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This thesis describes an exploration of methods involved in learning flexible ,concepts that is an 

imponant and less explored area in machine learning. The two approaches described in this thesis 

arc based on the idea of two-tiered <m concept representations. In the IT representation. the first 

tier, called the Bo.se Concept Representation (BCR), contains an explicit description of core 

concept properties, and the second tier. called the In/erenziai Concept InterpretDliotl (len. defines 

allowable modifications of the explicit meaning and its dependence on the context: of discourse. 

The first approach generates a BCR of a concept by fU'St creating a complete and consistent 

(CC) description from supplied training examples, and then optimizing the descriptioa 1CCCXdin, to 

a general description quality (ODQ) criterion. The CC description is obtained by applyin, the AQ 

inductive leaming methodology. The optimization process is done by a double-level best-first 

search. using the SO..TRUNC description reduction process. The ICI consists of a user-specified 

procedure ofjlc.ible matching and a set of inference rules. This approach has been implemented in 

the POSEIDON leaming system. ,and experimentally tested on two different reaJ.-wCX'1d problems. 

In the second approach. a conccpt is represented as a set of extended complexes and a set of 

exemplars. Each extended complex is a generalized description and consists of a base complex 

(equivaleDt to a disjunCt). a similarity measure, a threshold, and a set of weights. AccordiDgly. the 

task of lcamin, a concept is to create a set of extended complexes and a set of exemplars. AD 

extended complex is generated in two phases: base complex generation and extended complex 

optimization. When generating an extended complex, two evaluation functions. qUality evaluation 

function and potential quality evaluation function are applied. This approach has been implemented 

in FC1.S that is tested in various domains including artificial and tal world domains. 
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CHAPTER 1 

INTRODUCTION 


Leamin, is one of me most important characteristics of human inte1li,ence. Without ltarnia" 

an a,~t will repeal an error endlessly, and cannot improve its performance padually through 

experience. Such an agent cannot be deemed intelligent. As a result of its imponant role in human 

life and intelligence. leaming has been an imponant and active research area for the cognitive 

sciences. psychology and artificial intelligence. 

Ani1icial intelligence is now experiencing exuaordinary powth. and applicalions of its ideas . 

and methods arc appearinl in many fields. As more and more complex wks arc set for AI 

systems. more and more knowledge must be represented in them. The scope of knowledge in any 

system must be widened to avoid a common problem with cum:nt systems, so called brirtleMss 

(Holland. 1986). Introducin, all the required knowled,e into any new system is a very complex, 

tedious and error-prone process., requirin, special expertise. The way to simplify the process of 

introducin, knowledp into a system is to build a leamin, system to acquire the knowled,e 

automadc1ny. 

The goal of machine leam.ing is to develop computational models of leaming and constrUct 

leaminl machines. The research in machine leaminlloes back to the 1950's. During me 30 years. 
numerous leaming approaches have been proposed, explored and implemented (Michalski. 

Carbonell and Mitchell, 1983, 1986; Kodratoff and Michalski. 1990). According to (Carbonell. 

Mitchell and Michalski. 1983; Michalski. 1986), mese leaminl approaches are classified into five 

different leamin, sttareJies: 



• roce leaming 
• Learning from instrUCtion 

• lcamingby deduction 

• learning by analogy 
• 	 learning by induction 


learning from examples 

leaming from observations or discovery 


Among these learning strateJies. learning from examples is most widely studied. This thesis 

addresses the problems of learning flexible concepts from examples. and describes methods and 
implemented learning syStems for automatic acquisition of descriptions of flexible concepts from 
examples. 

1.1 Background 

The problem investigated in this thesis falls into the category of the 1eaming coacepts from 

examples paradigm. The task of learning concepts from examples has broad applicability I because 
in many domains. expertS can easily come up with a set 'of examples. while they are unable to 

articulate the rules they use in making decisions. and in some areas there are no expertS. 

In the learning from examples paradigm.. a set of trainiDg examples annotated with concept 
membership information is used as the basis for automatically induc:iDg a general description for 
each concept. The concept description learned is both correct for the given examples and a good 
predictor for the classification of unobserved examples of the concept. The object to be leamed in 

this paradigm is an intentional description of a concept. A concept is a set of objects (called 
events). The objecu to learn from are a set of examples and counter examples of a concept. An 

example (positive example) of a concept is an object known to belong 10 the concepc. and a counter 
example (nepti-ve example) of a concept is an object that does not belong to the concept. 

An example may be a physical object, a situation. a cause, a concept. or nearly anything else 
that can be described in terms of a Jiven language. Some of the learning tasks which fit this 
paradigm lie: 

1 Learning rules for assigning physical objects 10 classes given examples of physical objects 

from each IX a finite number ofclasses. 
2 Learning condilion-action rules. Given examples of when an actioa should and should nol 
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be applied. a lenerali.z.ed expression for the cond,ition may be lamed 

3 I...eaminl rules for fault or disease diagnosis ~ examples of the faults or diseases. 

For example. given some poisonous mushrooms (po~tive examples) and some non-poisonous 

mushrooms (negative examples). the goal is to conslnft a description of the "poisonousness" of 

mushrooms that will allow the COIl'ect determination of ~ edibility of other mushrooms. 

The training examples are usually described i~ one of the two types of representation 

lanruales: attribute-based, or predicate-based. In an aatibute-ba.sed representation. an example is 
represented. as an n-tuple of attribute values. where n is the number of attributes. All n attributes 
define the event space, and each example is a point in tbe space. Each c:onc:ept is a subspace of the 
event space. A domain is associated with each attribu., used to describe examples. The domain 
indicates the values the attribute may assume. The v~ues in a domain may be unordered (or 
nominal), ordered (or linear), or hierarchically slrUctUreCi (Michalski. 1983). A predicate-based 

representation allows examples represented as suuc:tural descriptions. In suucaual descriptiODS, 
each example may consists of several objects. and a set of relationships amonl these objects. A 
predicate-based representation is more powerful thaD an aa:ribate-basecl representation. but the 

limited expressiveness of an attribute-based representatioa allows relatively efficient 1eamin, 
algorithms to be designed. The attribute-based representation can be used in many real world 

applications. 

Accordin,ly. a concept is also described in terms of either of the two representation 

lanruages. The anribute5 or predic:ares used to describe a coocept may be different from those used 

to describe examples. These new attributes (or predicates) are created by a method called 

constrUctive induction (Micbalski. 1983; Rendell, 1988). In this thesis, an anribute-based 

representation is selected to dcsc:ribe borh examples and. c:oacepts. 

Concept descriptions produced in early developed inductive leamin,s. sucb as AQ 
(Michalski and Larson., 1978) and m3 (Quinlan. 1983). are complete and consistent with respect 
to the examples. A description is complete if it covers all examples of the concept (positive 

examples). while a description is consistent if it docs DOt cover any counter examples of the 

concept (negative examples). In order to achieve completeDCSS and. consistency in the presence of 

noise or when concepts are imprecise. one may ICnenle overly complex and detailed descriptions. 

Such descriptions. bowever. may not peJform well in future cases and suffer the disadvantage of 

excessive complexity. 'Ibis is the well known phenomeDon of overfittin.. Many newly developed 
approaches. such IS PLS 1 (Rendell. 1983). C4 (Quinlan, 1987), CN2 (Cart aDd Nibleu. 1989) 
and AQ16 (Zhan, and Michalskj, 1989), allow the descriptioas produced to be incomplete and/or 
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inconsiStenL 

Most inductive leaminl systems lenerate concept descriptions by detectinl and describing 

similarities amonl positive examples and dissimilarities between positive examples and negative 

examples. Inductively constructing concept descriptions from rraining examples involves th: 

transformation of ttaininl examples usinl a set of refmement operators (Michalski. 1983). ~. 
refmement operator is either a specialization or a Jeneralization operator. When applied to an 
hypothesis or a ttaininJ example. a senera1iz.ation/specializatiQn operaror transforms it into a more 
genera.Vspecial hypothesis. 

Each hypothesis describes a subset of all events. while all hypotheses representable in a 

pven representation lanpage form a hypothesis space. Learning can be viewed as a search 

through the hypothesis space to find the description of the target concept (Mitchell. 1978). 
GeneralizatiOn/specialization operatOrS an: sean:h opera!Ol'S. Search heuristics an: some preference 
criteria (also called biases). One of the most impanaat criterion is the accuracy of hypotheses. 

Hypothesis acc:uncy depends on the completeness aDd consistency of these hypothesis with repnl 

to 1eamin1 examples. Simplicity and comprehensibility are two ocher prefenmce aiteria. 

An inductively Jenerated description should not only classify ttaininJ examples, but also 
unseen events~ so it should be more general than a:aininl examples. UnfortUnately induction is a 
necessarily mor prone process. It is falsity preserving rather than truth preservinl- That is~ a 
concept dc$cripcion inductivdy generated from examples cannot be guaranteed to be correct; it may 

be only an approximation of the concept.. 

Two types of concept descriptions may be lenerated in the paradip of learning from 

examples: 

ChQrtJClUistic dacriprilJn:: specifies all common properties maconcept. 

DiscriminDntdacriprilJn:: only specifies those properties of a concept that distinpish the 

concept from the other concepts. 

A charactaistic description is the most specific and most certain description possible. but it has 
low predictive power. A discriminant description is the most Jenera! and is less certain. but has 

more predictive power. 

What was described above is che inductive leaming ~ ADochcr leaming approach in 

the 1earninl from examples paradip1 is exemplar-based leaminl- This approach is also reWed to 
the research reponed in this thesis. The task of this approach is the same as those of inductive 
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learning: given a set of training examples labelled with concept membership information. to yield a 

description for eacb concept. The major difference between these twO approaches is that 

descriptions produced by the twO approaches are represented in different ways. The description i 

generated by an inductive approach are general and absU'aCt. while the descriptions in exemplar· 

based approach are represented as a set ofexemplars that are either given as craining examples or 
constructed by an exemplar-based learning system. Exemplar-based learning involve~ 
remembering and indexing specific training evencs. Cassificalion involves interpreting a new event 

by recalling a similar exemplar for guidance. In contrast, inductive learning generalizes specific 

ttaining evenu to form an general description. Cassification involves deducing that a new event is 

subsumed by the general description. In inductive learning. generalization is performed during 

lcaming. while generalization in exemplar-based learning is deferred co classification. 

The simplest exemplar-based learning algorithm is called the proximity model (Smith and 

Medin., 1981), wbich stores all training examples as exemplars. The best examples model (Smith 

and Medin, 1981) does- DOC store all liven training examples.. Instead, only selected, typical 

examples arc s1Dl'ed. The classifical:ion of UDSCeIl cvenu is detamined by compudng the similarity 

of an unseen event with all stored exemplars. An unseen event is classified as beinl a member of 
the concept wbich contains iu most similar stored exemplar. Several exemplar-based learning 
systems. e.g. PROTOS (Bareiss. et al. 1990) and IBL (Aha and Kibler. 1989), have been 
implemented. 

1.2 Motivations 

Many curreDt methods of learning concepu from examples assume that concepu arc precise 

and context-independent enlities, rcprescncable by a single symbolic description. A .rec:opition of 

such concepcs is tltad'ore very simple: ifan event satisfies a COIlCept description, then it belonp co 
the concept, ocbenrise it does DOl. In this way, evencs thll are similar to the concept description. 
but which do DOC satisfy aU conditions of the concept description, will not be recogniz.ed as beinl a 
member of the concept. Another common assumption is that concept examples arc equally 
representative. that is, there is no c:tis1inct:ioIl between typical and less typical examples. All evems 
of a concept would satisfy the concept description equally well. 

When one looks at human concepcs, however. one can see that most of them inherently lack 
precisely defined boundaries and have a central rendeDcy, &ad their meaniD, is often conrext· 

dependent. Examples of human conccp1S are usually DOt all equivalent. They may be characrerized 
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by a degrtt 0/rypicaJizy in ~ntinl a concept. The examples represented the central tendency 

of the concept are more typical than the others. For example. a robin is usually viewed as a more 
typical bird than a penpin or an ostrich. Moreover, in different contextS, the concept "bird" may 

apply to a live. flying bird. a sculpture, a chick hatching out of the egg, or even an airplane. Thus. 

human concepts are /laiblt. as they can modify or change their meaning in different situations or 
contexts. 

The imprecision of t1exible concepts often has logical. rather than only probabilistic 
charaaer. This raeans that the classi.tication of a non-typical example of a flexible concept normally 
involves reasoning, rather than the calculation of probabilities. In other words, to decide the 

concept membership of an example that is non-common. bon1erIine. or irregular in any sense. one 
may reason deductively from one's background knowledge. draw an analogy or perform 
induction. instead of relying on a statistical analysis. 

Finally. the complete concept meaning perceived by a person depends on the amount of 

know1edle this person possesses about it. 'lbc diffe:reoce lies in the number of facts they know 
about. and in the depth of their undcntandinl of the concept and ill plopenies. Such blCi:pound 
knowledge~Ddency in undemanding aconcept indicates that hUl1:WJl coacepcs are personaJ.i.=d, 

living and arowing constructS. rather than fixed and stable entities that mean exactly the same thing 

to all those using them. As the meaning of conceplS may chanp from individual to iDdividual and 

evolve in time, such concepts carmot be defined precisely as objective impersoaa1 entities with a 

context-independent meaning. Thus. inpneral. human concepts are very different entities than 

well-defmed and context-independent suuetures that we use to represent concepts in today's 

computer systems. 

In the real world. very few measurements and decisioas are known with l()()1f, confidence. 
Often. it is DOt possible to collect all relevant information before a decision must be made. The 
information pthered is likely to contain errors and inconsistencies. The resources available are 
often limited.. forcing one to stop when a "good enough" solution is found even it is DOt optimal. 
The rules used to make a decision may only work well for the most frequently encountered 
problems. but exceptional circumstances may l'Cquire special consideration. For example, in 
disease diagnosis it is usual to check for a common disease associated with cenain symptoms 

before doinl expensive tests for rare diseases with simUar symptomS. 

It is clear tbal in order to handle such flexibility of concepu, machine learDiD, systems need 

to employ richer concept representations than are currently used. Ocvelopin, methods for 

acquilin, t1exible concepts aDd reasoning with them emCfles as an important goal for machine 



learning research. Specifically, to represent and leam flexible concepts, the following three 

problems must be solved: 

• 	 Imprecise and irregular boundaries. Crisp conceptS are dermed by a set of necessa:-y 
and sufficient conditions. or a disjunction of such conditions. The boundaries of such concept s 

are precise and rectangular. In contrast to crisp concepts. no such necessary and sufficient 

conditions exist for flexible concepts and the shape of flexible concepts is DOt rectangular 

Funhermore. the boundaries of flexible concepts is impreciSe. That is. the classification of the 
events that are around boundaries are DOt clear. 

• 	 Varyina dearee of typicality. Examples of flexible concepts have varying degree of 
typicality. Typical examples share more common properties than do less typical examples. 
Typical examples represent central tendencies of the concepts. Psycholopca1 results (Smith 

and M~. 1981) showed that typical examples can be easily and quickly I'eCOpized. but less 
typical examples cannot. 

• 	 Context-dependency. As we described above, the meaning of a CODcepc depeads OIl the 

context in which it is used, also depends OIl the IJDOWlt of knowledge a person possesses 
about it. The cenU'al tendency or the basic idea of a concept does not chance wich the context. 
Exceptional cases often occur in some special conu:xts. 

Traditional logic-based representations fail to handle anyone of the problems described 
above. However, chere have been many attempts II solving it. One of the most prominent is che 
work on fuzzy sets by Zadeh and his collaborators and many followers (e.g., Zadeh. 1976; 

Mumdani and Gaines. 1981). In cognitive science literature. the inadequacy of representing human 

concepts by context-independent, lope-style definitions (the classical view), has been widely 
recognized (e.g.. McOoskey and Glueksber,. 1978; Barsalou and. Medin, 1986; and Lakoff. 

1987). The probabilistic view and the exemplar view have been proposed to solve sueh an 
inadequacy (e.I., Smith and Medin. 1981; Medin and Smith, 1984). In machiDe leami.D,. many 
mechods have been proposed and implemented. lbese methods and systems include tree pruning 
alaorithms (e.g., Quinlan. 1987), rule rruncation algorithms (e.g., Michalski. et aI., 1986). 

probabilistX learning algorithm PLS 1 (Rendell, 1983),the two exemplar-based learning methods 
Protos (Bareiss. et al. 1987). and mL (Aha and Kibler, 1989), and STAGGE (SchUmmer. 1987). 

1.3 Thesis Overview 



The aeneral aoa! of the research reponed in this thesis is to investiaate approaches to 
represent and learn flexible concepts. The approaches investigated are based on the idea of :-~o­

tiered concept representations proposed by Michalski (1987). In a two-tiered conc:pt 

representation, the meaning of a concept is defined by two components, the base C01lC ~pr 

represenllJtion (BCR) and the in/erenJiqJ concept interpretaMn acn. The BCR dermes explicitly 

the properties of the concept. while the lCI describes allowed modifications and aransformations 'f 

the concept's properties in different siruations and/or contexts. Chapter 2 introduces the basic idea 

of a two-tiered concept representation and gives a few illustrative examples. Many of the material 
in Chapter 2 is excerpted from (Michalski, 1990). 

In Chapter 3, a method thatleams two-tiered descriptions of flexible concepts is described. 

The method aenc:rates a BCR of a concept by first crearina a complete and consistent (CC) concept 
description from supplied craining example~ and then optimizing the description according to a 

general description quality (ODQ) criterion. The CC description is obtained by applying me AQ 

inductive leaming memodololY. The optimization process is done by a double-level best-first 

search, usina the SO-lRUNC description reduction placess. The ICI consists of a user-specified 
procedllre of/llaible mmchilll and a set of inference rules. 

The method has been implemented in the POSEIDON learning system, and experimentally 

tested on two different real-world problems: learning the concept of an acceptable union CODa-aa 
and leaminl the distinction between republicans and democrats in the U.S. Conpss. For 

comparison, a few other leaming methods w~ also applied to the same problems. These methods 

included simple variants of exemplar-based learning and the decision tree learning. based on the 
ASSISTANT program. The results have shown that the POSEIDON aenerated concept 

descriptions outperformed those produced by the other methods both in termS of the performance 

on new examples and·in terms of simplicity. All experimental results are reported in 0:I.apter 4. 

Chapter 5 describes an alternative method that learns flexible concepts, and its 

implementation: Plaible Concept Learning System (FC..S). The representation used in the method 

can be viewed as a simple form of the two-tiered concept representation. This method combines 

inductive leamina method with exemplar-based leamina method. In the method.. a concept is 

represented as a set of extended complexes and a set of exemplars. Each extended complex is a 

aeneralized description and consists of a base complex, a similarity mClSIlre. a threshold and a set 
of wei&hts. Accordingly. the task of learning a concept is to czeate a set ofextended complexes and 

a set ofexemplars. AD extended complex is &enerared in two phases: base complex poeruioa aDd 

extended complex oprimjurion. When aeneratina an extended complex, two evaluation functions. 
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quality evaluation func:1i0l1 and potential quality evaluation function are applied. 

In Chapter 6. FQ.S is tested in various domains including the domains favorable for FQ..S, 
the domains unfavorable for FCLS, and real world domains. The results are compared with the 

results from the decision tree learning system C4.5. In Chapter 7, some related work is discussed. 

Limitations and possible future work are summa:ri.zed in Chapter 8. 



CHAPTER 2 

TWO-TIERED 
CONCEPT REPRESENTATION 

The idea of the two-tiered (TI') representation was originally proposed by Michalski < 1987), 

and was motivated by an observation that although individual human concepts may lack precise 

defmition when used along in a context-independent sense. they acquire a precise meaning when 

used in a combination with other concepts and in a specific context. Consider. for example. the 
statement: ""Ibis tall man in the group in the comer of the room. II If there is only one man visible 

taller than other people in the indicated group. the statement above precisely specifies the man of 

interest. The concept "tall'" although by itself and/or without context is imprecise <as well as 

concepts "group'" "comer''. or "room"). in the context conveys a precise meaning. that of the 

height of the man pointed out in the group. 

Thus. the 'IT approach views flexible concepts as inherently and intentionally imprecise. 
when they are considered alone and outside of a specific context. Consequently. it does not U"y to 

give them a complerc and precise meaning in an explicit and context-independent sense. Instead. it 

anempts to describe precisely only the cenU'al tendency. and use inference rules and matching 
procedures to implicitly characterize the complete concept meaning and context«pendency. 

The underlying supposition of the 17 approach is that the imprecision of human concepts 

stems not from an undesirable vagueness of our concept definitions. but rather from the universal 

need for cosnitive economy. By allowing concepts to have a context-modifiable meaning. and 

making them precise only to the extent to which a pven situation and/or context requires them to 
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be precise. the expressive power of conceptS is pady enhanced. The laner means that one can 

employ fewer concepts for expressin, more meanin,s. and this helps us to simplify our 

descriptions of our immensely complex universe. The experiments reponed in this thesis seem to 

confirm this idea in a microworld to which it was applied. 

2.1. Tbe Basic Ideas 

In order to develop a computational method for learnin, conceptS. one needs to make 

assumptions about the meanin, of "concepts" in the methocLln the research reponed in this thesis. 

it is assumed that concepts are named representations o( classes of entities.. wbose borderlines are 
variable and conu:xt--dependenL The entities are assumed to have central tendencies within the 

. concept classes. and therefore different concept instances may be characterized by different 
typicality. A concept representation can take a wide ran,e of forms: an explicit description of 

observable properties of the entities in the class. an abslJ'lCt description of the tuDctioa of the 
entities and their relation to other conceptS. a complete or partiallistin, of the entities. an implied 

concept characterization by the concept usa,e. or as a combination of the above. 'lbere can be an 
enormous variation in the specific instantiation of some concepts. Consider. (or example. the 

concepts such as "object" or "set". Because of the assumed central tendencies. CODtext-dependence 
and other previousely mentioned properties. a concept representation should allow a vuyin, 

dep-ee match with concept instances. and use o( cODteXt-dependent inference rules in performina. 
such matches (examples below illustrate this point in more detail). The problem then is how a 
concept with such central tendencies and context-dependent meanin, can be efficiently represented 
and learned? 

Traditional work on concept representation has assumed that the whole meanln, of a concept 

resides ~ a smale stored saucture. e.,•• a semantic network. a lolic-based description or a 
decision uee. Such a suucwre is expected to capture all relevant propercies of the concept(s) and 

define the concept borderline (e.,.• Collins and Quillian, 1972; Minsky, 1975; Smith and Medin. 

1981; Sow&. 1984). In domains with a siJDifiCaDt amount of noise. the knowled,e strUcture may 
be partially inconsistent and/or incomplete with re,ard to the known instances or facts about the 
concepL The latter is illustrated by the work on pnmin, decision crees (e.,., Quinlan. 1987). and 
the HD..L.AR.Y sysrem (lba et al., 1988). The work on two-tiered representatioo (Micbalski. 1987) 

also points in this direc:tioD. 

In InIditional approaches. recoJDizing a concept instanc:e typically involves a direct matchin, 
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or the properties or the instance with the stored concept representation. Such a matching may 

include comparinl featUre values in an instance with those in the concept description. or tracing 

links in networks of concepts, but has not been assumed to involve any complex inferential 

processes. More recently. researchers woridnl on exemplar-based reasoning (e.g., Bareiss. et al., 

1989; Kolodner. 1988 and Hammond. 1989) have recognized the need for using advanced 

inference mechanisms for classifying new instances. In these methods, however. the concept 

description consists of stc:JlUi individual examples. Such a representation is memory-taxing, ~es 
matching concepts with instances more complex. and does not allow one to easily determine the 
similarities or differences between different concepts. 

