vyhledavat kombinace termi na
zakladé zvolenych vzort. Vzory popisuji struktury pro rozpoznavani vztaht
mezi termy a nabizi tak dal$i hlubsi reprezentaci obsahu dokumentti.

Uzivatel mize proces extrahovdni modifikovat editaci a pfiddvanim specifickych
externich slovnikd. V grafickém rozhrani Clementine je komponenta Text Mining for
Clementine reprezentovand tfemi uzly, které mohou byt standardnim zplsobem
umistovany do vytvarenych proudu.

Prvni zdrojovy uzel vytvari indexacni databazi kolekce dokumenti. UZivatel tak
ziska strukturovanou reprezentaci predlozenych dokumentti. Data lze dale zpracovat
standardnimi nastroji Clementine.

Nekdy jsou analyzované texty uloZeny v databazi piimo jako textové proménné.
Mize se jednat napiiklad o poznamky ¢i slovni popis jednani se zakaznikem. Extrakci
terml z textovych proménnych realizuje dalsi specidlni uzel. Tentokrat se zfejmé
nejedna o zdrojovy, nybrz o manipulacni uzel pro zpracovani textovych proménnych.

Treti vystupni uzel slouzi k vytvoreni hypertextového seznamu dokumentd.
Zpravidla se pouziva pro zobrazeni vysledkt text miningového vyhledavani.

4 Zavér

Komponenta Text Mining for Clementine je relativné novy produkt, ktery vsSak
vyuziva provéfeny extraktor LexiQuest. Do nové verze Clementine jsou opét
planovana jeho dalsi vylepSeni. Jednd se predevSim o interaktivni rozhrani pro
zobrazovani extrahovanych termi a pro editaci externich slovnika.

Annotation:
The Clementine and text mining

Data mining software Clementine is a comprehensive tool that enables users to
implement all phases of standard CRISP-DM methodology. Clementine is open
product for external algorithms. Text mining software LexiQuest takes advantege of
its openness and it has become the popular module called Text Mining for
Clementine. The module is used to transform unstructured data to tabular form.
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Abstract. Solving a data analysis task is an iterative process of searching
through a vast space of possible solutions supported by data mining algorithms.
To bring some order to this process, there is an attempt to introduce a certain
level of abstraction. Abstract classification is suggested for different data
mining tasks, algorithms or other data objects. These meta modeling concepts
are presented in CWM standard (Common Warehouse Metamodel) and they are
ready to be used in data mining applications in order to speed up the work of
analyst, to ease the implementation of data mining algorithms and to unify
modeling tools provided by various vendors. This article presents a data mining
suite called Gérnik System that implements a meta modeling approach and
follows the CWM standard.

1 Introduction

Increasing amount of information processed in business nowadays led to development
of data storage and data analysis techniques. There emerged a need for modern
analytical tools supporting the complex work of an analyst. Solving a data analysis
task is an iterative process of searching through a vast space of possible solutions
supported by data mining algorithms. Tasks of data analyst include: understanding the
business problem and formulating it as a analytical task, constructing the data model,
choosing from the set of algorithms and their parameter settings. He can use several
alternative algorithms simultaneously to solve the specific problem. Furthermore, the
same algorithm can be used to solve several different tasks. All this illustrates that the
process of data analysis is a non-trivial issue. To bring some standardization to this
process, there is an attempt to introduce a certain level of abstraction that will be
described in the article. There is a standard called CWM (Common Warehouse
Metamodel) that attempts to cover all processes in so-called information supply chain,
including data analysis.

In the rest of article we will give an overview of meta modeling approach. We will
also present our implementation of system for data analysis based on CWM.

© L. Popelinsky, M. Kratky (Eds.): Znalosti 2005, pp. 326-330, ISBN 80-248-0755-6.
VSB-Technické univerzita Ostrava, Fakulta elektrotechniky a informatiky, 2005.
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2 Meta Modeling Approach

Automated process of extracting and analyzing data is complex and it faces many
problems of software development in general, such as proliferation of tools and
technologies and high level of complication. As in other fields of engineering
customers expect high quality stable and configurable solutions. One of possible
obstacles on the way towards building such solutions was a lack of uniform computer
systems and software modeling approach that can help to model business processes
(data warehousing and analysis in our case). Such modeling approach could be used
by software user as missing link that enables transformation of business processes
into computer code supporting these processes.

In recent years new software modeling technologies emerged. One of mostly
known is UML (Unified Modeling Language) capable of representing models
diagrammatically. UML is standard of OMG (Object Management Group) and this
standard is broadly adopted for modeling object oriented computer programs. The
other OMG’s specifications are CWM (Common Warehouse Metamodel) - our focus
here, and MOF (Meta Object Facility) - defining concepts in the language and how
models of those concepts are stored in XML. As UML is general language for
modeling object oriented software and processes, the CWM is one for domain specific
languages.

Development of domain specific modeling languages is often seen as one of ways
for filling a gap between software system and domain specialist. If domain specific
language (a meta model in OMG terminology) is used, a software system user can use
terminology and classes from his field. In the scenario of data mining an analyst is
using concepts like algorithm, statistical model, model building, model testing, data
transforming etc. Models consist of sets of interconnected objects. These objects
follow design from a metamodel (CWM in our case) and are usually stored in so-
called metadata repositories. Objects from metadata repository can be accessed by all
parts of software system including humans interacting with the system. In this context
humans are modeling some data analysis processes by manipulating metadata in the
repository. This model is then used by software system as a data mining task
specification. Results produced by data mining task also follow metamodel definition
and are stored in metadata repository.