In CODttast to the above, the two-tiered <Tn representation involves a combination of an 
explicit &enera! concept description and an inference mechanism for mau:hin& the description with 

individual instances. This way. the concept representation can be simpler than one based on 
storing individual examples, and can be easily compared with descriptions of other concepts. At 

the same time, it allows one to perform a sophisticated reasoninl when classifyinl new ins1ances. 

Research on the 1T approach has been mocivated by the observarion that human knowledge 

can be viewed as a combination or two components. recorded knowledle and inferential 

extension. i.e .• knowledle that can be easily inferred from recorded knowledle. Extending this 
propeny to individual concepts, Michalski (1987) has suuested that the meanin& assianed to 
concepts also combines such two components. 

Specifically, the two-tiered concept representation consises of two parts: a Base Concept 
RepreselUtJrion (BCR) and an Inferenti4l Concept Interpretation (lCI). The BCR defines the 

concept explicitly. by livinl a description of tile concept in terms of attributes observed in 
examples and/or maher level concepts employed durinl CODccpt formation. The BCR can be 
vie-wed as acbaracterizalioD of typical concept instances h capmres the principle., the most relevant 

pIoperties andIOl the intention behind the concept. 

The la'handles imprecision. less typical cases, exceptions and context-dependencies. It 
treats them either by extendinl the base concept representation (concept atens;oll', or by 
specializinl it (concept cOlUraction). This process involves the backaround knowledge and 
relevant inference methods contained in the ICL Inference allows the recopition, extension or 

rnodificarim of me concept meaning according ro a context. 

In the lencral approach. the "distribution" of the meaninl between the SCR and the lCI is 
not assumed 10 be fixed. but is modifiable based on a critcriOD mdescription quality. One extreme 
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of such a disuibution is wben the BCR represents explicitly all possible concept variations in 

different contexts. IDd the ICI is jUst a direct match. Another extreme is when the SCR is empty, 

and all concept meaning resides in context-dependent inference rules. The description quality 

criterion reflects computational properties of the learner and requirements of the problem domain. 

The former ones include the relative costs of remembering concept properties vs. deriving them 

through inference. 

In an importan~ cognitively-oriented special case of the IT representation, the SCR is 

assumed to express the general unifying idea. the typical function of the concept. and/or common 

measurable properties implied by or correlated with this idea or functioo. Such SCR can be viewed 

as representing the "first approximation of the concept." The ICI. in this case, defines the marching 

procedures and inference rules for bandlingless typical instances and context-dependency. This 

. type of distribution of the concept meaning between the two tiers facilitates an efficient concept 

recaption. and is related to the idea ofcensored productioo rules (Michalski and W"mston. 1986). 

When an unknown entity is to be recognized. it is first matched against the BCR. Then, 
depending on the outcome, the entity may be related to'the concept's inferential extensions or 

contractions. A simple inferential marching can involve just a probabilistic inference based on some 

similarity measure, e.g., the method ofjluible nuuchilll (Michalski et al, 1986). An advanced 

matching may involve any kind of inference· deductive, analOJical or inductive. 

An advantage of disaibuting the concept meaning between the BCR and the 10 is that it 

permits a learner to flexibly modify or extend the concept meaning by varying marching procedures 

and inference rules and/or by changinglbe context.of discourse. The concept meaning can thus be 

changed without havin, to alter the base concept representation. By evaluatin, the type and the 

amount of inference involved in marchinl I concept with an instance. one may produce a 

qualitative or quantitative estimation of the strength of such a march. The ability to produce a 

measure of the SU'eDph of march indicates one principle difference between this approach and the 

approacb associated with a membership function, which needs to be defmed to the learner by a 

person. The iriflueDCe of the context is hidden in the definition of this membership fuDction. In the 

proposed 11 approach, a concept is associated with interpretation procedures and context­

dependent inference rules, which implicidy define the membership of an instance in a concept 

These rules and procedures can be used to compute the membership function in different contexts. 

Another adYlDtage rX repmenlin,l concept as two pans is Us flexibility of storing and using 

a concept description. The BCR represents the central tendency of I concept, and tends to be 

satisfied much more frequendy than applying the ICL This makes it possible to allow a ttade off 
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among speed. precision. and memory in concept recognition. The BCR can be used alone for 

rapid. low cost classification. but with somewhat less precision than if the lCI is applied. The leI 

does not have to stay in memory until it is applied. therefore. the two-tiered representation 

approach Can be applied to realize the idea-of variable precision logic (Michalski and Winstot l • 

1986). 

Figure 2.1 illusttates the relationship between the BCR and the lCI in a 17 concept 

representation. It shows that the lCI can. in general. extend the concept meaning beyond the BCR 
in one area of the description space. and reduce the meaning in another area. 

The conc:ept meanm& up&idy defmed by BCR The cooeept meanina mod.ified by applyinl 10 

Figure 2.1: An illusnlion of the relationship between 


the Base concept Representation (BCR) and the Inferential Concept Interpretation (ICl) 


Let us illustrate dle idea of "IT representation using the concept of '·chair". A 17 description 

of that concept could be: 

Be. : . A piece of furniture. 

Function: to seat one person. 

Structure: a seat supported by four 1e9s and a backrest attached 

from the aide. 

(Various physical properties of typical chairs are specified, such 

as a Characterization of their shape, the range of heiqhts, widths, 
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used materiAls, etc,). 

ICI: Number ot leqs CAn VAry from one to four. The materiAl of which the 

chAir is made, the shape of the seat, the bAckrest and the leqs are 

irrelevant as lonq as the function is preserved. Backrest may be 

missinq. The leqs may be replaced by any support. 

It leqs are replaced by wheels --> type(chAir) is wheelchair 

Chair without the backrest --> type(chair) - stool 

Cha~: with the armrests --> typeCchair) - armchair 

Context • museum exhibit --> chair is not used tor seatinq persons 

any more, but has all the physical characteristics ot a 

chAir. 

Context - toys --> the size can be much smaller than typical. The 

chair does not serve for seatinq persons, but 

correspondinqly small dolls. 

This simple example illustrates several important features of the Tr representation method. 
The commonly occurring chairs will smctly match the BCR. and the IC may not even be 

involved. This reduces the recognition time for these common cases. Far objects thai do not satisfy 
the BCR of any relevant conc~ or satisfy the BCR of more than one concept, the IC rules are 
involved (which concepts are relevant is decided by the context of discourse). The ICI can be 
changed. upgraded or extended. without any chanle to BCR. The concepts used in SCR and 10 

may themselves be flexible. and dlus also characterized by a 'IT description. 

The 'IT concept represenwion approach appears to have a suong cognitive justification. A 

simple inuospection tells us that people regularly make ,eneralizations of specific facts. in 
addition to memorisinl concept examples (usually oo1y the most "significant" ones). They use 

these ,eneralizations for distinSUishini between different concepts and for classifying new 
examples. When a .lencra.lization is insufficient for classifying some examples, they conduct 
reasoning, which may involve various kinds of relevant know1edle and different types of 
inference. 

The idea of the TT representation is also supported by research on the so-called 
transformational model (Smith and Medin, 1981). In this model, muchin, object featUres with 
concept descriptions may involve nnsformations of object fc:a.tU1'eS into those specified in the 
concept description. Such a marchio, has an inferential character. Some recent work in cognitive 



linguistics also seems EO SUpport the ideas of the IT representation approach. For example. Lakoff 

(1987), in his idealized cognitive models (lCM) approach. stipulates that humans represent 

concepts as a structure. which includes a rued part and mappings that modify the rued pan. The 

rued pan is a propositional structure, derIDed relative to some idealized model. The mappings are 

metaphoric transformations of concepts meaning. 

As mentioned before. in the general 17 approach. the disaibution of the concept meaning 

between the BCR and ICI can vary. depending on the criterion of the concept description quality. 
A spedal case of the BCR can be just concept examples. and of the ICI - procedures for a cenain 
kind of inferential matching. Consequently. the IT representation can be viewed concepr:ually as a 
general.iz.ation of the representation used in case-based reasoning systemS. 

1.1 Examples Dlustratinl The Ideas 

In this section. a few examples are given to illustratinl the idea of the two-tiered 
representation. All examples a:re excerpted from (Michalski. 1990). 

Example 1: Concept of sugar maple 

Our prototypical image of a supr maple is that it is a tree with dln:e to five-lobbed leaves dw 

have V -shaped clefts. Some of us may also remember that the teeth on the leaves are coarser than 

those of red maple, that slender twigs tum brown. and the buds are brown and sharp-pointed. As a 

tree. of course. a maple has a rooc. tnJDk and branches. 

Suppose that while saoUin. OIl a nice winter day someone tells us that a particular tz= is a 
supr maple. A simple inaospection tells us that the fact that me ttee does nOl have leaves would 
not strike us as • contradiction of what we know about sup!' maples. YeI, clearly, the presence of 

leaves of a panicular type is deeply embedded in our typical image of a maple tree. The two-tiered 

approach explains this phenomenon simply: the inferential concept interpretation associated with 

the general concept of deciduous u:ecs evokes a rule "in winter deciduous u:ecs.lose leaves. " Since 

a maple is deciduous tree, the rule would apply to the maple tz=. The result of this inference 

would override the s10red standard infcmwion about maple crees. and the inconsistency would be 

n:solved Matchin. an instance with the concept requires in this case deductive reasoninl from die 
knowledge associated with a more general concept. 
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Example 2: The concept of an abstract uee strUCture 

Suppose that a student is reading his first book on computer data strUctures and. encounters a 

drawing of a iJ7lph sttucture. which the author calls a tree. CalUng such a SU'Ucture a tree will 

likely not evoke any objection in the student. because one can see in this structure some abstracted 

and modified featureS (e.g.• upside down di:rection) of a biological tree. In this case. matching the 

If3ph structure with the concept of a tree involves a generalization operation on the base 
representation. 

Eumples 3: Concept of a triangle 

Let us consider the concept of a triangle. Formally. a triangle can be described as a 

geometrical figure consisting of three non-colinear points connected by Straighllines. Using the 

notation of annotated predicate calculus (APe). which is equivalent to predicate cilculus. but 
. permits one co write loaical expn:ssions in a mcxe compaa form (Michalski. 1983). coe can write: 

Triangle(T. Pl. P2. P3) <- Consists(T. PI & p2 & p3) & Type(Pl & P2 & P3) - point & 


CoMected_by(PI. P2 & Pl. P3 & p2. p3). straight_line & 


RelationAmong(PI. P2. P3). non-colinear 


In the above fcrmula. the symbol ..&.. is used in two related meanings; one· to denote an ordinary 

(external) conjunction connecting predicates. and second - co denote an inlernal conjunction, i.e .• 

conjunction of terms. treated as a compound arpmenl of a predicate. For example. the predicate 

"Consists(T. PI & P2 &P3)" states dW the aiangle T consists of points PI and P2 and P3. 

. Suppose that someone tells us that the tall towers in his hometown form a big mangle. 
Obviously. the meaning fS the uiangle in this Slatcment differs from that in the fcxmal geometrical 

description. To mIlCh the two, one needs to make the following assumptions and nnsfarmations: 

1. 	 In the context ofdescribing a configmacion of physical objects such as towers, the individual 

objects play the role of nodes. Thus. the swement implies that there are three towers in the 
town. The matching operation involves drawing an analogy between the absnct nodes and the 

towers, which can be characterized as consisting of one step of generalization (OEN): 

Point - OEN ->Object 

and one step of specialization (SPEC): 



Object-SPEC .--> Tower 

2. 	 In the context of towers. the presence of a "straight line" is imaginary, i.e.• there is no physical 
cOMec:tion. but one could imagine a straight line between the objects (towers). The conditi ')n 

"CoMected_BY" is satisfied in such an absttact sense. This is an operation of generalizatic n. 

Thus. matching the statement about a triangular arrancement of towers with the form:l.l 

definition of a aiancle involves here both. a cene:rallz.arion and specialization. 

The examples above show that relating a concept instance to a concept description is not just 
a straightforward comparison of attribute values in an instance with those in the concept 
description. as done in various mechanized decision processes. They show that such a process 
may involve different fonns of inference. 

2.3. Learning Two-tiered Concept Descriptions 

Ac:cordingly. learning a two-tiered concept desaiption consists two pans: 

1. acquiring the base concept representation. and 
2. acquiring the inferential concept interpretation 

The base concept representation includes a set of assertions that describes the principles of the 
concept. The inferential concept interpretation may include·a set of inference rules. milch in, 
procedures. the imponance of properties and a set of exceptions. The BCR is usually leamed from 
typical examples. while the ICI is learned from the less typical examples and exceptions. 

Furthermore. the matching procedures are responsible for the less typical examples whereas the 
inference rules are responsible for the exceptions. The BCR and the matching procedure can be 

inductively leamed from typical and less typical examples. But because the number of exceptions 
is limited. it is difficult to leam using an inductive leaminl method. Followinc a few possible 
methods that can be applied to leam ICI rules are simply descussed. 

First. the ICI rules can be inherited from some higher level concepts. Suppose that the 
system is given an instance of a broken chair. More precisely. the description of the instance 
matches neither the BCR nor the ICI of the chair. because one of the foUl' legs is missing. Suppose 
thll the ICI of the leg concept will deduce from Ibis description that the shorter leg is broten. The 
chair concept is a specialization of the higher level concept furniture. Sappose that the ICI for 

furniture has the following rules: ifan object misses one le, then it is broken and ifsome pan of an 



objcct that otherwise is an instance of furniture is broken, then the object still is an instance of 

furniture. ThrouJh these two rules. one can infer that a chair which misses one leg is a broken 
chair. These two rules may now be inherited by the lCI of the chair concept 

Second.. an analytic learning system, such as described in (Mitchell et al., 1986; Dejong and 

Mooney, 1986), can be applied to obtain an explanation. In these systems, a typical event is 

explained by deductively inferring it from the underlying background theory. The result is an 
operational rule for the concept This rule is then generali~ e.g. using teChniques described in 
(Mitchell et aL, 1986). In our approach. only nontypical events will be subject to explanation. The 
purpose of the explanation here is to justify the special character of the event explained. rather that 

to operarionallze the proof of its membership in the concept. 

Finally, an explanation of an event may be obtained from an expen., as· is the case in 

knowledge acquisition for expen systems. The POSEIDON system described in next chapter uses 

this method in its initial version. 



CHAPTER 3 

THE POSEIDON 
LEARNING SYSTEM 

Early ideas. experiments and the first method (or learning two-tiered concept desaiptions 

were presented in (Michalski et al. 1986 and Michalski. 1988; see also Michalski. 1990). The 
method proposed there employed a simple (orm o( description simplification method, called 

TRUNC method, which used only spcQalization as a desc:riprion reduction operatOr. AD inaiguing 

result of thal research was that a substantial Rduction of the description's complexity was achieved 

without affec:ti.ng its performance on new examples. The effect was obtained through a removal of 
these pans of a description tlW: were responsible for covering only a small fraction of examples 

(the so called light complues, or smtJ.lI disjlUlcrsJ. and through an application of a fle:r.ible 

mlltChing procedlR for concepc recopidoft. 

This chapter describes the leaming system POSEIDONl (Bergadano el al. to appear) thal 

leams two-ticred descriptions of tlexible concepts. POSEIDON is an extension and continuation of 
the early ideas in (Michalski et aI•• 1986), One important advance is the development of a heuristic 

double-level search procedure, called SO-TRUNC. which explores the space of two-tiered 

descriptions in order to determine a globally optimized description. The search employs both 

generalization and specialization operators. and is guided by a new criterion. the general 

description qUldity measure (GDQ). This measure takes into consideration the description 

1The system is nIIDId Iller POSEIDON, the areet JOel 0( tbe waves. wbicb n:present fluidity IDd chanPI aspectS 
ofDlDll'e. 

.,n 
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accuracy, its copitive comprehensibility and the computational cost of both tiers of a description 

(BCR and len. By introducing such a general description evaluation measure (Bergadmo et al., 

1988), the meaning of concept leaming can be defined in a new way. Namely, concept leaming 

can be viewed as a process of improving initial descriptions according to a given description 

quality criterion. The initial description can be in the form of positive and negative examples, a 

Complete and Consistent (CC) concept description. a teacher-supplied tentative description. or 
other. 

Other advances include the use of a more powerful accuracy measurement in GDQ, which is 

able to take into consideration the typicality of training instances (when it is known), and the 

introduction ofa rule base for implementing the ICL the following sections describe the overview 
of the POSEIDON system, next Chapter shows the expcrimenwrcsults of POSEIDON on twO real 
world domains. 

3.1. Concept Representation 

ConceptS in POSEIDON are represented in a two-tiered concept reprcsenuon.ln chis two­

tiered conceptrepresentation. a concept is represented by two partS. the BCR which is equivalent 
to a disjunctive normal form IDd the IC which consisu of a predefmed flexible marchiol function 
and a set of deduaive rules. 'Ibis secQon describes this representation. 

3.1.1 Base Concept Representation 

In POSElDON. the attribute-based yariabk·yalued logic system VLI (Michalski. 1983) is used as 
a representational formalism. The BCR of a concept is a disjUDCtive normal form expression in 

VL1. Such an exprcssioo corresponds to a cover. which is a set of complexes. A complex is a 
conjunction of selectors and can be viewed as a rule (Michalski, 1990). A selectOr is a relational 
expression (a Condition): 

[L'R] 

where the attribute L is called the re/er", R, called the re/,"IfI, is a set ofvalues from the domain 
of L.Symbol' denotes ODe of the relational symbols -, <, >, s, a, •. A selector is 

satisfied by an event if the value of aaribure L in this event is in relation' 10 R. 

http:reprcsenuon.ln


For examp1~ the expression [shape • circle v square] & [length> 2J is a COmplex containing 

twO selectors. The first selector is satisfied by an event. if the attribute "shape" in this event takes 
value "circle" or "square". 

3.1.1 Inferential Concept Interpretation: Flexible Matching Function 

A flexible matching function F is used as a part of the 10 and it is predefined. The function 

measures the degree of fit between an event and a concept description. The specific F used in the 

implementation maps events from the set E. and concept descriptions from the set D. into the 
degree of fit from the interVal [0 .. 1]: 

F: E x 0 --> [0 .. 1] 

The value of F of an event e and a cover. Cov, is defmed as the probabilistic sum of F for 

its complexes. IfCov consists of two complexes. cpxJ and CPX2, we have: 

A weakness of the probabilistic sum is that it is biased toward covers that consist of many 

complexes. Specifically. if a cover COy includes many complexes, F(~,Cov) may be close to 1. 

even if each F(~.cpx) is relatively small. To avoid this effect. if the value of F(~.cpxiJ is below a 

given threshold.. then it is assumed to be O. In POSEIDON, this problem does not occur because 

covers are typically reduced to only a few complexes. 

The degree of match. F(~.cpx), between an event ~ and a complex cpx is defined as the 

average of the degrees of fit for its constituent selectors, weipted by the proportion of positive 

examples covered by the complex: 

n 
~F(~.s~M • #cpxpos

F(e,cpx)" ~,. (#cpxpos + #cpxn~g) 
i .. 1 

where n is the number of the selectors in cP,X. and #cpx:pos and #cpxneg are the number of positive 
examples and the number of negative examples covered by cpx , respectively. 

The depee of match between an event ~ and a selector .rei is wei&hted by the coverage of 

positive and negative examples by the selector. Such a dearee of match depends on the type of the 



attribute in the selector. An aaribute can be one of twO types: nominal and linear (Michalski.1983). 

In a nominal selector, the referent is a single value or an inurnal disjunction of values. e.g., [color 

• red v blue v peen]. The degree of match is 1 if such a selector is satisfied by an event. and 0 

otherwise. In a linear or StrUctured linear selector. the referent is a range of values. or an internal 
disjunction of ranges. e.g., [weight. 1..3 v 6 .. 9]. A satisfied selector returns the value of match 
1. However. if the selector is not satisfied, the degree of match is the ratio of the diSWlce between 
the value of the attribute in the event and the nearest value in the referent. and the size of the . 
domain of the attribute. For example. suppose the domain of the attribute height has 10 values: 1 to 

10, and the event is (weight • 2, height. 4, .•..), and the selector is [height. 7 .. 9], The degree 

of match is ~d •0.3. 

The system is not forced to make a decision when the difference between the values of 
flexible matching function for two concepts is very small If the difference is smaller than a preset 
threshold, the result will be "no match It. 

3.1.3. Inferential Concept IDterpretation: Deductive Rules 

In addition to the flexible matching function, the leI includes a set of deductive rules, 
allowing me system to recognize exceptions and context.odependent cases. For example, flexible 
matching could allow us to recognize an old sequoia as a ttee, although it does not match the 
typical size requirements. Deductive reasoning is required to recognize a D'ee without leaves (in the 

winter time), or to include in the concept of tree its special instance (e.g. a fallen tree). In fact. 
flexible matching is most useful to cover instances that are close to the typical cases, while 
deductive matching is appropriate to deal with concept ttansformations necessary to include 
exceptions or context-dependencies. 

The deductive inference rules in the ICI are expressed as Hom clauses. The inference 
process is implemented using the LOGUSP system (Robinson and Sibert. 1982). Numerical 
quantifiers and internal connectives are also allowed. They are represented in the annotated 
predicate calculus (Michalslci 1983). 

3.1.4. Types 01 Matchlnl 

There can be three different types of match between an event and a two-tiered description: 
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1. 	 Strict matching: the event matChes the BCR exactly, and the event is called as S<overed. 

2. 	 Flexible matching: the event is not S-covered, but matches the BCR through a flexible 

matChing function. The event is called as F-covered. 

3. 	 Deductive matching: the event is not F-covered, but it matches the concept throuih 

deductive reasoning based on the 1CI rules. The event is refetred to as Ikovered. 

The sets of all S-covered, F-covered, and Ikovered events are called Seov. Fcov, and Dcov, 
respectively. 

Now a precise meaning 10 the term exception used throughout this chapter can be given. 

Events are called excepriDns. if they are D-covered. Events that are S-covered are said 10 be 

representative examples. and events that are F-covered are said to be nearly-representative 
examples. 

Two-tieRd concept descriptions are usually simpler. easier to understand and more efflcient 

to use than concept descriptions represented in a conventional logic type representation. In the 

experiments described in next chapter. they also performed beuer on testing sets. One major 

advance of the presented method over the previous method using IT representation (e.g .• 
Michalski et al. 1986) is that the ICI includes not only a flexible matching procedure, but also 

inference rules. Thus. the method is oriented toward bandling not only representative or nearly 

representative examples, but also exc~ptions. 

3.2. An Overview of POSEIDON 

In POSEIDON, a two-tien:d concept description is produced in two phases. First, a complete 

and cons~tent (CC) description is created from supplied ttaining examples by applying the AQ 
inductive leaming methodology, and then the CC description is optimized according to a general 

description quality (ODQ) criterion. The optimization process is done by a double-level best-first 

search. using the SO· TRUNC description reduction process. ICI rules are provided by buman 

experts. This section describes the overview of the algorithm used in POSEIDON and discusses 

the operatOrS used in the SO·TRUNC description reduction process. the detailed description of the 

algorithm is defem:d 10 section 3.4. 
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----------------------------------------------------------

3.1.1. Basic AJgorithm 

Based on the ideas presented above, we have implemented a system for learning 'IT 

descriptions. called POSEIDON. Figure 3.1 specifies the input, output. and the function of the 

system. The BCR is determined in two phases. The first phase generates a general consistent and 

complete (CC) concept description. and the second phase optimizes the description according to a 
criterion of concept qUality. 

The CC description is determined using the AQlS inductive learning program (Michalski et 

al. 86). The initial BCR consists of the CC description together with the flexible matching 
procedure described in section 3.1.2. 

Phase 1 
Given: 

Concept examples obtained from a source 

Relevant background knowledge 
Detemlini:: 

Complete and consistent (CC) desaiption of the concept 

Phase 1 

Given: 

CC description of the concept 

A general description quality (ODQ) tneI.S1.'IrC 
Typicality ofexamples (if available) 

DetmrtiJte: 


A two-tiered desaiption chat maxinD%eS the ODQ 


Figure 3.1 • Specification of the POSEIDON system 

The second phase improves the initial description by conductinl a "double level" best fU'St 

search. This search is implemented in the SO·!RUNC procedure (Sa symbolizes that me method 
uses both specialization and .eneralization operatorS). The first level searcb is guided by the 



---

General Description Quality measure (GDQ). which ranks descriptions for consideration (see sec. 

3.4). The second level search is guided by heuristics that specify the search operators to be applied 

to a given description. The search operatorS simplify the BCR of a description by removing some 

of its components. or by modifying the arguments or referents of some of the selectors. A general 

structure of the system is presented in Figure 3.2. 

. . . . . . . . . . 'SOl:JRCE OF EXAMPLES- ... - ......... . 

.. " .. .. .. .. " .. .. .. . . . . . .. .. .. . . .. .. .. .. " . . . " .. .. .. .. .. .. .. .. .. .. .. " .. ..~ ~ 

" 

-;----11:Il0l_ 
h 

I Bell ICI 

.. . .. . .. . .. . . .. ,. .. .. .. .. .. . .. .. .. .. .. " .. .. .. .. .. .. . .. .. .. .. .. .. .. .. .. .. .. .. .. .. . .... .. 
.. .. .. .. .. .. .. .. .. ~ .. " .. .. .. .. .. .. .. .. .. .. .. .. " .. .. " .. .. " .. .. .. .. " .. .. .. " .. ..... .. .. .. .. 
... - .... 'BA~GROUND KNo~n1"l'EDGE' ......... . 
........ , .. " .. .. '--.. .. ~y..,... .. .................. .. 
.................................. " ............ . 

.. .. .. .. .. " .. .. .. .. " .. " .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. . .. .. .. .. .. .. .. .. .. .. " ,. .. .. .. .. .. 

Figure 3.2. Learning in the POSEIDON system 

'--­

.Phase 1 


Phase 2 


The search process is defined by: 

Search space: A ttee strUcture. in which nodes are two-tiered concept descriptions 

(BCR +ICD 
Selector removal, Complex removal, Referent modification. 

To daamine a description that maximizes the general description quality 
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criterion (GDQ). 

The goal of the search procedure is not necessarily to find an optimal solution. as this would 
require a combinatorial search. Rather. the system aies to maxjmally improve the given concel't 

description by expanding only a limited number of nodes in the search tree, which are suggested 

by certain heuristics to be discussed in section 3.4.1. 

The BCR is learned from examples and represented as a set of rules (a' VL1 cover, as 

described in section 3.1.1). The lCI consists of two pans: a flexible matching function and a rule 
base. The rule base is used for explaining exceptional examples. and is acquired through an 
interaction with an expert. 

3.1.1. Operators Used in Optimizinl Base Concept Representation 

A descrlptioncan be modified in three basic ways: by complex (rule) removal. selector 
(condition) removal or referent (subset of the attribute ranle) modification. Rule removal is a 
specialization operator, because it leads to "uncovering" of some examples. h is the reverse of the 
"adding an alternative" generalization rule (Michalski. 1983). Condition removal is a generalization 
operator, as it is an instance of the '·dropping condition" generalization rule. A referent 
modification can either generalize or spec:ia1ize a description. Consequently, two operatorS are 
defined: referent extension, which generalizes a description. and referent contraction, which 

specializes a description. For illustration, consider the selector 
[size. 1..5 v 7] 

A referent modification that produces a genemlization 
[size. 1..7] 

represents a referent extension operatOr. Ifin the above selector the relation is changed to <> 
[size <> 1-5 v 7] 

then the same referent modification, i.e .• change to [size <> 1..7], represents a referent contraction 
operaror. A referent modification that produces a specialization 

[size. 1•.5] 
represents alsoa referent contraction operator. Figure 3.3 lists search operators and specifies their 
effect on the description. 

The removal of conditions may merge complexes. The negative exceptions (the exceptions 
from negative examples) break: one complex into several. In Fip:re 3.4(a), the exception e breaks 
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one complex into four. If the exception is allowed to be covered by some of the four complexes. 

some conditions can be removed from one of the four complexes so that the four complexes merg~ 
into one larger complex (see Figure 3.4(b». 

Search operator Type of knowledge modification 

----'-------~---
Selector removal (SR) Generalization 
Complex removal (CR) Specialization 
Refenmt extension (RE) Generalization 
Referent conaaction (Re) Specialization 

Figure 3.3: Search Operators 
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CPX2 

y 

CPX 1 

+ 
...... 
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CPX4 
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CPX3 

x 

+ + 
+ + 
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+ + 

+ + 
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0.+++ 
+ + + 
+ + 

x 

(a): Before selector removal (b) Aftt:r selector temOVal 

Pisure 3.4: How the selector removal merges complexes 

Two types of complexes can be removed. The first type of complexes is the complexes that 
cover a small number of positive examples and is called light complexes (small disjuncts). The 
examples covered by light complexes are often far from the other positive examples. thus these 
complexes often describe rate. exceptional cases. Jf the learning examples from which complexes 
are derived are noisy, a light complex may also be an indicative of errors in the data. Figure 3.5(a) 
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illustrates this situation. aXl and CPD are two complexes and cover 14 and 2 examples. 

respectively. CPXl is a representative complex of the concept. The two examples covered by 

CPX2 are considered as exceptions or noise. The second type of complexes that can be removed is 

the complexes that cover 1 large number of examples. but uniquely cover a small number of 
examples. This type of complexes carries 1 lot of redundant information and is called as redundant 

complexes. The examples uniquely covered by a redundant complex can be viewed as less typical 

examples. They are not exceptions. because they are still close to other positive examples. In 
Figure 3 . .5(b). both CPXl and CPD could be redundant complexes. el. e2 and e3 are less typical 
examples. 

y y 

+++ + + + CPXl 
+ ++ + 

+ + ++ 

- .. . -. 
• ~CPX2 

- ­
x 

+ ++ ++ 
+ + + + + 

+ +++++..,. 

+el 
CPXl 

-tel 

e3+ 

. -

CPX2 

- . 
.. 

x 

(I) Complex with low t-weight (b) Complexes with low u-weights 

Heme 3..5: types of complexes that can be removed 

The loss of c:overale resultinl from removina redundant complexes may be restored by 

flexible matcbinl. Af.tI:t a redundant complex is removed, only those examples uniquely covered 
by it are no lonpr covered. Since these uncovered examples are close to many typical examples 

which are still covered by some other complexes. That is, these uncovered examples are close to 

some remaining complexes, so they can be easily matched with these complexes by flexible 
matchina. Suppose CPXl in Fiaure 3 . .5(b) is removed, el is no lonaer covered smelly, but it can 
be matched with CPD by flexible matching. The loss of coverlae that results from removing a 
Ught complex cannot be easily restored by flexible matching. In this case., the examples that are no 

longer covered are DOt close to any remaining complexes. In Fipe 3..5(a), after CPXl is 
removed.. the two examples covered by it are not close to CECl., so they cannot be matched with 



CPX1 by flexible matching. In order to restore the loss of coverage resulting from removing such 
complexes, some ICI rules are needed. 

Thus, each search operator produces either a specialization or generalization of a description. 

A generalized (specialized) description covers potentially a larger (smaller) number of training 

examples (positive or negative). By measuring the changes in the coverage caused by applying an 

operator one can choose the operator at a given search step. 

3.2.3 Learning The Inferential Concept Interpretation. 

As indicated above. by applying a search operator (SR. CR. RE or RC) to the current BCR. 
one can make it either more general or more specific. If the modified BCR is more specific, some 
positive examples previously covered may cease to be S-covered. These examples may, however, 
be covered by existing ICI rules (so they become D-covercd) ex' tlexible matching (so they become 

F-covered), or may be made D-covered by adding new rules to the ICl On the other hand. if the 

modified BCR is more general than the original one, some negative examples. previously 

uncove~ may now be S4 covered. As before, they may already be excluded by existing ICI 

rules, or can be excluded by adding new rules. Consequently, there are two types of rules in the 

ICI: those that cover positive examples left uncovered by the BCR ("positive exceptions"), and 

rules that eliminate negative examples covered by the BCR ("negative exceptions"). A problem 
then is how to acquire these rules. 

The rules can be supplied. by an expen. inherited. from higher level conce~ ex' leamed. from 

other knowledge. If the rules are supplied by an expert. their form may not be operationally 
effective. In such a case, they can be made effective through some form of analytic leaming (e.g .• 
Mitchell et al., 1986; Prieditis and MaslOW, 1987). If the rules supplied by an expen are too 
specific or not toIally CODect, they may be improved. by induction (e.g.• Diettc:rich and Flann 1988, 

Mooney and Ourston. 1989). Thus, leaming the ICI can be accomplished by different S1rategies. 

like learning the BCR.. 

In the implemented method. the system identifies exceptions (i.e., examples not covered by 
the current BCR and ICI), and asks an expen for an explanation (see sec. 3.4.2). The expert is 
supposed to justify the special character of such ewnrs, and express this justiilC8lion in the form of 

rules. The search procedure shown in Fipre 3.2 guides the process by detenDiniDl the examples 
that need explanation. It is a hard taSk to distinguish exceptions from noise. In our method, any 
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exceptions that C8DJIO( be explained by an expert are treated as noise and are ignored. 

3.3. Quality of Concept Descriptions 

The leaming methodology utilizes a general description quality measure (ODQ) that guides 

the search for an improved two-tiered descrip~on. GDQ plays an important role in the proposed 
two-teired concept description learning approach. This section first discusses some general issues 
about the QDQ measure. then define the QDQ measure implemented in POSEIDON. 

3.3.1 Factors Innuencinl The Description Quality 

The leaming methodology utilizes a general description quality measure (CiDQ) that JUides 
the search for an improved two-tiered description. The ODQ measure is influenced by thn:le basic 
characteristics: the accuracy. the compreh4nsibility, and the cost. This subsection discusses these 
three components, and describes a method far combining them into a single measure. 

The accuracy represents the description's ability to produce correc:t classifications. A 

common method for improving accuracy is to require that the description be complete and 

consistent with respect to the training events (Michalski. 1983). When a description is incomplete 

and/or inconsistent. the number of positive examples it does not cover and the number of negative 

examples it covers provides important information for evaluating its quality. Those numbers can be 

used to measure the degree of completeness and consistency of a pven description. To achieve 

completeness and consistency when input examples are noisy, overly complex and detailed 
descriptions may be generated.. Such descripdons tend to be too dependent on the aaining set, and, 

consequently, may perform poorly in classifying future examples. This phenomenon is well 

known in statistics u overfitting (Watanabe, 1969; Sturt. 1981). 

The comprehensibility of the acquired knowledge depends on subjective and domain­

dependent criteria. Because an AI system is often supposed to supply advice to humans. 
knowledge used by such a system should be understandable by human experts. A "black box If 

classifier will not be helpful in this respecL Therefore, knowledge acquired by a learning system 

should be related to terms, relations and concepts used by experts, and should not be synractically 

too complex. This is called the compreh4nsibility principle (Michalski, 1983). There is no well 

established measure of description comprehensibility. TherefOR we approximate it by a 
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representational simplicity of the description. The simplicity (an inverse of complexity) is evaluated 

by counting the number ofoperatOrS involved, and taking into consideration an estimated cognitive 

complexity of the operators. Such an approximation of the comprehensibility of a twcrtiered 

representation takes into account the operators occurring in both the BCR and the ICI. and weighs 

the relative contribution of each part to the comprehensibility of the whole description. 

The third criterion. the description cost, captures the properties of a description related to its 

storage and use (computational complexity). Other things being equal. descriptions which are 
easier to store and/or easier to use for recognizing new examples are prefem:d. When evaluating 

the cost of a description. two characteristics are of primary imponance. The first is the cost of 

measuring the values of variables occurring in the description. In some application domains, e.g .• 

in medicine. this may be a very imponant consideration. The second characteristic is the 

computational cost of evaluating the description. Again. some real-time applications. e.g. speech 

or image recognition, impose constraints on the evaluation time of a description. The cost 

(approximated by computational simplicity) and the comprehensibility (approximated by 

representational simplicity) are usually related to each other, but, in general. these are two diffen:m 

criteria. 

The criteria discussed above are applied to two-tiered descriptions. The accuracy of the 

acquired knowledge does not only depend on the explicit information. but also on the implicit 

reasoning abilities. The ICI also affects cost, because it allows the performance system to use a 

simpler BCR, and reason about special details only in exceptional cases. Fmally, the 

comprehensibility of a two-tiered representation must be carefully evaluated, since one of its 

implied goals is to state a clear and simple concept description in the BCR. and to account for 

special cases through a reasoning process. In fact. both the BCR and the lCI are pans of the 

concept description and they are used together in concept recognition. They influence each other. h 

is not necessarily we that if a Bo. performs well with one lCI. then it also performs well with a 

different ICI. 

For example, the experiments described in chapter 4 show tbal a BCR perfan:rJed poorly with 

an empty lCI (i.e., when matching is suict), but it performed well with a flexible matching 

function. TherefCR, leaming a two-tiered concept description must take into consideration both the 

Bo. and the ICI. In our method, this is done by evaluating a TT description (BCR+lCI) using the 

GDQ. Specifically. candidate concept descriptions are compared on the buis of how well they 

perfexm with flexible maJehinl and with deductive ICI tules. 

These criteria need to be combined into a single evaluation procedure that can be used to 
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compare different concept descriptions. A possible solution is to have an algebraic formula that. 

given the numeric evaluations of individual criteria, produces a number that represents the;;' 

combined value. Examples of such approaches are multiplication, weighted sum, 

maximum/minimum, t-norm/t-conorm (e.g., Weber, 1983). Although these approaches arc often 

appropriate, they have certain disadvantages. First, they usually combine a set of heterogeneous 

evaluations into a single number, and the meaning of this final number is hard to understand for a 
human expert. Second, they may force the system to evaluate all the criteria, even if it is sufficient 

to compare descriptions on the basis of one or two most important ones. The latter situation occurs 

when one description is much better than the other according to the most important criteria. 

To overcome these problems. we use a combination of the lexicographic evaluation 

junctitJNJI (l.EF) and a weighted evaJUIltitJnjunctioNJI (WEF) for defining a measure involving all 

three above mentioned criteria. 

3.3.2 Combining Individual Facton into a Single Preference Criterion 

This subsection describes a LEF/WEF method for combining the simple description 

evaluation criteria into one general measure. We describe the lexicographic evaJUQtionjunctioNJI 

(LEF) first (Michalski, 83). The general description quality (ODQ) measure under LEF is defined 

as: 

GDQ(description). «Accuracy:tt), (Comprehensibility,'t2), (COSl,tJ» 

where 'tl, 't2, and 13 are tolerances. 

In this evaluation scheme, the criteria are ordered according to their importance, and a 

tolerance threshold is associated with each criterion. If the difference of the evaluation of two 
expressions under a Jiven criterion is less than the corresponding tolerance, the two descriptions 

are considered equivalent with 'respect to that criterion. The most important measure in the LEF is 

evaluated first, and the subsequent measure is evaluated only if the application of the previous one 

results in !nCR than one candidate description. 

The LEF evaluation scheme is not affected by the problems of algebraic evaluation functions, 

mentioned above. The importance of a criterion depends on tbe order in which it is evaluated in the 

LEF evaluation scheme and on the tolerance. It may be somewhat difficult to determine this 
threshold. If the tolerance is too small, chances ofusing the ocher criteria decrease. If the tolerance 



is too l~e. the imponance of the criterion might be underestimated. Funhennore. in the case of 

large tolerance, many descriptions might be equivalent under the LEF. To minimize this problem, 

the LEF measure is extended in the following way: LEF is first applied with relatively large 

tolerances. so that all the relevant criteria are taken into account If the comparison results in a tie 

(Le., there' is more than one candidate description). a weighed evaluation functional (WEF) is used 

to combine the measures. The description with the highest WEF is selected. The weights for \VEF 

are det.ermined by the user. 

3.3.3 The Role or The Typicality or The Examples 

The accuracy is the major criterion for detennining a concept description quality. Accuracy 
depends on the completeness and consistency of the description. as well as on the typicality of the 
events covered by the two pans of the description. In evaluating the accuracy of a two-tiered 
concept description, one has to take into account the fact that c1egn:e of confidence in the results of 

inference decreases from deduction to induction (Michalski. 1987). These requirements are met by 

inuoducing the notion of typicality (Rosch and Mervis. 1975). Completeness and consistency are 

made dependent on the typicality of the covered examples and on the way these examples are 

covered. We assume that an expert can provide typicality of examples at the time they are presented 
to the system responsible for building the initial description. The expens are usually quite good at 

determining the typicality of events in their area of expertise. In the case when the typicality is not 

provided. the system makes the standard assumption that it is equal for all examples. 

Descriptions that cover many typical positive events are most preferred. Completeness is 
therefore proportional to the typicality of the events covered. Moreover. if negative events are 
covered, the consistency of the description is smaller if the typicality of the negative events covered 
is high. 

Completeness and consistency of a IT description brings up additional requirements: a good 

description should cover the typical examples explicitly. and the non-typical ones implicitly. It is 

also preferred that the typical events are covered by the BCR. and non-typical. or exceptional 

events are covered by the ICL In fact. the BCR is inductively leamed from the events provided by 

user, and it is more reliable when the training events are typical. The ICI. on the contrary. is 

deductively obalined from the background knowledge. or from a human expert, and relies more on 

general and domain lmowledge. Generally. the ICI is more reliable when dealing with the special 
or rare cases. since experts normally avoid explaining a Iarae number of typical events. For these 
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reasons, a typical positive expUcidy-covered event should conaibute to completeness more than if 

it was impUcidy-covered. And vice-versa, non-typical positive implicitly-covered events conaibute 

to completeness less than if they were explicitly-covered. These assumptions are reflected by 
weights WI. wf, wd. used in the definitions of completeness and consistency (section 3.3.4). 

Furthermore, since lCI rules are obtained from background knowledge or from a humar 

expert, they are more reliable than the flexible matching function. Consequently, a positive D· 

coveRd event should contribute to completeness more than if it was F-coveRd. We may also 

observe that flexible matching is not very useful for low typicality exceptions. A similar argument 

holds for consistency. 

3.3.4 General Description Quality Measure 

This section defines the GDQ measure implemented. in POSEIDON. FU'St. we defme the 
concepts of the description completenes~ COHPT, and consistency, CONST, which take into 

consideration the typicality of examples. Such typicality..<fependent completeness is defined as: 

LW!*Typicality(e+, + LWf*Typicality(e+) + LWd.*Typicality(e+) 

COMPI" _e+as.a,.. e+~ ftDa:w 

I'1'ypi.c&l.ity (e) 
eaPOS 

. 

The typicality-dependent consistency is defined as: . 

I'1'ypi.c&l.ity (e) 

ea~ 

where POS is the set of positive events covered by a two-tiered concept description and NEG is 
the set of negative events covered by a two-tiered concept description. Typicality(e) is a numeric 

degree of typiCality of the event e specified. by an expert. Funhermore. weipts assigned. to 

different types of coverage depend on certain thresholds to n:f1ect the appropriateness of types of 

coveraae for different kinds of typicality: 



ws: if Typicality(e) ~ t2 then I, else w. 

wr. if t2 ~ Typica1ity(e) ~ tl then 1. else w, 
wd: iftl ~ Typica.lity(e) then I, else w, 

where t 1 and t 2 are thresholds. and 1 ~ t 2 ~ t 1 ~ 0, 1 ~ W > o· 

The accuracy of a description is defined in tenDS of COMPT and CONST: 

Accuracy(description) = Wi *COMPT(description) +w2 *CONST(description) 

where Wi + w2 - 1. The weights wi and w2 reflect the expert's judgement about the relative 

imponance of completeness and consistency for the given problem. The default value of both is 
0.5. A measure of comprehensibility of a concept description is difficult to define. We will 

approximate it by measuring the representational complexity. defined as: 

where BCR (dsp) is the set of all operator occum:nces in the BCR and IC I (dsp) is the set of all 

operatOr occum:nces in the lCI. C (op) , the complexity of an operatOr. is a real function that maps 
each operator symbol into a real number. The complexities of the operators are ordered as follows: 

C(interVal) < C(intemal disjunction) < C(=) < C(<» < C(&) < C(v) < C(implication). 

When the operator is a predicate, C increases with the number of the arguments of the predicate. . 

Parameters Vi and V2 are weights such that Vi +v2 • 1. 

The BeR is supposed 10 describe the general and easy-to-defme meaning of the concept, 

while the lCI is mainly used to handle rare or exceptional events. As a consequence, the BCR 

should be easier to compn:hend than the ICI. and thus v 1 should therefore be larger than V2. 

The cost of a description depends on two parts: 

Measuring-Cost (MC -. the cost of measuring variables used in the concept description. 
Evaluation-Cost (EC) - the computational cost of evaluating the concept description. 
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EC( :I ..) ~ er:(e)

lD'4C01 == ~Pr:S + Nq; 


eePar"'NI 

where V(JI's(e) is the set of all occurrences of variables used to evaluate a concept description to 
classify the event e, mc(v) is the cost of measuring the values of the variable v, and ee(e) is the 

computational cost of evaluating the concept description to classify the event e. The la.tter depends 

on computing time and! or on the number of operators involved in the evaluation. 

We now define the cost of a description: 

Cost(description) == Ul * MC(description) + u2*EC(description) 

where uland U2 are weights defining the relative importance of measure cost and evaluation COSL 

With the exception oCthe weights. which can be determined experimentally. we have defined 

all three components of the ODQ. More details about the quality measure can be found in 

(Bergadano et al., 1988). 

3.4. Learning by Maximizing The Concept Description Quality 

As mentioned before, learning two-tiered concept descriptions is performed in two phases. In the 

fU'St stage, a compleu: and consistent concept description is obtained from an inductive leaming 
system. In our approach, we have relied on the AQ1S learning program (Michalski et al., 1986). 

This paper concenttatcs therefore on the second phase, i.e., on the improvement of the 

description obtained in the first phase with respect to its ODQ. 

3.4.1 Search Heuristics 

Applying the ODQ measure directly would be computationally expensive, because it would 
require the system to perform flexible matching for every newly generated description against the 
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whole set of traininl examples. To improve the efficiency, we have introduced a double level 

search. In the first level, a description to be modified in the second level (a node to be expand\!j) 

is determined usinl the GDQ. In the second level. an operator (SR. CRt RE or RC) to be applkd 

to the description is selected usinl the Potential Accuracy Improvement heuristic (PAl). The value 

of PAl is defmed as a function of the change in the coverale of positive and nelative examples i 11 

the modified description. Specifically, we have: 

#P #N 
PAl =#TP· #TN 

where #P (#N) is the change in the number of positive (negative) examples covered by the newly 

generated description. and #TP (#TN) is the total number of positive (negative) examples. For 

generalizing operators. SR and RE. #P and #N are non-negative. and for specializing operators 
CR and Re. #P and #N an: non-positive. 

The advantage of PAl is that it can be computed much more efficiently than the GDQ. For 

every selector in the description. a list of examples covered by it is maintained usinl bit vectors. 

The sets of examples covered by complexes and covers can be obtained from this list by the 

intersection and union operations. Matching time can be improved funher by maintaininl also bit 

vectors for the examples covered by complexes (the time for the matchinl operation is traded off 

against the memory for storing the bit vectors). Note that computing the GDQ requires flexible 

matching, and thus cannot be done by an intersection and union of bit vectors. 

The above formula does not take into consideration the reduction in the complexity of the 

description due to the application of different operators. Specifically, removing a complex (a rule) 

reduces complexity more than removinl a selector (a condition). To account for this. POSEIDON 

associates a higher weipt with the operator CR (complex removal) than with the operator SR 

(selector removal), i.e., it prefers rc.apply CR than SR accordingly to some predefined weights. 