A typical data analysis process involves some core activities. Usually there are
sequences of tasks that are performed repeatedly with changing only some parameters
of data analysis process definition. Typical data analysis sequence includes:

e data preprocessing tasks,

¢ defining a data representations for modeling process,

o definition of data analysis task to be performed over a data,

building a model - selection of data analysis method to perform specified tasks,
testing of the model on test data set,

eventual modification of the model in order to improve it,

application of the best model to new data.

All this processes can be expressed in CWM modeling language.
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Advantages of Meta Modeling. Abstract and formal way for defining a modeling

language in the context of data mining and data analysis is an important step forward.

Its main advantages are:

¢ uniform object oriented approach for mining processes metadata,

e casy cross-system interoperability through metadata interchange,

o formal, manageable definition of language for data mining process description and
modeling that is easily extendible.

Object oriented approach for metadata gives a chance for clean and easy interaction

with system end user. Reality of developing software systems deals with constant

change and new challenges. Data mining knowledge discovery and information

processing is rapidly advancing and establishing new concepts, algorithms and

strategies. Using abstract way for defining descriptive language of such knowledge

discovery processes in the software system allows painless adopting of new elements

originating from new business requirements and advances in the field of data mining

and statistical modeling. These new elements can be added to the system effortlessly

by expanding data mining metamodel.

Such approach has some obvious advantages over traditional practice of adding
new modules to the system since it can reuse present metamodel concepts. Such reuse
makes the adding of new modules easier and, what is the most important, it supports
end user in understanding and using new functionality due to use of many original
concepts already known by user.

3 Implementation of Meta Modeling Approach — Goérnik System

Based on our practical experience with data modeling we recognized the strength of
CWM approach. We developed a data mining platform called Gérnik System that
contains a wide set of tools for data analysis and data modeling such as data
processing language, set of statistical tools and data mining algorithms and advanced
visualization of data or models. All is located in one integrated environment enabling
the effective work with data models.

The system is based on the CWM standard. Thanks to implementation of this meta
modeling approach, Gérnik System offers a different nature to the whole process of
data analysis and modeling. In this system a user deals with abstract data mining
objects defined by CWM. This object oriented data modeling seems to be much more
intuitive for the analysts, since the concept of objects is simple to understand and
operate with. Thanks to CWM standard the constructed models gained on uniformity
and are easy to reuse.

3.1 Gornik System Tools
Goérnik System offers a wide range of tools that support the analyst's work enabling

data transformation, visualization and modeling. Our system enables metadata
manipulation and control of analytical processes.



Gornik System Implementation of Meta Modeling Approach to Data Mining 329

The system is composed of set of components that are built around its basic
element - a Metadata Repository that stores objects representing various elements of
data modeling process such as data models, attribute descriptions, algorithm settings
and results. Other components interact with the metadata repository according to tasks
they perform.

Because construction and optimization of data models usually requires intense
computations, the system uses client-server architecture, in order to ensure the
computation effectiveness. Furthermore, we decided to apply a grid computing
concept by performing computations on a distributed server. Due to this the system
can effectively use available resources by automatic distribution of calculations over
different computers, which significantly speeds up the data analysis process.

Main analytic activities covered by system’s tools are:

Data Transformations. Gérnik System can perform various data transformations by
using special language structures. Specification of data transformation can be a part of
script language or may be created automatically on the basis of high level
specification of the transformation e.g. standardization, normalization, missing values
replacement, principal component analysis. The transformations are available for
further modifications in form of generated code.

Data Modeling with Data Mining Modules. Data models can be divided into several

types concerning what dependencies they describe. Gérnik System recognizes a set of

model types listed bellow. It can be also easily extended by new model types, if

needed. CWM defines such ways for meta model extensions. In the standard Gornik

System a five main model types are present:

e classification - each observation is assigned to one of defined classes

e approximation - a continuous value is assigned to each observation

e association rules - the result is a set of associations among data attributes

e survival analysis — a survival function is assigned to each observation

e clustering - each observation is assigned to a certain group in the way ensuring
high homogeneity among observations from the same group and low homogeneity
among observations from different groups.

Goérnik System offers a set of algorithms for construction of a diverse data models,
each working with data objects from Metadata Repository e.g. Logistic and Linear
Regression, Classification Trees, Self Organized Maps, Survival Model Algorithms,
SVM, Backpropagation etc. The algorithms are available as independent modules.

Goérnik System allows also to use libraries for mathematical and statistical
calculations covering: linear algebra, linear and non-linear optimization, Monte Carlo
simulations (MCMC), Principal Component Analysis.
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Visualization. In order to make analyst's work easier Gérnik System offers several
advanced ways of visualization and visual interaction with the constructed models.
There are specialized visualizations for data models such as Self Organized Maps,
Classification Trees, Association Rules; for model quality measures Lift/ROC and for
2D/3D charts.

4 Conclusions

When developing Gérnik System we set a goal to create an integrated environment

for modeling with intuitive modeling interface. Using a CWM standards in our system

helped us significantly to fulfil this goal and allowed us to reach some other attractive

characteristics such as:

o Intuitive use of different methods that saves valuable time of analyst's work thanks
to uniform object oriented approach.

¢ Easy modification, extension and comparison of different methods constructing a
data model.

e Possibility to adapt easily available modules to client's needs or to construct new
specialized solutions by modification of data mining process metamodel.

o Simplified possible integration with other systems.

Using metamodel like CWM can bring significant benefits in solving various data
analysis tasks. It is useful for end users when interacting with the systems based on
CWM because it defines a unified language that is easy to learn and use by analysts.
The metamodel is helpful also in case of developing new domain specific data
analysis methods. It outlines a general language for describing also new methods and
tasks and therefore making the extensions of the metamodel not a troublesome issue.

If you wish to obtain more information on Gérnik System or data analysis services,
feel free to contact the author.
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