One may observe that removing a selector may enable the system to remove additional 

complexes ~ As such an operator generalizes a description. additional examples may be 

covered by the reduced complex, and some other complexes may become redundant. A special 

case of this effect is when the reduced complex becomes equal to some other complex in the 

description, and thus one of them can be removed. If the SR operation produces a complex similar 

to some other complex, the two can be merged into a single one by adding alternatives in the 

internal disjunctions of their selectors. For example, the complexes [shape. drcle]&[size -= 2] and 

[shape=- squan:]&[size. 2] can be replaced by [shape=- circle v squan:]&[size. 2]. 
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Ifsuch an explanation is given, add the rules that make up the explanation to the ICI. 

S. Update the ODQ value of the new node, by taking into account the added ICI rules. 

6. If the SlOpping crilerion is satisfied. then STOP. odtcnvise proceed to step 1. 

We shall now discuss the motivation behind the algorithm and some implementation details. 

and explain the search SU'ategy. In step 1. the nodes are chosen on the best fll'St basis. that is. the 

node with the highest ODQ is expanded ill'St. This is not always an optimal choice. since 
apparently "bad" nodes can lead to better descriptions after a number of removals. Whether the 
scan:h will behave in this manner will depend on the adequacy of the ODQ as the measure of 
concept quality. 

In step 2. a search operator is chosen heuristically and applied to the description. The 

heuristics used arc discussed in the previous section. Only one operator is applied at any given 

time. 

In step 3. the system computes the ODQ of the new node. It should be noted that, in the 
ODQ measure. the typical examples covered directly by the SCR caD weiah more than .those 
covered throup flexible matching. The examples covered by ICI rules should weigh mare than the 
ones covered throup flexible matching but less than the ones covered by the BeR. 

In step 4, the "explainer" module is used in order to improve the description even funher. 
The BCR description is extended or contracted by adding ICI rules. First. complex removal might 

uncover some positive examples. that were previously covered. In this case. new rules could be 

added to the ICI. that would allow the system to reason about such "special" positive examples. 

and explain why they should still be classified as instances of the concept under consideration. 

On the odler hand. selector removal might cause some negative examples to be covered. In 

this case. new 10rules may have to be added to contract the BeR.. Another issue concern.ing step 
4 is whetber an expl.a.twion should be required at all, since. in some cases, the chosen removal 
operator is not an apPJopriate one, and wU11ead to a very poor description. In this case it is not 
even wonh to ask for an explanation, and search can continue in other directions. 

The SU'ategy is as follows. Suppose that n is the node (description) being expanded and m is 
the node obtained after applying an operator (e., .• the selector removal). The eff'on to obtain an 

explanation is made only if the ODQ of m is sipificantly better than that of n. In this case, the 

explainer is given the ODQ evaluations of both descriptions and asked for an explanation. The 
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It is wonh noting that in the case of operators CR (complex removal) and SR (selector 

removal), the PAl heuristic can be significantly simplified by using an approximation: 

PAl' _~ #N 
- #TP - #TN 

where iP (iN) is the number of positive (negative) examples covered by the compOnef11 

(complex or selector) to be removed. Such a heuristic is very efficient because it needs to b~ 

computed only once for·every selector and every complex in the initial description. This 

computation can be done before the search suns. and does not need to be repeated for every node 
in the search. 

The operator that leads to the largest PAI is chosen. and applied to the description under 

consideration. The descriptions generated on the basis of PAl are then subjected to an evaluation 
byGDQ. 

3.4•.1 Searcb Algorithm 

The search procedure is described by the following algorithm: 

1. 	 Identify in the search tree the best description D (one with the highest GDQ). Initially. Dis 

the complete and consistent description obtained in stage 1. 

2. 	 Apply to D the operator (from among CRi • SRij , REij. RCij) that potentially improves 

the GDQ of D the most. according to the Potential Accuracy Improvement (PAl) measure. 

CRi. Remove the i-th complex from D. 


SRij: Remove the j-th selector from the i-th complex in D . 

REij: Extend the referent of the j-th selector in the i-th complex in D. 

RCij: Contract the referent of the j..th selector in the i-th complex in D. 


3. 	 Compute the GDQ of me node obtained in step 2. If this GDQ is smaller than the GDQ of 

D, then proceed to step 1. As mentioned above. when computing the 

accuracy of a description~ flexible matching is always used. 

4. 	Ask for an explanation of 

(a) the positive examples that cease to be covered (positive exceptions) 

(b) the negative examples that become covered (negative exceptions) 
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values ofCiDQ live the explainer the sense of importance of the request for the searc:h procedure. 

In step S, the CiDQ of the obtained 'IT description is updated after the new lCI rules have 

been added. Since lCI rules are taken into consideration in the CiDQ, new ICI rules will change the 

CiDQ value for a concept. In step 6, the system decides whether to stop or continue the search. The 

stopping criterion is satisfied when the seazch space that has been explored is large (more than Ie 1 

nodes have been expanded). or when no qualitative improvement has been obtained for a long time 
(more than k2 nodes have been expanded since the last CiDQ improvement). Values of lei and k2 

are parameters of the search. When the system stops. the best node in the search space is 

produced. The description corresponding to it becomes the chosen 1T concept description. 

One more characteristic of the system should be mentioned. At anyone time only one 
operator is applied to the selected (best-quality) node. Therefore. the new node can be selected if 
its quality is better than the quality of the father node. This is different from standard search 
procedures. where all the applicable operators are used for the selected node (node expansion). 

This choice was incroduced because the creation of a new node involves the computation of its 

quality, which, in some cases, can be time-consuming. To avoid generating low quality nodes, 

the best applicable operator is selected on a heuristic basis. and only this one is applied. Other 
operatOrs are used only if the results obtained on this seazch branch tum out to be unsatisfactory. 

3.4.3 An Abstract Example 

An abstract example of the search process is given in Figure 3.6. The nodes contain BCR. 
lCI. and a graphical representation of the covered examples. 

The tree is kept in the memory throughout the search. The rectanplar areas denote 

complexes (or rules) in the BCR. The modification of the concept borders due to the leI 
interpretation is marked by curved continuous lines. To simplify the terminology, a complex is 

called a JUle. and a selector is called a condition (briefly, a.cond). 

In the example, the accuracy is computed according to the formula discussed in Section 
3.3.4. assuming the same typicality for all instances. The initial description is represented by node 
1. and contains two JUles (complexes). The JUles cover two corresponding rectangular areas in the 
graphical representation, containing five positive examples out of eight. and one negative example 

out of five. The ICI extends this coverage by recognizing one more positive example. By 

eliminating condition (selector) s 5 in the second complex node 3 is obtained. The accuracy of the 



description is now improved since all positive examples are covered. 

o - -... 

5 cends 

® 

BCR 
s I &. 52 

... ICI 
... 

Accuracy: 0.76 
Complexity: 2 rules 

BCR - ~ -­ ~ 
... ... -+ 

sl ~-
53 &. 54 &. 5S ... 

Accuracy: 0,52 
Complexity: 2 rules 

4 conds 

... ~. 

ICI-
--..,-..- ~~ 

~BCR ... ~... ~ ICI... 
s I &. s2 

IJ~
.".,1-.. ... ... 

1­53 &. 54 

iruncate 54 

-
:'l7~BCR 

!t- ICI 
s I &. s2 1­ [)~ ~ 53 .. ... ... ... 

Accuracy: O.7Q 
Complexity: 2 rules 

3 conds 

Accuracy: OgQ 
Complexity: 2 fules 

4 conds 

.@ 
1Truncate 

first rule 

BCR 

s3 &. s4 

Accuracy; O.Q2 

Complexity: I rule 


2 conds 

Figure 3.6. An illusaation of the search process. 

Finally, by removing the flI'St complex node S is generated. It does not cover negative 
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examples any more, and is simpler. This node is then accepted as the improved description 

resulting from the search. The other nodes lead to inferior concept descriptions with respect t'l 
GDQ, and are discarded. The quality has been computed with Wl - w2 - 0.5. For clarity. the 

cost is omitted, and the simplicity of the ICI is not taken into account The simplicity of the BCR is 

evaluated by the number of rules and conditions. 



CHAPTER 4 

EXPERIMENTAL RESULTS 

OF POSEIDON 

POSEIDON was experimentally applied to two different problem domains: labor 

management contracts and congressional voting records. Specifically, it was used to acquire 
discriminant descriptions for acceptable/unacceptable labor management contraCts, and voting 

behavior of republican/democrat congresspersons in the U.S. House of Representatives. Below is 
a brief description of the data used in the experiments. 

4.1 Experimental Data 

The data about labor-management contracts was taken from Collective Bargaining. a review 

of current collective bargaining issues published by the Government of Canada through its 

Depanment of Labor. The data given in Collective Bargaining describes labor-management 
contraCts which have been currently negotiated between organizations and those union locals that 
count at least SOO members. 

The raw data is divided into economic sectors. Each contraCt is described by a number of 
attributes. Since the attributes vary between economic sectors, all data used in the experiments 
were selected from one sector. personal and business services. This sector includes unions 
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representing hospital staff, teachers, university professors. social workers and certain classes of 

administrative personnel of various organizations. The data use multivalued atnibutes. and 

therefore VLl is an obvious choice as a description language. 

The data describe contracts fmalizcd in the second half of 1987 and the flrst half of 1988. 
Each contract is described by sixteen attributes, belonging to two main categories. One category 

concerns issues related to salaries, e.g., pay increases in each year of contract, the cost of living 

allowance, a stand-by pay, etc., and the second category concerns issues related fa fringe benefits. 
e.g., different kinds of pension contributions, holidays. vacation. dental insurance, etc. Positive 
examples represent contracts thal have been accepted by both parties. Negative examples represent 
contract proposals deemed unacceptable by one of the parties. The training set consisted of 18 

positive and 9 negative examples of contracts; the testing set consisted of 19 positive and 11 
negative examples. Here is a typical acceptable labor-management contract: 

Duration of the conttac:t • 2 years 
Wage increase in the first year • 1.5'11 
Wage increase in the second year. 3.5'11 
Cost-of-1iving-allowance. unknown 

Hours of work/per week • 38 
Pension offer. none 

Stand-by pay • $O.l2/hr 
Shift differential. second shift is paid 25'11 more than first shift 

Educational allowance is offered 

Holidays /per year. 11 days 
Vacarion offer is better than average in the industry 
Long term disability insutance is offered by the employer 
50'11 dental insurance cost is covered by the employer 
Bereavement leave is available 

Employer-sponsored health plan is not mentioned 

which is represented in VL1 as : 

[Our • 21 [wage I • 1.5] [Wage2 • 3.5] [cola • unknown] [Work-hours • 381 [pension =­
none] [Stby-pay • 12] [Shift-diff. 25] [Educ-allw • true] [Holidays. 11] [Vacation. 
bener][lngmn-disabil. true] [Dnd-ins • half) [Bereavement. true] [Empl-bplan • unknown1 

u.s. Con.gress voling r~cord 
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The second application was concerned with the U.S. Congress voting records. The same 
data set as used by Lebowitz (1987) in the experiments on conceptual clustering were used here. 

The data represent the 1981 voting record for 100 selected representatives. The data set was split 

randomly into a training and testing set, with voting records of democrats entered as positive 

examples. and voting records of republicans entered as the negative ones. The goal was to obtain 

discriminant descriptions characterizing democrat and republican congressmen. Here is an instance 

of U.S. Congress voting record of a democratic congressman: 

Draft registration =no 
Ban of aid to Nicaragua = no 
Cut expenditure on MX missiles =yes 

Federal subsidy to nuclear power stations =yes 
Subsidy to national parks in Alaska :II yes 
Fair housing bill • yes 
Limit on PAC contributions =yes 
Limit on food stamp program =no 
Fedc:ral help to education =no 
State. nOM east 

Population • large 

Occupation • unknown 
Cut in Social Security spending. no 

Federal help to Chrysler Corp. • vote not registered 

4.2 Description of Experiments and Illustration of Results 

The above data were used in a series of experiments on testing the proposed method. the 
previous method implemented in AQlS. an exemplar-based method and the method based on 
pruned decision trees. The experiments included the following steps: 

1. 	 Learning a CC description from the training examples by applying the AQIS program. 

2. 	 Determining the "top rule" description on the basis of the CC description, using the TRUNC 

method (Michalski et al., 1986). Such a description consistS of a single rule selected from the 
CC description generated by the AQIS program. It is the rule that covers the maximum number 
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of positive examples among all other rules in the CC description. The top rule description is 

easy to determine, becau.se the AQ IS generates rules together with measures indicating the 

number of examples covered totally and uniquely by each rule in the description (the so called 

t-weight and u-weight; see below). In the method. one top rule description was generated for 

the positive examples of the concept. and one for the negative examples, i.e., from a CC 

description of the negative examples. An instance was classified to the concept if it beSt 

matched the top rule description of positive examples. and was rejected if it matched the top 

rule description of the negative examples. Ifboth descriptions were matched with roughly the 

same degree of match. than the instance was classified as "no match." Using such adescription 

with flexible matching n=presents a simple but important version of the 17 method (Michalski. 
1990). 

3. 	 Optimizing the CC description using the POSEIOON SO-TRUNC procedure. 

4. 	Testing all the above descriptions (CC. Top rule and Optimjzed 1T rules) on the testing 

examples. 

S. 	 For comparison. the descriptions obtained by other methods, specifically, a simple exemplar­

based learning approach and the decision tree leaming algorithm ASSISTANT, ~ tested. 

To illustrate the difference between the CC descriptions generated by AQIS. the top rule and 

the optimized descriptions created by POSEIDON. below is a sample of these descriptions in the 

labor management domain. The input data consisted of 18 positive and 9 negative examples of 

acceptable labor contracts. Figure 4.1 shows the complete and consistent description produced by 

AQIS. In the figure. t represents the t-weight, which is the total number of examples covered by a 

rule. and u represents the u-weight, which is the number of examples uniquely covered by the 

rule. 

The top rule (Figure 4.2) is obtained by selecting the rule with the largest t-weight from the 

CC desc:ription of each concept. 

By applying the SO-TRUNC method to the CC description. the following optimized 11 

description was obtained (Figure 4.3). 

http:becau.se


(contract-duration >11Uwaqe_incr""yr2 >3.0'1'[thoUdays >10]: (t=ll,w=lll 

or 

[waqe_incr""yrl > 4.5'1: 

or 

or 

(waqe_incr""yr1 > 4.5\] , [.holidays > 91: (/=l,w=l) 

or 

[waqe_incr""yrl > 2.0'] , [vacaeion - above_averaqe]: (/=1.,,=1) 

: : > Accept&ble contract 

[waqe_incr""yrl - 2.0\ .. 4.0'J , [.holidays < 101 , 

[vacation - below_averaqe v averaqe] : 

or 

[waqe_incr""yrl ~ 4.5\1 , (waqe_incr""yr2 ~ 4.0'1 , 

(holidays - 10) , [vacation - below_averaqe v averaqe) : (t - 2." - 2) 
or 

[duration - 11 , [waqe_incr""yrl < 4.0\] , [.holidays < 101' 

[vacation - below_averaqe v averaqe]: 

[waqe_incr""yr1 ~ 4.0%] , [waqe_incr""yr2 ~ 3.0'] , 

[vacation - below_averaqe v averaqe) : 

or 

[duration - 1] , [waqe_incr""yrl ~ 4.0']' 

[vacation - below_averaqe v averaqe] : 

or 

(waqe_incr-yrl - 2.0\] , [waqe_incr""yr2 ~ 3.0%]: (t-l.".l) 

: : > O',a.cce,Pf:&ble contract 

Figure 4.1: The CC descriptions generated by AQ 1 S 

The BCR of the optimized descriptions are significantly simpler than the CC descriptions 

generated by AQlS. They seem to represent the most impon&nt characteristics of the labor 
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management conaaets: a contraCt is acceptable when it offers a significant wage increase (the first 

twO complexes in Figure 4.3). or it offers many holiday days, or the vacation is above average. 

BCR: 

[contract-duration >1]5[vaqe_incr..,Yr2 >3.0'l,[tholidays >10]: (I-11J1-11> 

: : > AC'C'.'p~&bl. C'012~raC'~ 

[vaqe_incr-yrl - 2.0' .. 4.0'] , (.holidays < 10] , 


(vacation - belov_averaqe v averaqel: 


: : > O'12aC'C'.'p~&bl. C'o12traC't 


ICI: Flexible matching 

Figure 4.2: The top rules generated by !RUNC method 

The training events that were not correctly classified by the aCR, as it was modified step by 

step during the search. were analyzed by a domain expen. who provided deductive rules allowing 

the system to classify almost all the training events (one of them could not be explained by the 

expen). Let us consider the ICI rule: 

The rule addresses the case of a contract with a low wage increase in the first year. and an even 

lower increase ia the second year. In those circumstances, the holiday and vacation offered do not 

matter and me con1l"lCt is wwxeptable by the union. 
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descriptions include many specific rules, leaving little space for the "no match" cases (3%), in 

which flexible mau:hing could help. Secondly, the descriptions consisted of only disjoint rules, as 

the program was run using the "disjoint cover" parameter. In such a situation, the "multiple match" 

cases do not occur, and flexible matching cannot help. 

Simple E;remplar-bgsed Descriptioll 

Labor-mgmt problem (Labor): 27 rules and 432 conditions 

Congn:ss problem (Congn:ss): 51 rules and 969 conditions 


Correct Incorrect No_Match 
Labor Congress I..JJbor Congress Lobor Congress 

Strict Match 

Training Set 100% 100% 0% 0% 0% 0% 


Testing Set 0% 4% 0% 0% 1~ 96% 


1·Nearest Neighbor 
Training Set 100% 100% 0% 0% 0% 0% 

Testing Set 77% 86% 23% 14% 0% 0% 

3·Nearest Neighbors 

. 	 Training Set 100% 100% 0% 0% 0% 0% 

Testing Set 83% 84% 17% 16% 0% 0% 

5.Neare.' Net,hbor 

Training Set 100% 100% 0% 0% 0% 0% 


Testing Set 80% 84% 20% 16% 0% 0% 


Table 4.1: Results of Experiment 1. 

The above results are similar to those obtained in the previous experiment, which used an 

exemplar-based approach (Table 4.1). The main difference is that the AQ descriptions are much 
simpler in terms of the number of rules and the number of conditions involved (11 vs. 27 rules in 
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the labor management problem.. and 10 vs. 51 rules in the congress voting problem). The simpler 

descriptions allow the system to be more efficient in the recognition mode. 

The third experiment (Table 4.3) tested the, top rule descriptions determined from the above CC 

descriptions. as described above. As shown on Table 4.3, the performance of this rule on testillg 

examples using flexible matching was comparable to that of the CC and factual descriptiors 

generated in the previous experiments. A significant difference between this description and th ~ 

previous two was in the complexity of the description (2 vs.ll vs. 27 rules in the labor 

management problem.. and 2 vs. 10 vs. 51 rules in the congress voting problem). Each concept is 

described by one rule. Two concepts are involved in both domains, so each domain is described 

by two rules. It is quite interesting that so simple rules perform at the same level. or even better in 

some cases. than much more complex descriptions generated in previous experiments. 

The fourth experiment (Table 4.4) tested the optimized descriptions generated by the method 

described in chapter 3 and implemented in POSEIDON (Le., based the SO·TRUNC method). The 

descriptions were tested using flexible matching alone (Flaible Match) and in the combination 

with deductive matching (Deductive Match). For comparison, the performance of these 

descriptions using strict matching (Strict Match) was also evaluated (though this would be an 

impractical combination). As expected. these descriptions used with suict matching give relatively 

poor performance. 

The optimized descriptions (BCR) combined with deductive matching (lCn gave the ~st 

performance (9()..92% correa). When used with only flexible matching, the performance is slightly 

lower. but still better than descriptions used in the previous experiments. This high performance 

seems to be primarily an effect of applying the description quality measure that uses all three types 

of matching (strict. flexible and deductive) during the learning process. This is one of new features 

of the system. not present in the earlier work (e.g.• Bergadano and GiordanI. 1989), where 

deductive malChinI is inU'Oduced only after the leaming phase is completed. 

The oprimized. descriptions are simpler than CC descriptions, although they include the ICI 

rules. They are more complex than the top rule descriptions, which are the simplest. For the Labor 

data problem, descriptions applied with deductive matching produced significantly higher 

perfonnance than when used with only flexible matching (90 vs. 83%). For the Congress data 

problem.. the performance was the same for the two matching methods. This is because no 

deductive rules were acquired in the problem. 



BClt: 

[waqe_incr-yrl > 4.5'] v 


(waqe_incr-yr2 > 3.0\] v 


[tholidays > 91 v 


(vacaeion period - above_averaqel ::> 


Acceptable contract 

[waqe_incr-yrl S 4.0'] , [tholidays < 10]v 

(waqe_incr-yr2 S 4.0\] & (vacation - below_averaqe v averaqel v 

(tholidays < 10] v 

(duration • 1] & (waqe_incr-yrl S 4.0']v 

(waqe_incr-yr2 S 3.0\] ::> 

Unacceptable contract 

rcr: 

flexible maechinq and deductive matchinq usinq rules: 

(waqe_incr-yrl~5.5']&(vacaeion - below_averaqe] ::> 

Acceptable contract 

Unacceptable contract 

Unacceptable contract 

Figure 4.3: Optimized IT descriptions obtained by POSEIDON 

using the SG-TRUNC procedure 

so 




4.3 Results of Experiments 

Four experiments have been performed. In each experiment. the number of events correctly 

and inCOIreCtly covered. by both descriptions was determine4. as well as the number of events that 

were not covered by either concept. This was done both on the training set and on a testing set of 

examples (not previously seen by the system). The results of the three experiments are summarized 

in Tables 4.1 to 4.4. Correct (incorrect) states the percentage of the number of testing events that 

were correctly (incorrectly) classified. The No_Match counts examples that marched no rules. In 
each experiment. the same training and testing sets were used. 

The fust experiment (Table 4.1) used an exemplar-based concept description, i.e., a 

disjunction of the training events. also called a/acIUlJi description. 

This description is obviously complete and consistent with regard to the training set. The fll'St 

part of Experiment 1 applied this description to the testing examples usinl the Strict MtIlch method 

(i.e., a new example must match exactly some training example to be classified). In this case, as 

expec:;ted, the description had almost no predictive power. It produced a No_Match answer for all 

testing examples of the labor contract data (100% No-March), and for 96% resting examples of the 
congress voting data (2 examples were the same in training and testing sets). 

Next parts of Experiment 1 tested simple forms of an exemplar-based leaming method. The 

I-Nearest Neighbor row in the table lists results from applying the factual description with the 

matching method similar to the one described. in (Kibler and Aha. 1987). A given testing example 

is matched apinst all training examples and the example that gives the best fu is found. The class 

of this "best fit" training example is assigned to the testing example. Our measure of fit differed 

slightl y from the one described in (Kibler and Ah~ 1987), as the latter uses the maximum 

function for evaluating a disjunction. while our flexible matching uses the prolHlbilisfic sum 

(section 3.2). We also tested other nearest neighbor methods (3-N and S-N), in which instead of 

one. several best fit &raiDing examples are used to detennine the class of the testing example 
(applying the Jm.jority rule). 

The second experiment (Table 4.2) used concept descriptions generated by AQIS without 

trUncation. Such descriptions are consistent and complete (CC) with relard to the traininl 

examples. i.e •• they classify all training examples l()()% correct when using the strict matching 

method. The flexible matching method did nOl change this result. For the testing set, the number of 

correct clasSifications was relatively high (8()"86"). the same for the strict and flexible matchinl 

methods. Flexible matchinl made no difference. probably due to tWo factors. Fustly. the CC 



Comlliete and Consistent DescrilltioD (No truncation) 

Labor-mgmt problem (La.bor): 11 rules and 28 conditions 


Congress problem (Congress): 10 rules and 32 conditions 


Correct Incorrect No_Match 

i..J:lbor Congress U1bor Congress U1bor Congress 
Strict Match 

Training Set 100% 100% 0% 0% 0% 0% 

Testing Set 80% 86% 17% 14% 3% 0% 


Fl.zibl. Match 

Training Set 100% 100% 0% 0% 0% 0% 
Testing Set 80% 86% 17% 14% 3% 0% 

Table 4.2: Results of Experiment 2. 

Th, Xu Rul. DetCriRtion (th. TR UNC ",.thod) 

Labor-mgmt problem (La.bor): 2 rules and 6 conditions 

Congress problem (Congress): 2 rules and 6 conditions 

Correct Incorrect No_Match 
Lflbor Congress U1bor Congress Labor Congress 

Strict Match 

Training Set 52% 62% 0% 0% 48% 38% 

Testing Set 63% 69% 7% 7% 30% 24% 

Fl.zibl. Match 

Training Set 81% 75% 19% 25% 0% 0% 

Testing Set 83% 85% 17% 15% 0% 0% 

Table 4.3: Results of Experiment 3. 



Q,Jtim;:cd DcsCriRtiOR (th. SG·TRUNC m.thod) 

Labor-mgmt problem (Labor): 9 rules and 12 conditions 


Congress problem (Congress): 10 rules and 21 conditions 


Correct Incorrect No Match-
LDbor Congress I..obor Congress Lobor Congress 

Strict Match 

Training Set 63% 84% 0% 0% 37% 16% 

Testing Set 43% 73% 3% 4% 54% 23% 


Flexible Match 

Training Set 8S% 100% 0% 0% IS% 0% 
Testing Set 83% 92% 13% 8% 4~ 0% 

DeductivI Mtltch 

Training Set 96~ 96% 0% 4% 4% 0% 

Testing Set 90~ 92% 10~ 8~ 0% 0% 


Table 4.4: Results of Experiment 4. 

One may argue that deductive matching may be preferred. over flexible matching. Examples 

that are comctly recognized through ICI deductive rules are ipso facto also explained in terms of 

domain knowledge. This cannot be said about examples correctly recognized on the basis of 

flexible matching, as this is due to a knowledge-independent distance measure. This featUre may 

be particularly imponant from the viewpoint of the aescription comprehensibility. To reflect this, 

the quality measure assigns a higher score to a description with deductive matching than with 

flexible marching. 

Table 4 • .5 summarizes the results of an experiment comparing the performance of 

descriptions generated by simple exemplar-based methods. the TT descriptions generated by 

POSEIDON, and pruned decision trees generated by ASSISTANT (a descendant of the Quinlan's 

ID3 program; Cestnik et al., 1987). ASSISTANT was applied with the same learning and training 

data, which were used in the experiments reponed in Tables 4.1, 4.2, 4.3, and 4.4. The decision 

trees obtained by ASSISTANT were optimized using a tree-pruning mechanism (Cestnik et al.• 
1987). 



The performance of concept descriptions is measured by the percentage of training events 

recognized com:ctly by 1 description. The factual description (I disjunction of training examples) 

was applied with the flexible matching function. The complexity of a rule-based description was 

measured by stating the number of rules (#Rules) and the number of conditions (#Conds). The 

complexity of a decision tree was measured by the number of leaves (#Leaves) and the number of 

ncxies (#Ncxies). The number of rules in a rule-based description can be taken as comparable with 

the number of leaves in a decision tree, because for each leaf of the tree one can generate one rule 

(by tracing the nodes from the root to the leaf). The best performance was achieved by the 

optimiued IT description. while the simplest was the "top rule" description. 

As shown in Table 4.5, in this experiment, the optimized IT description both performed 
better and was simpler than the best exemplar-based description and the pruned decision tree. The 

"top rule" description was much simpler than any other description. but performed worse than the 

optimized description and the decision tree. Depending on the desired trade-off. the "top rule" or 

the optimiud description can be taken as the BCR of the concept being defined. 

The above experiments show that the learning method implemented in POSEIOON produces 

descriptions that are both simple and well performing on the testing data. The complete meaning of 

the concept defined by such a description depends on the BeR. the optimized description 

generated through learning, and the ICI (which consists of the flexible matching procedure, 

defmed a-priori. and a set of deductive rules, formulated by the expert). The expert defmes the 

rules on the basis of misclassified examples, which arc determined by the system during the 

learning process. 

If the input data include the typicality of the examples, the method will generate the BCR 

which will tend to cover typical examples. and the ICI which will tend to cover less typical 

examples. When the typicality information is unavailable, as in our experiments. the system will 

propose 1 classification of examples to different classes of typicality. The examples covered by the 

BCR can be caWdered as typical, those covered by flexible matching as nearly-typical. and those 

covered by the deductive rules as non-typical. 

Another aspect of the proposed methcxi is its potential ability to handle noise. Noisy 

examples are usually covered by the "light" rules (i.e., complexes that cover few examples). By 

removing these rules and unimportant conditions the effect of noise is minimized (Zhang and 

Michalski. 1989). Fu~ reseuch should investigate this aspect of the method to a greater detail. 

There is also need to determine the impact of the typicality of the examples on the quality of 

generated concept descriptions. 
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Labor Contras:t Coneress votine 

Simp'e eJemplar.based method 

P,,/O,tftIJItC, 

(~eorrect I ~ Iac:orrect) 


l~MQTest neighbor 77%/23% 86%/14% 
3-MQTest neighbor 83%/17% 84%/16% 
5-MQTest neighbor 80%/20% 84%/16% 

COtft, luitl 
('Rules I ,eoads) 27/432 51/969 
..._-------------------------------------_..._---------------------­
Pruned des:isjon tree 
(ASSIST ANT + PRUNING) 

P'r/II'.lJltef 

(~eorrect I ~ Iac:orrect) 86%/14% 86%/14% 


CII.pl,zjtl 
('Leayes! 'NoeI.s) 29/53 19/28 
....----------..--------------------------_...---------...........................----------....... ----­
Complete and consistent dacnptjon 
(AQlS without rule truncation) 

P"/II'IItIJItC' 
(~/"incamct) 

Co.plutt1 
('Rules I ,Coads) 

Top rule'" das:riDtjQn 
(AQl's with rule truncation) 

P,,/O'IIttlItCl 

(~eorrect I ~ Iac:orrect) 


CII.plull1 

('Rules I IeOH.) 
__..-.••••••••••d.'. • ______ 

Optimized n description 
(POSEIDON) 

P tr/o,IIttlItC, 
(~eorrect " ~ lac:orrect) 

Clllltplultl 
('Rules I 'Coacts) 

• ad 

80%/17% 86%/14% 

11/29 10/32 

83., /17., 85%/15% 

2/6 2/6........________________• ___•__ 


90%/10'1 92%/8% 

9/12 10/21 

Table 4.5. Summary of Ute results of testing descriptions generated by different methods 
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Chapter 5 

THE FLEXIBLE CONCEPT 

LEARNING SYSTEM: FCLS 


This chapter describes an alternative concept representation formalism which is based on the 

idea of the two-tien:d concept representation. and its associated concept learning algorithm. The 

learning approach reponed in this chapter has been implemented. in the Flexible Concept Learning 

System: (FCLS) in Common Lisp on a Sun 3 workstation. FCLS has been run on various 

domains from artificial to natural. and the description of lhc experimental results is deferred to the 
next chapter. 

5.1 Problems 

In chapter 1. it was stated that the main goal of the research reported in this thesis is to 

develop approaches to represent and leam flexible concepts. The motivations of the research were 

also discussed ill chapter 1. This section discusses some specific problems in representing and 

learning flexible concepts. The rest of the chapter describes an approach that is proposed to solve 

these problems. 

As mentioned in chapter I. flexible concepts usually have imprecise and irregular 

boundaries. their examples have differing degrees of typicality. and they often include some 

exceptional cases. In traditional logic type represenwionst each disjunct can only describe a 

concept with a rectangular boundary. Therefore, a concept with irregular boundaries has to be 
represented by a set of disjunCts. among which many are small (Holte et. al, 1989). A small 
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disjunct covers only few examples. Figure 5.1(a) is a concept with an irTegular boundary. Figure 

5.1(b) shows how the concept shown in Figure 5.1(a) is approximately represented by 4 

disjuncts. Three of the four disjuncts in filUfC S.l(b) are small. 

(a) (b) 

Figure 5.1: the methods for representing a concept with irregular boundary 

One of the difficulties with an inductive learning system is to learn highly disjunctive 

concepts (Renqell. 1988). What makes a concept highly disjunctive is an inappropriate 

representation formalism or an insufficient representation vocabulary. By representation 

formalisms. I refer to the formalisms such as disjunctive normal forms, decision Il'eCS. exemplar 

models. and percepuons. By representation vocabulary, I refer to the terms or concepts used in a 

specific representation formalism. For example, a large number of disjuncts are needed to 

approximate a concept that is linearly separable. Ideally. every concept could be represented by one 
disjunct if the representation (both formaJism and vocabulary) is adequate enough. because there 

must be a unifying principle behind every concept. The term "disjunct" is used here in a broader 

sense than in a ONt:. For example, a linear threshold unit could be viewed as a disjunct, and a 

disjunct o.f a ONF with a similarity measure is called a disjunct. Accordingly, two approaches: 

enrichinl the representation vocabulary (Constructive induction) and selecting an appropriate 

repn:sencation.formaJism (using hybrid representation formalism), were proposed to overcome the 

difficulty ofleaming highly disjunctive concepts (Rendell, 1988; Utgoff, 1988). 

Generally speaking. consuuctive induction is applied to merge distant disjuncts. while hybrid 
representation formalism is applied to merge proximate disjuncts. Distant disjuncts are not 

syntactically sjmilar to each other. Therefore they ca.tlDOt merge unless some new termS which can 
reflect the semantic similarity of the distant disjuncts are CODSauc:ted. All proximate disjuncts are 
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syntactically similar, and form a cluster (peak) which can be packed into one disjunct by some 

hybrid representations. Different clusters may merge through constructive induction. The main 

concern of this chapter is the hybrid representation that merges proximate disjuncts. 

The problem of small disjuncts was Ill'St recognized by Michalski et al. (1986). According to 

the experimental results reponed in (MichaIslci et aI., 1986), when some small disjuncts were 

removed from a complete and consistent concept description, the performance of the description 

was slightly inlproved. Later, Holte et al. (1989) experimentally proved that small disjuncts are 

much more error prone than large ones. To solve the problem of small disjuncts, several 

approaches have been proposed. The simplest approach is to remove all small disjuncts from a 

description. e.g., decision tree pruning (Quinlan, 1987). In some domains (especially noisy 

domains), this approach improved accuracy of concept descriptions. The shon.comings of the 

approach are obvious. First, the description generated in this approach loses the coverage of the 
examples covered by removed small disjuncts. When a concept is highly disjunctive, this approach 
seriously degrades the performance of the generated descriptions. Second, in a dynamic 
environment. concepts drift from time to time, so a small disjunct may gmdually become large. By 

removing small disjuncts, a learning system loses the capability to adapt such a dynamic 

environmenL 

Michalski et al. (1986) removed all small disjuncts, then applied a flexible matching function 

to the remaining large disjuncts to recover some of the loss of coverage. In this way, only the loss 

of coverage from the small disjuncts that are close to some large disjuncts might be recovered. To 

recover the coverage lost from the small disjuncts that are far from all large disjuncts, the 
POSEIDON system described in chapter 3 of the thesis applied a more sophisticated matching 
procedure in which deduction is allowed to match an example with concept descriptions. The 

problem with this approach is the difflCUlty in acquiring the rules for deductive inference. 

Holte et al. (1989) suggested different biases should be used for large and small disjuncts, 

with a maximum generality bias for large disjuncts and a selective specificity bias for small 

disjuncts. The hybrid representation described in next section provides an alrmtative approach to 

handle the' problem of small disjuncts. Small disjuncts may occur in two cases. First. when a 

concept has in'egular and imprecise boundaries, small disjuncts are generated to describe the 
boundary examples. Second, flexible concepts often include some exceptions, small disjuncts arc 

generated to describe these exceptions. In the approacb presented in this chapter, small disjuncts 

that cover boundary examples may merge under the hybrid representation introduced in next 

section. while the small disjuncts that cover exceptions are replaced by exemplars. 
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As discussed before, each flexible concept often has a central tendency that is described all 

relevant properties of the concepL Some of the relevant properties are more imponant than the 

others. An instance of the concept may only possess some of the relevant properties instead of all 

the relevant properties. An event with more relevant properties is more typical than one with fewer 
relevant properties. An eVent with more imponant properties is more typical than one with less 
imponant properties. In other words, all events that possess all the relevant properties form the 

center of the concepL The events close to the center are more typical than the events further from 
the center. The boundary of the concept with such a central tendency is often imprecise. The 
probability of an event's belonging to the concept decreases with its distance from the center. The 

classification of boundary events of the concept is highly uncena.in. 

The description of such a concepts should be graded so that the events near the center have 
higher values of match with the description than the events near the boundary. The problems are: 

1. How to represent and leam the central tendency. 
2. How to represent and decide the boundary. 

3. How to represent and leam the importance of a relevant property. 

The rest of the chapter address these problems. 

5.2. Concept Representation 

This section inrroduces the hybrid concept representation used in FCLS. FCLS represents a 

concept as a disjunction of extended complexes and a set of exemplars. An extended complex 
consists of a base complex, a set of weipts. a threshold, and a similarity measure. In addition. 
each extended complex has a certainty value. A base complex is equivalent to a disjunct 
represented in VLl (Micbalski. 1983) as a conjW'JCtion ofconditions called selectors and represents 
a central tendency of a concepL The weights are the degree of necessity (imponance) of 
conditions, while the threshold defines the boundary of an extended complex. The similarity 
measure determines the degree of tit between an event and a base complex. The similarity between 
an event and an exemplar is also decided by the similarity measure. The exemplars are a set of 
selected examples. An extended complex describes a cluster (peak) of a concept whose central 
tendency is described by the base complex of the extended complex. The exemplars represent 
exceptions. 

In this representation, each extended complex is two-tiered. its base complex is the first tier. 
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its weightS, threshold and the similarity measure constitute the second tier. Therefore, this hybrid 

representation can be viewed as a simple form of the two-tiered concept representation. It is simple 

because it does not include any inference rules. Following subsections describe each of the 

components of the representation in detail. 

5.2.1 Base Complex 

A base complex is represented in the same way as a complex in POSEIDON. To be 

complete, I repeat the-pan of the defmition of a base complex. A base complex is represented as a 

complex by the attribute based Logic System VLl (Michalski, 1983), A complex in VLl is a 

conjunction of selecton. A selector is of the form: 

[L#R] 

where the attribute L is called the referee and R is called the referent, which is a set of values from 
the domain of L. The symbol # denotes one of the relational symbols =, <. >, S.~••. Complexes 

and selectors correspond to disjuncts and conjuncts of a disjunctive normal form. respectively. In 

the current implementation of FCLS. only nominal and linear attributes are allowed. 

5.2.2 Syntactic Similarity Measure 

The syntactic similarity measure (SSM) measures the degree of fit between an event and a 

base complex. The specific SSM used in our current implementation maps an event from the set E 

and a base complex from the set C to a real value between 0 and 1, which is the degree of tit of the 

event to the complex. 

SSM: E x C -> [0..1] 

The SSM of an event e and a base complex cpx is defined by a nonnalized distance measure 

oIS as follows: 

DIS(e. cpx) 
SSM(e. cpx) =1 . MAXDIS(cpx) 

where MAXDIS (cpx) is the maximum distance between events in the set,E and the complex cpx. 

DIS(e. cpx) is defined as a weighted sum of the distances between the event' and all selecton of 
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the complex cpx: 

DIS(e. cpx) =: L Wi ... SELDIS(e. selu 

where Wi is the weight which reflects the necessity of the selector seli in the complex. Weights ate 

calculated during learning. Weight learning methods will be described in section 5.4.4. SELDIS:e, 

seli) is the distance between the event e and the selector seli. Suppose that the selector sel is [x = 
ajp V••• v, ajm].SELDIS(e. seI) is then defined as 

o 
if x is nominal and e si covered by sel1

SELDIS(e, sell • { 	 if x is nomianl and e is not covered by sellindis(ak. sel) 
if x is linearMax 

where 	 Max=- maxi.l .....n (dis(ai. sel)}, 

lindis(ak, seI) =: mini.jl .._Jm (Ii· kl) 

It is assumed that the domain of the selector x is the orderec:llist (al. a29... .an)9 and lit is the 

value of x of the event e. For example. if the domain of x is [0 .. 10], the value of x for the event e 
is 4 and the selector sei is [x=:7 .. 9], then SELDIS(e, sel) .,7.- 6=: 3n. 

5.2.3 Exemplars 

In section 5.1. we discussed the problem of small disjuncts. In the representation proposed 

in this section, the small disjuncts that cover exceptions are replaced by exemplars. In this 

subsection. I shall discuss some of the advantages of replacing small disjunCts with exemplars. 

and show some empirical results. 

A disjunct that coven a small area in event space often includes many more conditions 

(conjuncts) than a disjunct that coven a large area.. It ~s more time consuming and enor prone in 
leaming such small disjunets than large ones in an inductive learning system that performs general· 

ta.specfic search. In such an inductive learning system. the search starts from the most general 

disjunct. and gradually adds more conditions to spedaH1-C the most general disjunct until a disjunct 
that satisfies some criteria is found. It is possible to select a wrong condition to add to the current 

disjunct in each step of the specialization process. A disjuDct including more conditions needs 
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more steps to generate. so it is more error prone and time consuming. Many inductive learning 

systems, such as ID3, PL.l and CN2, Fo...s, perform a general-to-specific search. 

In contrast, an exemplar-based approach may work better for a small disjunct than a large 

one. As mentioned above a small disjunct includes many conditions, that is. many attributes are 

relevant and few are irrelevant. An exemplar-based approach is sensitive to the number of relevant 

attributes. Usually, the fewer im:levant attributes. the better the approach works. 

Two experiments have been conducted to confirm the above arguments. The domain consists 
of 8 nominal anributes. each of which bas four values. Two concepts. positive and negative. are 
involved in the experiments. In the (U'St experiment, both positive and negative concepts are 
described by one disjunct. The number of attributes involved in the twO disjuncts is varied, the 
more attributes are involved, the smaller the disjuncts become. In the second experiment, only the 

number of attributes involved in the positive concept is varied, the negative concept is simply the 

complement of the positive concept; Two learning systems, an inductive learning system and an 

exemplar-based learning system, were applied to leam these two concepts. The learned concepts 

were tested on the test sets. The results are shown in Figure S.2. The inductive learning system 

used in the experiments is similar to CN2 and was implemented as a pan in FCLS. and the 
exemplar-based learning system used is similar to the Growth algorithm (Kibler and Aha, 1987). 

The ratio of the number of training examples of the positive class and the number of the total 

examples of the positive class is kept constant; Figure S.2(a) presents the results of the first 
experiment; Figure S.2(b) shows the results of the second experiment; In both experiments. Fo...s 
was given a value 1 for MAXSTAR which is a parameter that limits the maximum search space. 
When MAXSTAR is equal to 1. the search is equivalent to bill climbing. 

In both Figure S.2(a) and Figure S.2(b), the accuracy of the descriptions generated from the 

exemplar-based leaminl method sharply increases when the number of relevant attributes 

increases., The results are consistent with the arguments that the fewer the number of irrelevant 
attributes, the better the exemplar-based approach works. A small disjuna often bas more relevant 
attributes, so the exemplar-based approach may work better for small disjuncts than large one. In 

Figure S.2(b), the accuracy of induced descriptions degrades very fast; This contrasts with Figure 

S.2(a), where the accuracy of induced descriptions only slighdy degrades. This difference can be 

explained as follows. In the first experiment, the number of amibutes for both concepts increases 
simultaneously. When more attributes are involved in these two concepts, only a small pan of the 
whole event space is covered by the two concepts. TherefCl'C, an overgencraliz.ed disjunct does not 

cause too much error. 
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Figure 5.2. Variacion of accuracy with the number of relevant aaributes 

Another advantage of replacing small disjuncts by exemplars involves a dynamic 

environment in which the meaning of a concept may drift from time to time, possibly resulting in a 

small disjunct gradually becoming larger. A small disjunct is generalized from a small set of 

examples. When a description is generalized from examples, some information is lost. especially 

when the description is generalized from a small set of examples. Ifexemplars are stored, instead 

of small disjuncts, as descriptions, the information lost may be less. If more examples come later. 
these exemplars together with new examples can be generaliD:d to a large disjunct. 

. An exemplar is a special case of a base complex and is represented in the same way as a base 
complex. An exemplar is one of the most specific base complexes, and has a selector with only 

one value for each attribute. In the hybrid representation reported in this section, an exemplar is 

also viewed as an extended complex whose threshold is 1. Each selector of an exemplar has a 
weight. the method to compute the weight will be described in section 5.4.4. The similarity 

measure discussed in the previous section (section 5.2.2) is also applied to measure the degree of 

fit between an event and an exemplar. 

5.%.4 Weights 
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Each selectar of a complex is associated with a weight which reflects the degree of necessity 

of the selector under the complex. Its value ranges from 0 to -. 'When the weight of a selector of a 

complex is equal to Ot the selector is totally iJTelevant. and plays no role in the complex. This 

occurs vert. seldom.. because iJTelevant attributes are often dropped during learning. 'When the 

weight of a selector of a complex is equal to -t the selector is a necessary condition of the complex 

and has to be satisfied. Except 0 and -t any other value of a selector weight reflects the relative 

imponance of the selector in comparison with the other selector in the same complex. For example. 

if the weight of all selecton of a complex are equal t alt"the selecton are equally important 

regardless the value of the weights of these selecton. The importance of selecton that are in 

different complexes is not comparable. Weights are computed during learning. Two weight 
learning methods will be described in section S.4.4. 

S.l.S Threshold 

In addition to weights. each extended complex is associated with a threshold that is a real 

number between 0 and 1. The threshold of an extended complex defines the boundary of the 

complex and is used to determine the classification of events based on the degree of fit between 
events and the complex. An event is covered by an extended complex if its degree of fit to the 
complex is nor smaller than the threshold. 

A threshold of an extended complex partially determines the distribution of the meaning of 

. the extended complex between its base complex and the similarity measure. When the threshold of 

an extended complex is equal to 1. the extended complex is equivalent to its base complex. The 

extended complex with the threshold 0 covers the whole event space. The smaller a threshold of an 
extended complex, the more important role the similarity measure plays in the extended complex. 

The weight ref1ecu necessity of a condition, whereas the threshold can be viewed as the definition 

of the sufficiency of a poup of conditions. The threshold of an extended complex is adjusted so 
that the optimum performance of the complex regarding training examples is achieved during 

learning. 

At fint look. it seems the boundary of an extended complex defined by a threshold is 

precise. In fac~ it is not precise for two reasons. First. an extended complex is JrIded. and all 

events have a degee of tit to the complex. So the classification of the events whose degee of fit is 

close to the t.hn:sI1old is thought highly uncertain and imprecise. Seco~ the boundary defmed by 
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a threshold is funher softened by applying the flexible classification method which will be 

ina-educed in next section ( section 5.3). 

5.1.6 Certainty 

Each extended complex has a certainty value which is defmed as the inverse of the generality 

of the complex. The certainty of an extended complex is used in classifying the unseen events that 

match more than one concept descriptions. such events are called multiple match events. The 

certainty of an extended complex cpx C(cpx) is defined as the ratio of the logarithm of the number 
of positive examples covered by cpx minus the number of negative examples covered by cpx and 
the logarithm of the rota! event space covered by cpx. 

C( ) • 1 + 1012 (PC(cpx) • NC(cpx» 
cpx 1 + 10g2 SC(cpx) 

where PC(cpx) and NC(cpx) are the number of the positive examples covered and the number of 

the Degative examples covered by cpx. respectively. SC(cpx) is the event space covered by cpx. 
The more spa~e cpx covers. the greater the inductive gain (Rendell. 1986). and the less the 
certainty. 

One of the reasons that small disjuncts are error prone is that they are too pnera1. To correct 

this, Holte et al. (1989) proposed that a selective specificity should be used for small disjuncts. It 
is hoped that the use of cenainty can lessen the problem of small disjuncts, because a 

overgeueralizcd complex has smaller certainty so that the less generali.zed complex is preferred if 

an event matches two complexes. An exemplar has the highest certainty 1. 

5.2.7 Examp'es 

To illuSU'ate the idea of the hybrid representation described in the previous subsections. let us 

consider a simple imaginary concept "R·balltt (Michalski. 1990). The meaning of the concept R­

ball is defined as three disjuncts: 

(SHAPE • round) " (BOUNCES. yes) or 
(SHAPE. round) " (SIZE. medium v larae) or 
(BOUNCES. yes) " (SIZE. medium v large) 
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By usina the hybrid representation inll"Oduced above. these three disjuncts merge into one extended 

complex: 

[SHAPE • round]: I 

[BOUNCES • yes]: I 
[SIZE. medium v larae]: 1 

2 
Threshold • 3' • 0.67 

The number followina a selector is the weight of the selector. The base complex: 

(SHAPE • round] & [BOUNCES. yes] & (SIZE. medium v larae] 

represents the central tendency of the concept R·ball. all of the three selectors are equally 

imponanL The meanina defined by the extended complex is thai: an object thai: satisfies any two or 

more of the three selectors is a a·ball. otherwise it is not a a·ball Furthermore. it tells that balls 

thai: satisfy all of the thn=c selectors are typical a·balls, while those which only satisfy two of the 

three sc1ccton are less typical a·balls. 

Now suppose the meanina of the concept R-ball chanaes a little. and all R-balls must be 

round. The new meanina of the concept R-ball is defined by two disjunCts: 

(SHAPE • round) & (BOUNCES • yes) or 
(SHAPE. round) & (SIZE =medium ~ larae) 

These two disjuncts are combined into one extended complex: 

[SHAPE. round]: 00 

[BOUNCES =yes]: 1 
[SIZE = medium v large]: 1 

1 
Threshold • '2 • 0.5 

In this extended complex. the selector [SHAPE. round] is necessary, and must be satisfied by all 

R·balls. The other two selectors are not necessary, and one of them must be satisfied by a R·ball. 

Suppose that the attribute SIZE is linear and the order of its values is small. medium and 

large. The extended complex reprcscnlina R-ball becomes: 

(SHAPE. round]: 00 
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[BOUNCES - yes]: 1 
[SIZE -large1: 1 

I
Threshold - 4: - 0.25 

Under this extended complex. the R·ball whose size is large is more typical than the R-ball whos: 

size is medium. For example, let us consider the twO R·balls RbI (round yes large) and Rb:' 

(round yes medium). The degree of fit of Rb1 and Rb2 to the extended complex is I and 3/4. 
respectively, so RbI is more typical than Rb2. 

5.2.1. Discussions 

In the sections 5.2.2 to 5.2.6, a hybrid concept representation based on the idea of the two­

tiered concept representation was proposed to represent flexible concept. In the previous sections. 
it is simply discussed that how this hybrid representation handles the problems thai flexible 
concepts may cause. such as imprecise and irrel1llar boundaries. highly disjunctive concepts. 
small disjuncts. and events with different typicality. This subsection funher discusses bow these 
problems are tackled in the proposed representation. 

Before funher discussion, let us first see how a flexible concept is represented in the hybrid 
representation. In Figure S.3, the area inside the irregular shape is the area covered by a flexible 

concept which is represented by an extended complex (the oval in the figure) and 7 exemplars (+'s 

in the figure). The rectangle inside the oval is the base complex that captures the central tendency 

of the concept. 

In section 5.2.7, I showed some simple examples of the representation. In this section. some 

more complicated examples are liven. 

Let us first consider the simplest case: all attributes are nominal and all weights of selectors 
of a complex- are equal to 1. In this case, the extended complex describes a concept that has the 
form "at least It of n conditions are satisfied", Such an extended complex consists of n selectors, 

weights of all selectors are equal to I and its threshold is kin. This kind of extended complexes is 
similar to criteria tables which are useful as a knowledge representation for expert systems. 

especially in medical domains (Spackman. 1988). Such an extended complex merges n!/(k! • (n· 

It)!) disjuncts. 
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/)po+-_",", extended complex 

base complex 

'---.... concept boundary 

......,.~....~ 

Figure S.3: how a flexible concept is represented by the hybrid representation 

The following examples was used to test the proposed representation and its associated 

learning algorithm. the results from this example will be reponed in section 6.2.1. In this example. 

the target concept is defined by 7 conditions, of which S or more should be satisfied. This concept 
is described by the following extended complex: 

[XI-OV 1]: 1 

[X2 - 0 vi]: 1 

[X3 - 0 vi]: 1 
["4 -Ov 1]: 1 

[xs·Ovl]:1 

[XC) - 0 vi]: 1 
[X7. 0 vi]: 1 

S
Threshold - ., 

This target concept has to be represented by 21 disjunctS in a disjunctive normal form. so this 

extended complex merges 21 disjuncts. 

Now a slightly more complicated case is given: all attributes are nominal and the weight of a 

selector may have one of two values: +- and 1. In this case, an extended complex includes two 

kinds of selectors: necessary selectorS and unnecessary selectors. and all unnecessary selectors are 
equally important. The weights of necessary selectors are +-, whereas the weights of unnecessary 

selectors are equal to 1. Thus. the concept described by an extended complex has the form "the m 

conditions Xh....Xm must be satisfied, and at least k of n - m conditions Xm+I,.... Xn has to be 
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satisfied", Xh•••,xm arc necessary conditions and Xm+lt•••• Xn arc unnecessary conditions. 

A lDCft complicated case is that all attributes are nominal and weights of selectors can be any 

real value between 0 and +-. In this case. an extended complex can represent more complicated 

concepts. For example, the following two disjuncts: 

[xl - 1] & [1.3 - 1] 

merge into the following extended complex: 

[xl - I): 2 

[xl - 1] : 1 

[x3 - 1] : 1 
1 

Threshold - 2' 

The most complicated case is that all attributes arc linear and weigb1:s of selectors caD be ally 

value between 0 aod ...... Let us consider a domain which bas eight linear attributes Xa (1 ~ n ~ 8) 

aod each attribute bas four values O. I, 2 and 3. The target concept is described by the following 

extended complex: 

[Xt-OV I): 2 

[X2-0 v1]:2 

[X3 =Ov 1]: 1 

[X4=Ovl):l 

[XS =0 v I): 1 

[X6=OV I): 1 
S 

ThresboId=S 

This domain was ODe of the domains used in the experiments reponed in next chapter. The 

amibutes are linear, so the concept is very complicated if it is represented as a disjunctive normal 

form. 

Another interesting point of the hybrid representation is that conjunctive constructive 

induction can be applied to merge disjuncts. In a logic type representatiOD, ODly disjunctive 

constructive induction can be applied to merge disjuncts. I show this by an example. Assume tbal a 



[xl =1] & [xl =I] & [x3 =1] or 
[xl = I] & [x4. I] & [,0 =1] 

These two disjuncts cannot be combined into one extended complex unless the other four 

disjuncts: 

[xl =1] & [xl =1] & [x4 =1] 

[xl = 1] & [xl = 1] & [,0 =1] 

[xl = 1] & [x3 = 1] & (x4. 1] 

[xl =I] & [x3 =1] & [,o-l] 

are also included in the concept C. But after applying the following conjunctive consauctive 
induction rul~ 

[x6 =1] <•• [xl =1] & [x3 = 1] 

[x7 = 1] <- [x4 = 1] & [,0 = 1] 

two new anributes x6 and x7 are consaucted and the two disjuncu merge into the followiDl 

extended complex. 

[xl = 1]: +­
[x6 - 1]: 1 
[x7 = 1]: 1 

1
Threshold =2' 

The hybrid representation is flexible and can be dynamically adjusted durinl leaming by 

adjustinlthe distribution of extended complexes between their base complexes and the similarity 

measure, and the disuibutioD of a concept meaninl between lencral descriptions and exemplars 

accordinl to the concepts to be learned. The distribution of an extended complex is adjusted by 

changing its threshold., and the adjustinl of the distribution between general descriptions and 

exemplars is conuolled by two. user defined parameters which will be described in next section. 

By changinl the weilhts of the selectOrS, one can chanle the shape of an extended complex. By 

changinl the threshold., one can chanle the size of an extended complex. 

At one extreme of the distribution, an extended complex is equivalent to a disjunct in DNF. 

In this case, the tbreshold of the extended complex is 1. At the other extreme, an extended can be 

viewed as an best exemplar model (or prototype). At this extreme, the base complex of the 

extended complex is diminished to a single event which is a cent=' of a cluster. Between these two 
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extremes, an extended complex is similar to a description in probabilistic view. During learning, 

the optimum d.ist.ribuDon is decided based on characteristics of the concepts to be learned. 

5.3 Concept Recognition 

During the classification of new events, each of the new events is matched with concep: 

descriptions which are represented as a set of extended complexes and a set of exemplars to see 
which concept descriptions cover the evenL During learning, to evaluarc intermediate hypotheses, 
each of the training examples is matched with all intermediate hypotheses. This section describes 
two classification (matching) methods: saiet and flexible. Both methods match an event with 
concept descriptions, and the result of a match between an event and a concept descriptioo is based 

on the result of the match betw=.n the event and the exrcnded complexes and the exemplars of the 

description. In bocb. methods. an event is covered by a concept description if the event is covered 
by one of the extended complexes of the description or one of the exemplars of the description. 

Because exemplars in the representation are tteared in the same way as extended complexes, 

these two classification methods can be applied to match an event with both extended complexes 
and exemplars. In the rest of the section. we shall not distinguish exemplars from complexes, and 

only describe how these two classification methods are applied to match an event with an exrcnded 
complex. 

5.3.1 The Strict Classification Method 

The saiet classification method is very straightforward. In this method.. an event is covered 
by an extend complex if the degree of tit of the event to the base complex of me extended complex 

is not smaller tban abe tbreshold of the extended complex. The degree of fit between an event t and 
a base camp. cpz is the result of the syntactic similarity measure SSM(t, cpz). The examples 

covered. by applying this method are called saicdy covered examples. 

The coverage of an extended complex computed by applying the saiet classification method. 
is independent of other extended complexes. so the saiet method. may crearc many no march events 
that are covered by no concept descriptions, and multiple match events that are covered by more 
than one concept description. No match events cannot be classified. while multiple match events 
cannot be uniquely classified. The flexible classification method is proposed to classify these DO 



match and multiple march events. 

5.3.2 The Flexible Classification Method 

A multiple match event is covered by two or more concept descriptions, that is, its degree of 
fit to twO or more complexes is larger than or equal to the thresholds of these complexes. The 
event is covered by several complexes, but it may be covered. in different degree of fit by these 
complexes. In the flexible classification method. a multiple march event is classified based on the 

result of the dep of fit between the multiple match event and the base complexes of extended 

complexes weighted by the certainties of extended complexes. The degree of fit of a no match 

event to all complexes is smaller than their thresholds, but some are close to thresholds, the others 

are far ~m thresholds. In the flexible classification method. a no match event is classified based 

on the difference between the degree of fit of no match events and the thresholds of extended 
complexes. 

Let us first define Flexible Degree of Fit (FOP) between an event and an extended 
complexes. The FOF of a multiple match event e to an extended complex cpx is the normalized 
degree of fit between e and the base complex of cpx weighted by the certainty of cpx. 

Cenainty(cpx) th(cpx) • 1 
FDF(e. CPX)-{ Cenain ( ) .SSM(e,cpx) • th(cpx) otherwisety cpx 1. th(cpx) 

Where Ce:tainty(cpx) is the certainty of cpx, th(ep,) is the threshold of cpx. Because e is strictly 

covered by epx, SSM (e,epx) ~ th(cpx). Thus. the FOF of a multiple match event to an extended 
complex that strictly covers the no match event is between 0 and Cenainty(cpx). The FOF of. 
multiple match event to an extended complex increases with the increases of the certainty of die 

complex and me IlQI'I118lized degree of tit between the event and the complex. 

The FOF of a no match event e to an extended complex cpx is the normalized difference 
between the degree of fit of the event and the threshold (boundary) of the extended complex. 

_ SSM(e,cpx) - th(cpx) 
FOF( )e, cpx - th(cpx) 

Because e is not strictly covered by cpx, SSM(e, cpx) < th(cpx) and the FOP of a no match event 
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to an extended complex is between 0 (exclusive) and·1. 

In the flexible classification method. an event is covered by an extended complex if the 

Flexible Degree of Fit (FOP) of the event to the extended complex is the largest among all extended 

complexes. Such events are called flexibly covered by the complex. The flexible method does not 

change the classifications of the events that are uniquely classified by the strict method. The 

coverage of an extended complex decided by flexible classification method is dependent on other 

extended complexes. After some new extended complexes are generated. the coverage of the 

existing extended complexes may change. 

In Figure S.4, the two circles represent two different extended complexes cpxl and cpu. 
respectively_ Each extended complex describes a different class. e represents an event. In the 

figlR, the events el to e6 are strictly covered by cpxl. e7 to ell are strictly covered by cpx2. e6 
and ell are multiple match events and el2 and el3 are no match events. Using- the flexible 

classificarioo method, e6 and el3 are classified to cpxl, and ell and el2 are classified to cpx2. 

threshold of cpxl 

CPX2CPXl 

FiglR 5.4: TIle illUSU'ltiOll of how the strict and the flexible cJa.ssificarion work 

In almost all conducted experiments, many no match and multiple match evencs are correctly 

classified by the flexible method, the classification accuracies have been improved. The 
experimental results reponed in next chapter show this improvement. 

The strict method is applied to decide the coverage of an extended complex duringleaming. 

because the flexible coverage of a complex dynamically changes with the changes of other 
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extended complexes. The flexible coverage of an extended complex may decn:ase. after some new 

extended complexes are generalized. So a CUITCntly "good' complex may become worse after some 
new complexes are generated. 

The suict coverage of an exemplar is the exemplar itself, so the saict method is not 

meaningful for exemplars. No generalization is perfonned by the strict method. In conttast, the 

flexible method performs some generalization during classification. 

5.3.3 Catecories of Examples 

For each extended complex, all ttaining examples can be divided into five categories based 

on the result of the match between the examples and the complex. The examples in different 
categories play different roles during leaming. 

1. 	 Strictly covered examples of a base complex: all examples in this c_gories are strictly 
coveRd by the base complex of an extended complex and satisfy all c::ooditions of the base 
complex. 

2. 	 Saictly covered examples of an extended complex: the examples in this c_gory do not 

march all conditions of the base complex of the extended complex. but their degree of fit to 

the base complex is larger than at equal to the threshold of the extended complex. 

3. 	 Flexibly covered examples of an extended complex: the examples in this category are not 

strictly covered by the extended complex, but are covered by the flexible classification 
method. 

4. 	Nearly covered examples of an extended complex: The examples in this cateaory are not 

suicIly covered by the extended complex. but their depee of tit to the base complex of the 
extended complex is close to the threshold. The closeness is defined by the potential 
threshold P'IH which will be discussed in Section 5.5. This category may intersect with 
the category of the flexibly covered examples. 

S. 	 Uncovered examples of an extended complex: The examples in this cateaory are neither 

saictly covered nor nearly covered by the extended complex. This Ca!eJory may intersect 

with the category of the t1exibly covered examples. 
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In Figure 5.5. el and C2 are slricdy covered examples of the base complex. C3 to C6 are 
slricdy covered examples of the extended complex. and C7 and eg are nearly covered examples of 
the extended complex. 

threshold ........................", 
....... "",,-

---------- 8, "-

"" 

e9 

\ ,&to ,,,
8&: 

:•
• 

: 

/::-1--........ potential threshold 
.' 

......." .....''------..... 

Figure 5.5: Categories of examples 

5.4. The Learning Algorithm 

The learning SU'atelY used in Fa..s is inductive learning (learning ftom examples). The task 

of learning a concept description in Fa..s is, given a set of positive and negative examples, to 

generate a set of extended complexes and select a set of exemplan such that most of the positive 
examples and few neptive examples an: covered by the description. This section describes the 
learning algorithm of FQ.S, the extended complex generation algorithm. the exemplar selection 
algorithm, and the weipt leamiDg algorithms, respectively. 

5.4.1 The Learning Algorithm of FCLS 

Firure 5.6 shows the learning algorithm of FCLS. The purpose of this algorithm is, given a 
set of concepts with their examples, to generate a disjunction of extended complexes and a set of 
exemplan for each given concept to flexibly cover most of the examples of the concepc and few of 
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the examples of other CODcepIS. This algorithm works in an iterative fashion. In each iteration. the 

concept description that has the largest error omission is generalized by either generating one 

extended complex or selecting a set of exemplars. The error omission of a concept description is 

the percentage of the number of the examples of the concept that are not flexibly covered by tht: 

descriptions. An extended complex or a set of exemplars is generated to minimize the error 

omission. 

FCLS provides users with two parameterS: MAX·ERR·RATE and MIN·COVERAGE. 
These two parameters are used as thresholds. MAX·ERR·RATE is the maximum error rate that an 
extended complex may have. The error rate of an extended complex is the ratio of the number of 
negative examples suictly covered and the number of all examples suictly covered by the extended 
complex, and the ratio reflects the inconsistency of the complex. MIN-COVERAGE is the 
minimum fraction of all positive examples that an extended complex must cover. A MIN· 
COVERAGE of 0 and a MAX·ERR·RATE of 0 will cause the algorithm to produce COnsistent and 

complete descriptions, An extended complex is acceptable if 

(1) ~~ MIN-COVERAGE, and 
n 

(2) p + n S MAX·ERR·RATE. 

where p (n) is the number of positive (negative) examples strictly covered by the extended 

complex, and pos is the total number of positive examples. 

These two parameters conttol the disaibution of the description between generalized 
extended complexes and exemplars. MIN-COVERAGE directly controls the distribution. Larger 
MIN·COVERAGE favours exemplars, while smaller MIN-COVERAGE favours extended 
complexes. When MIN-COVERAGE • 0, no exemplar is selected. When MIN-COVERAGE - 1, 
a concept description only iDcludes exemplars unless there exists a single extended complex that 
covers all posidve examples. MAX·ERR·RATE indirectly affects the disaibution throup MIN· 
COVERAGE. The laJpr MAX·ERR·RATE, the more negative examples can be covered by an 

extended complex so that it is eesier to generate an extended complex that covers a large number of 

positive examples. MAX·ERR·RATE is also used to conttOl the mor rate produced by all 
concepts descriptions. 

Each iteration of the algorithm fU'St uies to generate an acceptable extended complex for the 
concept that has the largest error omission. If it fails to generate such an accepcable extended 

complex, it selects a set of exemplars. After an extended complex or a set of exemplars is 
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gene~ all examples that are suictly covered by the newly generated extended complex or the 
newly selected exemplars are removed, and the new extended complex is added as a disjunct intI') 

the description of the selected concept. or the new exemplars are added as exceptions into th~ 
description. Then the current descriptions of all concepts are reevaluated together by applying the 

flexible classification method to decide the error rate of these current concept descriptions. If the 
etTOf rate of the current descriptions is not larger than the parameter MAX·ERR·RATE, the 
algorithm terminates, otherwise it repeats. The error rate of a set of descriptions is the fraction of 
all training examples that are not correctly classified by the flexible classification method. The 
percenta,e of nepave examples strictly covered by an acceptable extended complex is smaller than 
MAX·ERR·RATE. so a set of descriptions of all concepts whose error rate is smaller than MAX­
ERR·RATE can be always aeneratcd and the worst case is that all examples are strictly covered by 
some extended complex. Because the flexible classification method increases the coverage of 

extended complexes, the final descriptions generated by applying the flexible classification method 
may consists of less extended complexes and less exemplars. The non-typical or uncertain 
examples are often flexibly covered. Because of the application of the flexible classification 
method. boundaries ofextended complexes defined by threshold are soft. 

Let DES be empty 

Repeal 

Select the concept CNPr that has the larJest error omission. 
GeneraIize CNPr by 

Eitbcr 1. Generate an acceptable extended complex CPX 
or 2. Gene:r:ue a set ofexemplars EXEM 

Add CPX or EXEM into DES 
Until mor-rate(DES):S; MAX-ERR-RATE 
RenrmDES 

Fipre 5.6. The Learnin, Algorithm in Fc..s 

5.4.1 The Complex Generation Algorithm (CGA) 

The complex generation al,orithm aenerates the 'best' acceptable extended complex for a 
given concept from a set of positive and ne,ative examples, if there exists some acceptable 
extended complex, otherwise it returns null. The process of generating the 'best' acceptable 
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extended complex is divided into two phases. The first phase generates a set of base complexes 

that satisfy the consistency requirement which is specified by the parameter MAX·ERR·RATE. 
The algorithm of the first phase is called the Base Complex Generation Algorithm (BCGA). The 

base complexes generated in the flrSt phase serve as the initial extended complexes whose 

threshold is I. and are optimized in the second phase to cover more positive examples throu lh 

adjusting the disaibution of the extended complexes between their base complexes and tile 
similarity measure. The Extended Complex Optimization Algorithm (ECOA) serves as the 
algorithm in the optimization phase. 

The searches in both algorithms are genera1-to-specifte. In each step of the search. a base complex 

is specialized by either adding a new selector or removing an internal disjunctive element in one of 
its selectors. Because of the different purposes of the two algorithms, the specializations play 
different roles in these two alaorithms. The goal of the specialization of a base complex in the first 
p~ is to exclude more negative examples from the base complex so that the inCOllSistcncy of the 

base complex is reduced, while the goal of the spccializarion of a base complex in the second phase 

is to reduce the dearee of fit of nearly covered negative examples so thai the threshold of the 

extended complex can be decreased to include more positive examples. In section 5.2, it is 
mentioned that an extended complex can be aeneralized by decreasina its threshold. Decreasing the 

threshold of an extended complex can be viewed as relaxina the conditions that must be satisfied. 

Both BCOA and ECOA algorithms resemble the StlJl' algorithm of AQ (Michalski, 1983) in 

that both perfcrm a general-to-specific beam search. The differences between these two algorithms 
and the star alaorithm are substantial. A major difference is that these two algorithms do not 

depend on any specUlC examples, both positive and negative examples. The reason for not using 

seeds is thai the examples of a flexible concept can be divided into three types: typical. less typical 

and exceptions. If seeds were used. some example which should be allowed as a less typical 
example or an exception which should DOt be SU'ictly covered by a base complex, mipt possibly 
selected as a seed. and thus would necessarily be sD"ictly covered by the base complex created as a 
generalization of it. Ifa seed is not used. however, the space of search for a complex is larger than 

the space using a seed. thus these two algorithms may not be as optimum as the StlJl' algorithm. In 
practice this does not seem to be importanL For the same reason. these two algorithms do not 
select any specific negative examples to specialize complexes in a partial Sllf. instead they use 
some SlItistical information to select aaribute values to specialize complexes. 

The second difference is that these two algorithms use two different criteria to evaluue the 

qUality and the potential quality of a complex. The quality value is used to determine the final 
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extended complex generated by the complex generation algorithm and the potential quality value is 

used to determine whether complexes can be improved. Two different evaluation functions are 
used because a currently 'good' (high quality) complex may not have a potential for improvement. 

These aitc:ria will be discussed in section ,.5. The algorithms also differ from the S1/J1' algorithm in 

the termination conditions used. In the S1/J1' algorithm, the set of complexes in a star are specialized 

until all negative examples have been uncovered. In these two algorithms, large numbers of 
negative examples may be skipped over in a single cycle, and some negative examples may remain 

covered. 

.5.4.1.1 Phase 1: The Base Complexes Generation Algoritbm 

The purpose of this algorithm is to find a set of alternative base complexes which satisfy the 
consistency requirement given by the parameter MAX-ERR-RATE. Figure '.7 gives the base 
complex generation algorithm. The algorithm swu with the most general base complex which 
S1ricdy covers all positive and neprive events. In order to find the base complexes that satisfy the 

consistency requirement. the strictly covered negative examples must be excluded from the most 

general base complex. 

The technique used in the algorithm is a beam search. During each cycle, the consistency of 

each base complex in STAR is tested. If the consistency is high enough, the base complex is added 

to the set of CONSISTENT -CPXES and removed from STAR. Otherwise, the base complex is 

specialized by removing a value from one of selectors of the complex. This specialization is 
repeated for each of the selectors of the complex. The value of a selector is chosen to maximite the 
number of negative examples and minimize the number of positive examples excluded from the 
base complex after the value is removed. 'Ibe selection criterion will be elaborated in section ,.,. 

This yields several new base complexes. each of which covers fewer neprive examples. The new 
star is the union of these newly specialized base complexes. A certain maximum number 
(MAXSTAR) of these base complexes are selected for further processing. This set of base 
complexes is selected based on their potential quality as evaluated by the Base Complex Potential 
Quality Evaluation Function BCPQEF which will be described in section ,.,. The Algorithm 

terminates with a set of base complexes whose inconsistency (enor rate) is smaller than MAX­
ERR-RATE when STAR is empty. Figure '.8(a) shows the most general base complex that the 
algorithm swu with and Figure 5.8(b) shows the set of consistent base complexes that the 
algorithm ends with. The set of consistent (or near consistent) base complexes pnerated in this 

alpithm will be optimized by the extended complex optimization algorithm in the second phase. 
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Let STAR be the set containing the most general complex that covers all events. 

Let CONSISTENT-CPXES be empty. 

Repeal 

Let NEWSTAR be empty 
For each complex CPX in STAR 

For each attribute 
select a value to remove from CPX so thal a more specific complex NEWCPX is 

generated. 
if error-rate(NEWCPX) ~ MAX·ERR·RATE • 


then add NEWCPX into CONSISTENT-CPXES 

else add NEWCPX into NEWSTAR 


Let STAR be MAXSTAR complexes with the la:rJest potential quality in NEWSTAR. 

until STAR is empty 

Return CONSISTENT-CPXES 

-
Figure 5.7: Phase 1: The Base Complex Generation Algorithm 

xlA~ xl 

+ + • 
+ + + 
+ + +. ~~ ++ + • + .xl..-

(a) (b) 

Figure 5.8: An illustration of the function of the phase 1 
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5.4.2.2 Phase 2: The Extended Complex Optimization Algorithm 

The extended complex optimization algorithm stans with a set of initial extended complext~s 

which an: the base complexes generated in the fU'St phase by setting their threshold and weights t1 

1. The goal of the algorithm is to optimize this initial set of extended complexes to cover mcm. 
positive examples by adjusting their thresholds. 

In a logic type representation. the coverage of a disjunct (complex) can be increased only by 

generalizing the disjunct itself. But the base complexes generated by the base complex generation 

algorithm are the most general base complexes that satisfy the consistency requirement. so they 

cannot be further generalized without degrading their consistency. Fonunately, the hybrid 

representation proposed in secnon S.2 allows ~ alternative method to leneralize an extended 

complex. The altemalive method pneralizes an extended complex by decreasinl its threshold. In 
order to decrease ~e threshold of an extended complex without Qusin, the increase of 

inconsistency, the nearly covered negative examples have to be moved further to the boundary 

(threshold) of the extended complex. In other words, the degree of fit of nearly covered negative 

examples must be reduced so that the threshold of the extended complex can be decreased without 

covering new negative examples. The way to reduce the degree of fit of nearly covered negative 

examples is to select some values of selectors to remove from the base complex. The values 

selected should occur on many nearly covered negative examples and few nearly covered positive 

examples. Thus, the process of optimization of an extended complex is the process of funher 

specialization of its base complex and adjusunent of its threshold. 

The optimization of an extended complex can be viewed as finding the optimum distribution 

of the extended complex between its base complex and the similarity measure. The lenerality of 

the base complex topther with the threshold decides this distribution. The more leneral the base 

complex, the peata' the fJac1ion of the examples covered by the corresponding extended complex 

an: strictly covered by the base complex. The smaller the threshold, the smaller fraction of the 

examples covered by the corresponding extended complex are smctly covered by the base 

complex. If the threshold of an extended complex is I, all examples smelly covered by the 

extended complex an: strictly covered by its base complex, the extended complex is equivalent to 

its base complex. On the other hand, the base complex may be specialized to an exemplar, almost 

all examples covered by the extended complex an: not strictly covered by the base complex. During 

the process of optimization, the base complexes of the initial extended complexes are p-adually 



specialized.. at the same time their thresholds are gradually decreased. So the process shifts the 

concept meaninl &om the base complex to the similarity measure until the optimum disaibution is 

achieved. 

The extended complex optimization algorithm is similar to the base complex generation 

algorithm in the sense that it performs a leneral-to-specific search durin I the process of 

optimization. However, the goals of the two algorithm are differenL The loal of the base complex 

leneration algorithm is to generate a set of nearly consistent base complexes, whereas the goal of 

the extended complex optimization algorithm is to find the 'best' extended complex. Because of the 

different goals, there are several differences between the two allorithms. The major difference 
involves the nelative examples that the two algorithms uy to exclude. The base complex 

leneralization algorithm reduces the number of negative examples strictly covered by the base 

complex, whereas the extended complex optimization allorithm reduces the number of nearly 

covered negative examples of the extended complex. This difference is reflected in the potential 
quality evaluation functions and the attribute value selection criteria used in the two alaorithms. 
The potential quality of a base complex is computed based ODly on the examples sttict1y covered by 

the base complex. while the potential quality of an extended complex is computed based on the 
examples saictly covered by the extended complex as well as the examples nearly covered by the 

extended complex. In the base complex generalization algorithm, the attribute value is selected to 

specialize a base complex so that as many as strictly covered negative examples are excluded from 

the base complex as possible, while in the extended complex opti.m:ization alloritlun. the attribute 
value is selected to specialize the base complex of an extended complex so that the degree of fit of 
nearly covered negative examples are reduced as much as possible. 

PilUle 5.9 shows the extended complex optiJl]ization algorithm. The input of the al,orithm is 

a set of initial extended complexes that are equivalent to the base complexes generated by the base 

complex generation allorithm. The al,orithm first optimize each of the initial extended complexes 

by comp.tina Us new weipts and new threshold. In section 5.4.4, two different weipt leamin, 

algorithms will be inaoduced.. The threshold of an extended complex is determined so that the 
'best' quality of the complex is achieved. The STAR is initialized as the MAXSTAR complexes 
with the hiahest potential quality. These MAXSTAR complexes are selected from all initial 
extended complexes. The potential quality of an extended complex is evaluated by the Extended 
Complex Potential Quality Evaluation Function ECPQEF which is different &om BCPQEF used to 

evaluate the potential quality ofa base complex and will be dermed in section 50S. Then the 'best' 
aceeprable extended complex is selected from the set ofopdmim;l initial ~u:nded complexes as the 

initial 'best' complex. This 'best' extended complex is subject to replacement by a better extended 

84 




complex during the process of optimization. After the algorithm terminates. the 'best' acceptable 
extended complex is the extended complex generated by the complex generation algorithm. The 

'best' extended complex is the complex with the highest quality which is evaluated by the Quality 

Evaluation Function (QEF) which will be defined in section S.S. If no acceptable extended 

complex can be generated.. BEST-CPX is empty when"the algorithm tenninates. 

Like the base complex generation algorithm. the algorithm repeatS the beam search until the 
stop condition is satisfied.. In each cycle of the loop. a set of new extended complexes is generared. 
Each newly generated extended complex is evaluated by two function: QEF and ECPQEF. The 

acceptable complex with the highest value of QEF replaces BEST-CPX. if its value of QEF is 
larger than or equal to BEST·CPX's. The complexes which have no value to be improved or 
cannot be improved are removed from NEWSTAR. Two kinds of complexes, the most specific 
complexes and the complexes with 0 potential improvement, cannot be improved.. The most 
specific complexes are events in event space, they cannot be funher specialized. The complexes 

with very low quality (comparing with BEST-CPX) have no value to be improved.. Issues about 

the potential improvement will be discussed in section S.5. The MAXSTAR new extended 
complexes are selected for further improvement. MAX·TRIES is an integer parameter which 

controls the execution of the loop. If BEST·CPX has not been improved in MAX·TRIES steps, 
the algorithm stops. 

The algorithm uses maximum specificity criterion rather than maximum generality criterion in 

generating an extended complex. The algorithm prefers a more specific complex over a more 

general one when these two complexes have equal quality. In other words, when two complexes 
have the same quality, the algorithm selects the one that has.higher certainty. The advantages of 
using maximum generality criterion is that the descriptions generated have larger predictive power 
and are simpler. The major disadvantage of the most general descriptions is that they are less 

certain. On the other band, the descriptions generated under maximum specificity criterion are 

often too specific CO predict unseen events. In this algorithm, the most specific descriptions are 
generated to maximize the certainty of descriptions, and the predictive power lost is recovered by 

applying the flexible classification method. The events strictly covered by these descriptions are 

more certain than the eventS flexibly covered. 

Figure S.lO(a} shows the initial extended complexes that the algorithm starts with and Figure 
5.1O(b) shows the extended complex that the algorithm ends with. In Figure 5.1O(b), the circle is 

the extended complex, and the square inside the circle is itS base complex. It can be seeD that the 
base complex in Figure 5.1O(b) is more specific than the two base complexes in Figure 5.10(a), 
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but the extended complex is more general than both of the two initial extended complexes that are 

equivalent to the base complexes. 

For each complex CPX in CONSISTENT·CPXES (generated in Phase 1) 
Compute the weights and threshold for CPX 

Let STAR be MAXSTAR complexes with the highest potential quality in CONSISTENT·CPXES 
If there exist some acceptable complexes in CONSISTENT·CPXES 

then let BEST·CPX be the acceptable complex with the highest quality 
else let BEST-CPX be empty 

Let NO-IMPROVEMENT be 0 

Repeal 
Let NEWSTAR be empty 

For each complex CPX in STAR 
For each attribute 

select a value to remove from CPX to generate a new complex NEWCPX 
compute the weights and threshold for NEWCPX 
ifNEWCPX is acceptable and has equal or higher quality than BEST.aX 

then replace BEST.aX by NEWCPX 

set NO-IMPROVEMENT to 0 


else add 1 to NO-IMPROVEMENT 

add NEWCPX into NEWSTAR . 


Remove all complexes that cannot be improved from NEWSTAR 

Let STAR be MAXSTAR complexes with the largest potential quality in NEWSTAR. 


until NO-IMPROVEMENT >MAX·TRJES or STAR is empty 

Return BEST-CPX 

Figure ~.9: Phase 2: The Extended Complex optimization algoridun 

xl xl 
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Figure~.IO.: An illustration of the function the phase 2 
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5.4.3 Exemplar Selection Algorithm. 

When the complex generation algorithm fails to generate an acceptable extended complex fo' 

a selected concept. all remaining uncovered examples of the concept are widely dispersed in the 
event space. It is dangerous to leneralize these dispersed examples. To not lose the coverage of 

these examples, an exemplar based learning algorithm is applied to them. The algorithm of 

selecting exemplars is similar to the best mcxiel algorithm (Kibler and Aha. 1987). All examples of 

the selected concept that are not correctly classified by the current concept desaiption are the 

candidates for exemplars. All exemplars are selected from these candidates. It first selects a 

candidate as an exemplar. then it reclassifies all remaining candidates and removes all correctly 

classified candidate~ The algorithm repeats the process of selectinl a candidate and removing all 

c:cmectly classified ClNUdates until no more candidate exists. The flexible classif.icatioo method is 
used to classify candidates. After some other concepts are leneraljzed. previously correcdy 

classified examples of the selected concept may no longer be correctly classified. For this reason, 

the exemplar selection algorithm may be executed several times for one concept, with new 

exemplars selected fel' each execution. 

It is straightforward. to combine the inductive learning approach with the exemplar-based 

approach in th~ hybrid rePresentation. Because of the similarity measure, an extended complex can 
be viewed as an abstract exemplar. and an exemplar can be treated as an extended complex. 

5.4.4 Weicht Laraia. 

In the hytxid representation described in section S.2, each selector of an extended complex is 

associated with a weight which is the desree of necessity of the selector in the extended complex. 

A weight is a real value rmpng from 0 to ...... A 0 weight means the selector is i:relevant. and a 

..... weight means the selector is necessary. The larger a weight of a selector. the more necessary 

the selector. The weights of an extended complex are decided during learning. Each time an 

extended complex is generated, its weights are computed. In this section. two alu:maave methods 

for weight leaminl are discussed. One is based on counlinl the number of positive examples and 

nelative examples that do not satisfy a selector. The odler is based on the deane of fit of positive 
and negative examples that do not satisfy a selector. Both methods have been implemented in 



FCLS. 

5.4.4.1 Weight learning by counting unmatched examples 

This method is similar to the method to compute Logic Necessity (LN) in STAGGEH. 

(Schlimmer. 1987). In computing the weight of a selector. the method counts the number of 

positive and negative examples that do not match the selector. nus weight learning method is 
called count-based weight learning method. In the count-based method. the weight of the selector 
SEL w(SEL) is computed as follows: 

p{unmatched I NEG)
w(SEL) =- p(unmatched I POS) 

where p(unmarched I NEG) and p(unmatched I POS) are the fraction of positive and negative 

examples wbich do not match with SEL. w(SEL) ranges from 0 to ...... When the selector SEL is 

satisfied by all positive examples. p(unmarched I POS) =- 0 so that w(SEL) ...... and the selector 

SEL is necessary. When the selector SEL is satisfied by all negative examples. p(unmarched I 

NEG) • 0 so that w(SEL) =- 0 and the selector is totally unnecessary. This case occurs seldom. 
because such a" selector is usually removed in the process of complex generation. The fewer 

negative examples satisfy the selector SEL. the larger p(unmatched I NEG) Il1d w(SEL). The more 

positive examples satisfy the selector SEL. the smaller p(unmatched I POS)~ therefore the larger 
w(SEL). 

The count-based weight leaming method is simple and easy to be implemented. But it has a 

problem. The weight of a selector olan exteDded complex is the degree of necessity of the selector 

in the extended complex, the same selector occurring in two different complexes may have 

different depee of necessity in these two complexes. For example. suppose that the concept • good 
job' is defined by twO disjuncts: high-pay & interesUnI. and bilh-pay & lood-Iocation. If one 

cares more location than interestinl. then hip-pay in the disjunct hip-pay & pxl-locatiOll should 

be less imponant thaII it is in the disjunct high-pay & interestinl. The weights of a selector is 

always same relardless of complexes when it is computed by the count-based weight learning 

method. 

Events of a concept may form several clusters. Events in different cluSlel1 have different 
reasons for being events Of the concept. therefore the principles behind different clusters of a 

concept are different. In the hybrid representation described in this chapter. ideally each of the 
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clusters is represented by one extended complex. The weights of an extended complex should be 

computed based on only the examples of the cluster that the extended complex describes. N t.xt 

subsection proposes an alternative weight learning method to tackle the problem. 

5.4.4.1 Weight learninc usinC decree of fit of unmatched examples 

In the previous section, it is argued that the weights of an extended complex should be 
computed solely based on the examples from the cluster that the extended complex describes. 
Unfonunately it is not known in advance which examples form rhe cluster. In the following a 
method called degree--of·fit-based (df-based) weight leaming is proposed. It is hoped that the 

method can panially solve the problem of the count-based weight learning method.. 

In eIf·based weight learning method, the weight of a selector SEt. of an extended complex 
'CPX w(SEL. CPX) is computed based the degree of tit of all examples (both positive aDd 

neptive) that do DOC satisfy SEt. to the complex CPX. The examples with larger degree of fit 

contribute more to w(SEL. CPX) than the examples with smaller degree of fit. because the 
examples with larger degree of fit have larger chance to be covered by the extended complex CPX. 
that is they have larger chance to belong to the cluster described by the complex. Also, because 
examples with larger degree of fit are more typical. more typical examples should contribute more 
than less typical examples. The examples with 0 degree of fit conaibute nothing to w(SEL. cpx), 

because they are far from CPX and have little chance to belong to the cluster described by CPX. In 

df-based weight learning method, w(SEL, CPX) is computed as follows: 

w(SEL. CPX) N(SEL. CPX) 
• P(SEL, CPX) 

ISSM(ne. CPX) 
..~E1.ANEO 

N(SEL. CPX) • ISSM(ne, CPX) 
..NB3 

I,SSM(pe. CPX) 
pee..., SEIAPOS 

P(SEL. CPX) • I,SSM(pe. CPX) 
peePOS 

The basic idea of the method is the same u in the count-basea method, the difference is that 
ch.e number of unmatched (all) positive (neptive) examples is replaced by the summation of degree 
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of fit of these unmatched (all) positive (negative) examples. In general. the following arguments 

are still aue. The fewer the negative examples that satisfy the selector SEL, the larger w(SET.... 

CPX) and the more necessary the selector. The more positive examples satisfy the selector SEJ... 

the larger w(SEL. CPX) and the more necessary the selector. In addition, the larJer the degree)f 

fit of the positive examples that do not satisfy the selector. the smaller the w(SEL. CPX). and It: 

larger the degree of fit of the nelative examples that do not satisfy the selector. the larJer th~ 
w(SEL. CPX). The arguments could be explained as follows. Positive examples with small degree: 
of fit may not belong to the cluster that the extended complex describes. they should be counted 
less for the weights of the complex. The positive examples with larJe degree of fit are very typical 

examples. the selector that is not satisfied by many typical examples is less imponanL The 

negative examples with larJe degree of fit are near miss examples. the selector that distinguishes 
near miss examples from positive examples is more importanL 

The df-based weight leaming method is expected to improve the performance over the count­
based method. However, this improvement in performance is brought at the price of peatcr 

complexity and slower speed. 

5.5 Concept Evaluation and Attribute Value Selection 

The evaluation function (or pn:f~e criterion) that evaluates concept descriptions plays an 

imponant role in all learning systems, especially inductive leaminl systems. Without the 

evaluation functions. these leaming SYStems would lack the means for decidinl which of the many 

alternative candidate descriptions should be chosen. This section discusses the evaluation functions 
used in FCLS. 

In most concept learning systems, the problem of learning can be viewed as a problem of 

search for the 'best' solutions (concept descriptions). Because of the complexity of brute force 
search, allieaming systems search the description space heuristically. Therefore, an evaluation 
function is needed to decide one or more intermediate hypotheses for funher improvemenL Such 
intermediate hypotheses should have potential for improvemenL And also an evaluation function is 

needed to determine the best description that is the fmal solution of the search, when the search 

algorithm terminates. Therefore, two evaluation functions are needed, one to determine which 

intermediate hypocheses have potential for improvement, the odIer to decermine which description 

is CUlTently besL Most current inductive leaming systems use one evaluation function for both 
purposes. It means that a good description always has great potential for improvement. 
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UnfortUnately this is not always true. In both section 5.5.2 and section 5.53, some examples will 

be given to show mat a good description may not have potential for improvement 

In FCLS, two different evaluation functions are used for the two purposes mentioned above. 

One is used to evaluate the quality of a description, another evaluates the potential quality of a 

description. The description with the highest quality is the best description, while the description 
with the highest potential quality bas the greatest potential for improvement As we presented in 
section 5.2, a description is expressed as a disjunction of extended complexes. In the the learning 
algorithm. eacb extended complex is generated independent of the others, so the problem of 
evaluating a description becomes the problem of evaluating the complexes of the description. 
Thus, the evaluation functions introduced in this section evaluate complexes. The evaluation 
function thal evalUates the quality of a description is called QUlJliry Evaluation Function (QEF). The 

potential quality evaluation function consists of two subfunctions. The first evaluates the potential 
quality of a base complex and is called BQS~ Complex Pot~lIlitJl QUQJity EvalUQtion Fu.ncrion 
(BCPQEF), and the second evaluates the potential quality of an extended complex and is called 
Extended Compla Poten.tiIJI QUlJlity Evaluation Function (ECPQEF). BCPQEF is used. in the base 
complex generation algorithm, wbile ECPQEF is used in the extended complex optimization 
algorithm. In the following subsections, these three evaluation functions QEF, BCPQEF and 
ECPQEF are defined. In the final subsection, the heuristics used to select the attribute values for 
specialization are discussed. 

5.5.1 The Quality Evaluation Function: QEF 

The problem of evaluating description is not new to empirical learning systems, and a 
number of measures have been developed in the past Some of them concentrate solely on the 
aspectS of completeness and consistency (e.g. Mitchell, 1978). Other measures include additional 
criteria, such as the simplicity and cost of usin, the learned descriptions (Michalski. 1973). 
Broader aspectS of the problem of deciding what should be included in evaluation functions for 
judging competing inductive hypotheses arc discussed in (Mitchell. 1980; Michalski, 1983; 
Utgoff, 1986). 

As in most inductive learning systems, the main concern of the quality of an extended 
complex is its completeness and consistency with reprd to the training examples. The relationship 
between completeness and consistency is not very obvious and varies from one domain to another. 
But in general. one can gain completeness of an extended complex at the expense of consistency, 
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or one can gain consistency by sacrificing completeness. They are two compeang criteria. For this 

reason, QEF is defined as the product of these two pans: nonnaUzed completeness and normalized 
consistency . 

QEF(cpx) =NCOM(cpx) • NCON(cpx) 

1 if MIN-COVERAGE =1 and ....lL =1 pos 
NooM(cpx)­ o ifMIN-COVERAGE =1 and ....lL < I pos 

....lL - MIN-COVERAGE 
max{p~~ MIN-COVERAGE .O} otherwise 

I if MAX-ERR-RATE - 0 and n .0 p + n 
. NooN(cpx)- o ifMAX-ERR-RATE-Oand ! n>Op 

nMAX-ERR·RATE -___., ­
max ( MAX-ERR-RAT! + n. O} otherwise 

Where pos represents the total number of positive examples. p and n are the number of positive 
a.od negative examples strictly covered by the extended complex cpx, respectively. 

The first pan of QEF, NCOM, represents the completeness of the complex. The more 
positive examples covered, the larger NooM. When the completeness of an extended complex is 
not larger than the parameter MIN-COVERAGE, the extended complex is not acceptable, its 
NCOM is equal to 0, so is QEF. NCOM also indirectly measures the simplicity of a description, 

because the more positive examples an extended complex covers, the less extended complexes are 

required to describe a concept. 

The second pan of QEF, NeON. represents the consistency of an extended complex. The 

less negative examples covered. the larger NCON. When the inconsistency of an extended 
complex is not smaller than the parameter MAX-ERR-RATE. the complex is not acceptable, its 
NOON is equal to 0, so is QEF. The quality of an acceptable extended complex is larger than O. 

In Fa.s. concept descriptions are Jl'lded. and the result of a match between an example and 
an extended complex is a value between 0 and I, called the dearee of the fit between the example 
and the base complex of the extended complex. The higher the degree of fit. the more typical (or 
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certain) the example. Many real world concepts have central tendencies (centerS). the probability 

that an example belonp to a concept decreases with the increase in the distance berwecn the 

example and the center of the concept. The centers are represented by base complexes. The degree 

of fit between an example ~ a base complex is decided by the distance berwecn the example and 

the base complex. therefore the examples with less degree of fit are more possible to be negative 

examples than the examples with larger degree of fit. Funhermore. the boundary examples have 

more chance to include noisy information. and learning algorithms are more sensitive to noise 

included in boundary examples. The noise included in boundary examples may change the the 
concept that the examples belong. while the noise OCCurring in typical examples may only the 
typicality of the examples. 

When inconsistency is allowed for an extended complex. the complex may cover some 
negative examples. From the above discussion, it can be derived that most of the covered negative 

examples of an extended complex should stay around the boundary. few are in the center of the 

concept. Therefore, an inconsistent extended complex that covers negative examples with lower 

dean:e of fit is preferred over an inconsistent extended complex that covers negative cxamples with 

higher dean:e of fit. In other words. given rwo complexes with the same number of positive and 

negative examples covered, the one that covers the negative examples with lower degrees of fit is 

better than the one that covers the negative examples with higher degrees of fit. In order to reflect 

this preference. the inconsistency p ! n is replaced by Weighted Inconsistency (WI) in 

NCON{cpx). In the Weighted Inconsistency of an extended complex. the negative examples 
covered are weighted according to their degree of fit to the complex. the larger degree of fit. the 

. 	 larger weight of the neptive examples. The Weighted Inconsistency of an extended complex CPX 
is computed as follows: 

WI{CPX) • wpc(c~f~C~c(cPX) 
WPC(CPX). I,W{Pi, CPX) 

Pi .CPX & POS 

WNC(CPX):= I,W(ni, CPX) 
ft••CPX & POS 

) • SSM{e. CPX) • th{CPX) +W( CPX) (Ie, •• c 1. th{CPX)c 

In WI(CPX). WPC(CPX) and WNC(CPX) are the Weighted Positive Coverage of CPX and' 


Weighted Negative Coverage of CPX. respectively. Pi (nu are all positive (negative) examples that 
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strictly covered by CPX. Wee. CPX) is the weight of the covered example e. 

SSM(e.CPX) • th(CPX) . . 
1. th(CPX) IS the normalized degree of fit of the example e. Because e is 

. SSM(e.CPX) • th(CPX) . .
Strlctly covered by CPX. 1- th(CPX) IS larger than or equal to O. c 1S a constant 

between 0 and 1. in the current implementation of FCLS, c is set to 0.2. The weight of e Wee. 
CPX) ranges from c to 1. Wee. CPX) increases with the increase of SSM(e. CPX). When SSM(e, 
CPX) :III 1. Wee. CPX) • 1. \Vhen SSM(e. CPX) :III th(CPX). Wee. CPX) :III c. The Weighted 
Inconsistency Wl(CPX) increases with an increases in the number of negative examples covered 
and an increase in the degree of fit of the negative examples covered. 

5.5.2 Base Complex Potential Quality Evaluation Function: BCPQEF 

Before describing the details of BCPQEF. let us first discuss the potential quality of both 

base complexes and extended complexes. The potential quality of complexes is used to decide 
whether a complex is wonh being improved or not, whether a complex can be improved ex not aDd 

how much a complex can be improved. Based on the potential quality of complexes. both the base 

complex generalization algorithm and the extended complex optimization algorithm determine 
which complexes should be selected for funher improvement. The potential quality of a complex 
consists of two parts: current quality and potential improvement. Current quality is similar to the 
quality which concerns about the completeness and consistency of a complex. while the concern of 
potential improvement is how much improvement can be achieved on the base of current quality of 

the complex. The current quality of a complex measures the worthiness of the improvement of the 

complex. The potential improvement measures how much the complex can be improved. The 
complex with low current quality is not wonh being improved even it has high potential 
improvement, while the complex with low potential improvement has little reason for further 
improvement. 

In evaluating the potential quality of a base complex, only the examples strictly covered by 
the base complex are considered. The current quality of a base complex is computed based on the 
number of positive and negative examples strictly covered by the base complex. The potential 
improvement of a base complex is computed based on the distribution of the positive examples and 

negative examples inside the base complex. Some distributions make a base complex much easier 

to be improved than the others. For examples, Figure 5.11. shows two complexes CPXl and 
CPX2. which cover the same number of positive and negative examples. they have the same 
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current quality. But CPXl is much easier to be improved than cpn. because the positive 

examples covered by cpn an: scattered. while the positive examples covered by CPXI are very 

concentrated. 

xl xl 

+ + + + 

+ + + + 


CPXl xl xl 

The base complex potential quality evaluation function of the complex cpx is defined as a 
product of two parts: 

BCPQEF(cpx)= ~ • PLAC(cpx) 

where P and pos are the number of posiuve examples strictly covered by cpx and the number of all . 

posiuve examples. n:spective1y. ~ is the completeness of cpx. PLAC. Probabilistic Looking-

Ahead Criterion, concerns two aspectS: consistency and the distribution of positive examples and 

negative examples inside the base complex cpx. The rest of the subsection defines PLAC(cpx). 

Consider me base complex cpx represented as: 

[At • VII V ••• VVllml & .•. & [An • VDI V ... V vnnmJ 

which includes selectors for all aaributes. both n:levant and irreIevanL The selector of an irn:levant 
attribute includes all values of the attribute. For each attribute Ai (1 $ i $ n), its relevance R(AL> is 

computed as follow: 
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R(AU = I p(Ai = vi,klpos) • p(poslAi = Vii:) 
It. 1 ... im 

where pos represents the set of all positive examples strictly covered by cpx. The larger the 

conditional probability p(poSlAi =vjk}, the fewer the negative examples that sh~ the value Vit. If 

the probability is equal to 1, all examples with Ai a Vjk are positive examples. If the probability is 

0, all examples with Ai a Vjk ~ negative examples. so the removal of the pair Ai a Vilt from cpx 

only reduces the number of negative examples covered. This probability is also used to select 

attribute values for specialization. p(poslAi = vjt) is weighted-by the conditional probability p(Aj = 
Vik1poS). The larger p(Ai • Vik1poS), the greater the proportion of positive examples sharing the 

value Vik. 

The R(Au value of a cpx ranges from the consistency of cpx (the ratio of the number of 

positive examples covered by the base complex and the number of examples covered by the base 

complex) to 1. We can see that R(Au of a base complex is dependent on the consistency of the 

base complex which is the smallest value of R(Au. When all p(poSlAi • vjt} (k. 1 •... , im) ~ 

equal to the consistency of the complex, all positive and nelative examples are equally disaibuted 

over all values of the attribute Ai and R(Ai) has the smallest value: the consistcDcy of the base 
complex. When all p(poslAj = Vik) (k .. I, ... , im) are equal to either 1 or 0, both positive and 

negative examples ~ hilhly concenttated and R(Au • 1. For an attribute whose R value is 1. one 

can obtain a consistent complex by removinl all of its values whose probability p(poslAi .. vi,k) is 

equal to 0 without losing any coverage ofpositive examples. 

Generally speaking, when all positive and negative examples are scattered on all values of an 

attribute Ai, R(Au has a small value, and when all positive and neptive examples are concentrated 

on some of the values of an attribute Ai, R(Au has a large value. So R(AU reflectS the relevance of 

the attribute Ai in the complex cpx. The laraer value of R(Au, the more relevant me attribute. 

When all R(Ai) (1 $ i $ n) of a base complex are equal to the consistency of the base 

complex, the positive examples covered by the base complex are very dispersed and the complex is 

very difficult to improve. When some of R(AU have larger value, the complex is easier to improve. 

When one RCA,) is equal to 1. the complex can be improved to be consistent without losing any 

positive coverage. The difference between the consistency of a base complex and its RCAi) reflects 

the potential improvement of the base complex. The larler the difference, the more potential 

improvemenL R(AO of a complex is also dependent on the consistency of the complex. R(Ai) of a 

complex with hiaher consistency is more likely to have a larger value than an R(AU of a complex 

with lower consistency. R(A!) of a consistent base complex is always equal to 1. A consistent base 
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complex has no potential improvement. because it cannot be improved. 

The Probabilistic Looking Ahead Criterion (pLAC) is defined using the relevance of 

amibutes R(Aj). In the base complex generation algorithm, a base complex is specialized in order 

to achieve greater consistency. and reduce its completeness as little as possible. A base comp) ex 

with highly concentrated covered positive examples are highly and high consistency has biJb 

potential quality, that is a base complex with some very large R(A l) bas high potential quality. 

Following. three definitions of PLAC(cpx) are introduced. 

First. PLAC(cpx) can be defined as the average of R(Aj) on all atttibutes. 

PLAC(cpx):II: I~ 

'The base complex with a higher average value bas a higher potential quality. 'The problem with this 

definition is tlw it is toO sensitive to irrelevant attributes. If many of the atttibutes are itrelevant, 
the average will be very low even some attributes are highly relevant. For insUm~ ifone of R(AO 
is equal to 1, and the others have very low R(Aj), the average is very low. The base complex, 
however. has very a large potential improvement. because it can be improved to a consistent 
complex without loss of any completeness. 

Second, one can take the probabilistic sum of all R(Aj). The probabilistic sum ofR(Al) and 
R(Al> is defined as follows: 

The advantage of the probabilistic sum is that if one of Ri is equal to 1. the result of the 
probabilistic sum is equal to 1 toO. This method still suffers when there exist many irrelevant 
atttibutes. When a large number of atttibutes are present in a complex, the result of the above 
formula is always close to 1. One way to overcome the problem is to set a threshold for 
probabilistic sum. If the value of R(Aj) is less than the threshold, it is set to O. 

The simplest method is that only the largest Ri is taken into account. This method is called 

one step lOOking-ahead. It is the method that is cunently implemented in Fa.s. 

PLAC(cpx):II: Max.(Ru 

It is mentioned at the beginning of the sccIion that the potential quality consists of two pans: 
current quality and potential improvement. These two pans are not explicitly expressed in the 
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above formula. The value of PLAC(c:px) ranges between the consistency of the base complex: 

p ; n and I, so the potential quality of a base complex c:px can be decomposed as follows: 

The first pan of the decomposed formula. fos •p ; n' is the current quality and the second pan 

can be thou&ht as the potential improvement. 

5.5.3 Extended Complex Potential Quality Evaluation Function: ECPAEF 

The extended complex potential quality evaluation function ECPQEF evaluates the porcntial 

quality of an extended complex and is used in the extended complex optimization algorithm. The 

goal of this algorithm is to increase the coverage of positive examples of extended complexes 

through decreasing the threshold of the extended complexes. The uncovered positive examples thai 

most probably become covered are the nearly covered positive examples. The more nearly coven:d 

positive examples an extended complex has, the higher the potential improvement of the extcDded 
complex. If all nearly covered examples of an extended complex are negative. the extended 
complex is surrounded by negative examples and has no potential improvement The potential 

improvement of an extended complex is computed based on the nearly covered examples which 

will be defined more precisely later. The cwrent quality ofan extended complex is comput&:d based 

on the examples saictly covered by the extended complex. 

In Figure 12. inside circles IR thresholds of the two extended complexes. and the outside . 

circles are the potential thresholds of the two extended complexes. The porcntial threshold of an 

extended complex is used to decide nearly cove=! examples. All examples between threshold and 

potential threshold are nearly covered examples. Potential threshold will be defined later. + and • 

are positive and negative examplest respectively. In this figure. CPXI has higher current quality 
than CPX2. but has liale potential improvement., since it is sunounded by negative examples. In 

contrast. CPX2 has lower current quality t but has larger potential improvement 

Before presenting the evaluation function, I first precisely defme nearly covered examples. 

To do this. the potential threshold of an extended complex c:px PTIi(c:px) is introduced first The 

potential threshold is defined by: 

PTIi(cpx) • TIi(c:px) • n • ADS(cpx) 
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where TII(cpx) is the threshold of cpx. and n is a positive integer. The larger the value of n. the 
greater number of nearly covered e.xamples. If n is too large, all examples become nearly covered 

examples. If n is too small, only few examples are nearly covered. The experimental results shoN 

that 2 is a reasonable number for n. ADS(cpx) is the Average Decrease of the degn:e of fit between 

examples and the base complex of cpx on all possible specializations of the complex. Eac:l 
specialization of a.complex decreases the degree of fit of some examples. Suppose the value i or 

attribute A is removed &om the base complex of an extended complex. the degn:e of fit between all 

examples with the value i of attribute A and the base complex decreases. The amount of decrease is 

the ratio of the weight of the selector whose corresponding attribute is A and the possible largest 
distance MAXDIS(cpx) which w~ introduced in section 2 of this chapter. This amount of 
decrease is only an approximation because the weights of all selecton change after the 
specialization is done. ADS(cpx) is computed as follows: 

'lit" Wj * 1ADS( )cpx • .l..J MAXDlS(CPX) iii 

Where Wi (1 SiS m) is the weight of the selector i in cpx. m is the number of selectors in cpx. 

Nearly covered examples of an extended complex cpx are all examples whose degn:es of fit 
to the base complex of cpx are smaller than TIi(cpx) and larger than or equal to P'IH(cpx). 

threshold threshold 

+ + 
+ 

+ 

CPXl CPD 

Fiaure 5.12: Wusttation of the difference between 
the cunent quality and potential improvement ofcomplexes in phase 2 
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The potential improvement of an extended complex is evaluated from nearly covered 

examples of the complex. The more positive nearly covered examples, the higher potential 

improvement Each of the nearly coven:d examples is associated with a value that ranges from LS 

to 1. This value is used in evaluating the potential improvement Examples closer to threshold g!t 

larger value than examples further from threshold., because the nearly covered examples closer tl) 

threshold have more chance to become covered examples than the examples farther from threshold. 

The value of all covered examples can be considered as 1. Thus, most of the nearly covered 

examples get a smaller value than covered examples. This is reasonable. because nearly covered. 

examples only have a chance to become covered. but they are not covered yet The extended 
complex potential quality evaluation function E(l)QEF of the complex cpx is defined as: 

PC(cpx) • PC(cpx) 
pos PC(cpx) + NC(cpx) 

PC(cpx) lIP + I VNC(ncPi. cpx) 
DCpi • nearly-eovered&: POS 

NC(cpx) = n + I VNC(ncni. cpx) 
ncni e nearly~oycred &: NEG 

PC(cpx) and NC(cpx) are the positive coverage and negative coverage of cpx. The positive 

coverage is the sum of two pans: the number positive examples covered and the sum of the values 

of all nearly covered positive examples. The negative coverage is the sum of the two 

corresponding pans. This evaluation function is similar to the quality evaluation function. the 
difference is that the number of positive and negative examples in the quality evaluation function is 
replaced by the positive and neptive coverage. VNC(ncpi. cpx) and VNC(ncni, cpx) are the value 

of the nearly covered positive example nCPi and the nearly covered negative example nenit 

respectively. pas is the total number of positive examples. p and n are the number of positive and 

negative examples coven:d by the complex. respectively. 

The value of a nearly covered example e of the extended complex cpx VNC(e. cpx) is 

computed as follows: 

VNC( ) lOS. TIl(cpx) - SSM(e. cpx) 
e, cpx· -. TH(cpx) - PTH(cpx) 
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SSM(e, cpx) is the degree of fit of the example e to the complex cpx. because e is a nearly covered 
example, P'IH S; SSM(e, cpx) < TIt . 

5.5.4 The Criterion for Selecting Specialization Operations 

In both the base complex generation algorithm and the extended complex optimization 
algorithm. a general-t4>specific beam search is performed. In each step of the specialization 

process, some systems, e.g. CN2 (Clark and Niblett. 1989), generate and evaluate all possible 

specializations of a complex. This approach increases the complexity of the learning alaorithm 

dramatically when the domains of some atUibutes are very large. FCLS does not generate all 

possible specializations, instead it selects one value for each atttibute as the specialization 
operations of a complex. 

Because the purposes of the specializations in the base complex generaliOll algoriduD and t:be 

exumdec:l complex optimization algorilhm are different. the criteria for selecting me specialization 
operations are different. We first introduce the criterion used in the base complex Imention 
algorithm. The specialization of a base complex in this algorithm aies to reduce the number of 
negative examples saictly covered by the base complex as much as possible and the number of 
positive examples strictly covered by the base complex as few as possible. Therefon:. the value of 

an aaribute that appears the most frequently in the negative examples strictly covered by the base 

complex and the least frequently in the positive examples strictly covered by the base complex is 

selected as one specialization operation of the base complex. Specifically. the value Vilt of the 
atttibute Ai with the smallest conditional probability p(poslAi • vuJ is selected. Where pos is the 
set of all positive examples strictly covered by the base COmplex. 

In the extended. complex optimization algorithm, the criterion is more complex. The purpose 

of specialization of an exwxled. complex is to remove nearly covered negative examples as much 
as possible and just covered positive examples as few as possible. Just covered positive examples 
of a extended complex are the examples that are covered by the complex and near the threshold. As 

nearly covered. examples. each of the just covered examples is also associated. with a value ranled 
from 0.5 to 1. It is computed in a similar way as nearly covered examples. 

VJC( ) • 1 _ 05 • SSM(e, cpx) - TH(cpx) 
e. cpx . TH(cpx) • PTH(cpx) 

The reason that a value is as~ianed to each just covered example is stated below. When a base 
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complex is specializ.ed by removing a value of an attribute. the degree of fit of all examples that 

have this value is reduced. If such examples are just covered. it is very possible that their degree of 

fit drops below the threshold so that they are excluded from the extended complex. The just 

covered examples whose degree of fit is closer to the threshold are more likely to be excluded from 

the extended complex during the specialization. 

The best v.alue of an attribute for specialization is the value that appears in many nearly 
covered negative examples and few just covered positive examples. Specifically. for each attribute 
A, the value Vi is selected which has the smallest result of the formula 

sPi 

Where SPi is the sum of the value of all nearly covered and just covered positive examples which 

have the value Vi, snj is the sum of the value of all nearly covered and just covered negative 
examples which have the value i. 

5.6 Unknown Attribute Values 

In real-world applications it is not unusual to encounter examples. some of whose attribute 
values are not known. Unknown values influence the learning system introduced above in the 
following three ways: 

1. 	 The evaluation of quality and potential quality of a complex may require computing the 

degree of fit of an event which has some unknown auribute values. 

2. 	 Unknown values may be involved in computing weights of selectors. 
3. 	The description may be used to classify an unseen event that has unknown values. 

FQ.S's bybrid representation allows it to handle unknown values in a very simple way. This 
method is different from some other methods (e.g., Quinlan. 1989). In Fa..s the result of a match 
between an attribute value of an event and a selector is either 1 (matched) or 0 (unmatched) for a 
nominal attribute, a value between 0 and 1for a linear attribute. The result of the match between an 
unknown attribute value and a selector is n/m. where n is the number of values involved in the 
selector. and m is the total number of values in the domain of the attribute. 
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Chapter 6 

EXPERIMENTS WITH FCLS 

To evaluate the approach proposed in chapter 5 and compare it with other inductive leaming 
approaches, a number of experiments were conducted on various domains with the Flexible 
Concept Laming System (FCLS) and the decision tree learning system C4.S. This chapter first 
outlines the experimental methods and the domains used in the experiments, then reportS the details 
of the experimental results. 

6.1 Experimental Design 

The experiments described in ws chapter were designed along with three dimensions. First. 
the experiments were performed on various domains, some of which are favorable for the 
approach, the others are not. Second, different learning algorithms were applied to learn concept 
descriptions from examples in the experiments. Finally. the performance was evaluated on the 
classification accuracy on unseen events and the complexity of generated concept descriptions. 
This section discusses these three dimensions. 

6.1.1 Experimental Domains 

To thoroughly teSt FQ.S. eight domains were selected for the experiments. The domains can 
be divided into three ca!Cgories: domains favorable to FCLS. domains unfavorable to FQ.S. and 
real world domains. The domains in the lust two categories, favorable and unfavorable domains, 



are artificial. Fa..s is expected to achieve better performance on both classification accuracy and 

description complexity than other inductive learning methods on favorable domains. Favorable 

domains were designed to test the effectiveness of the approach and if the approach improved 

performance. This category includes three domains. The domains and their experimental results are 
described in section 6.2. 

When the FCLS approach was designed. it is hoped that the approach has the ability to 

automatically adjust its representation to adapt different problems so that it can be applied to a wide 

range of learning problems. Unfavorable domains serve as a demonstration of the applicability of 

FCLS. 'I'hree domains were chosen as unfavorable domains. Two of them involve small DNF 

formulas. and the other is ll-multiplexor. The domains and their experimental results are 
discussed in section 6.3. 

All domains in the flfSt two categories are artificial. The ultimate goal of this research. 
however. is to develop a leaming approach that can be applied to solve some real world problems. 

Two simple and widely used. real world problems. Congress voting records and Lymphatic cancer, 

were selected to test FCLS. Section 6.4.pves the descriptions of the problems and the 
experimental result on them. 

6.1.1 Leaminl Methods 

The core of the learning approach introduced in Chapter 5 consistS of two algorithms: the 

base complex generation algorithm. and the extended complex optimization algorithm. The 
extended complex optimjzation algorithm optimi~s an extended complex by adjusting its threshold 

and learning its weights. To deeply understand the performance of the approach. these algorithms 

should be evaluated independently. and compared with each other. Four methods. the base-cpx. 

the no-weight, the c-weipt, and the d-weight, were implemented in FCLS, and involved in all 

experiments. The base-cpx method was realized as the base complex generation algorithm. When 

the base complex generation algorithm termjnates. the 'best' base complex is selected. The base­

cpx method generates a disjunction of base complexes as a concept description that is equivalent to 

the descriptions generated by AQ15 (Michalski. et al.• 1986). The differences between the base 

complex generation algorithms and AQ algorithm were discussed in section 5.4. The base-cpx 

method provides the performance baseline for other methods. 

The no-weight method is realized as the base complex generation algorithm plus threshold 

adjusting. That is. an extended complex is optimized by threshold adjusting only. no weight 
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leaming is involved. Thus, a concept description generated by the no-weight method is ~sented 

as a set of extended complexes whose selectorS are equally weighted. 

The c-weight and d-weight methods were realized by the two algorithms: the base complex 

generation algorithm and the extended complex optimization algorithm. That is. these two methods 

generate an extended complex with both threshold adjusting and weight leaming. Thus. each 

selcctar of an extended complex generated by these two methods has a weight thai; can be any value 

between 0 and -. The difference between these two methods is in the weight learning algorithms 

used. The c-weight method uses the count-based weight learning method, while the d-weight 
method uses the degree-fit-based weight learning algorithm.. 

In the experiments conducted. PCLS was run with all these four methods on all domains. 

These four methods are compared based on the experimental results to see how each method 

performed. To compare PQ.S with other inductive learning methods. the decision tree leaming 

system C4.5 (QuiDlan. 1987) was run on the same domains. 

In the domain of conpessional voting records, PCLS was also run with different settin, of 

the parameter MIN·COVERAGE which contrOls the distribution of the represenwioo between 

generalizecl extcJ?ded complexes and exemplars. 

6.1.3 Performance Evaluation 

The performance of PCLS was evaluated on two aspects: classification accuracy and 

description complexity. Classification accuracy was measured as the percentage of correct 

classifications made by 1:he concept descriptioo,enerated by PCLS on a set of test evenlS. The test 

set was either the entire space of events or a set of randomly selected events which are different 

from the uaininl set. Two classification methods. the strict method and the flexible metbod. were 
used to classify test events, so the accuracy of a description was reponed for both methods. 

Accuracy of the met method was called S-accuracy. and accuracy of the flexible method was 
called P-accuracy. 

Description complexity was measW'ed by three pans: the number of extended complexes. the 

number selectors, and the number of exemplars involved in a description. When the parameter 

MIN'-COVERAOE was set to 0, no exemplar was lenerated and the complexity was only 

measured by the number of extended complexes and the number selectors. The complexity of 

decision trees is measured by the number of leaves in a =eo 
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6.1.4 Experimental Method 

In all experiments, Fa..s was run on randomly generated training sets of various sizes. The 

sizes of training sets varied according to the particular learning problem; in all artificial domains, 

for example, training sets were of lOO, 200, 300, and 400 examples. For c.ach training set size, 

Fa..s was run on four different randomly generated trai.ding sets. The final descriptions produced 
from these four runs were tested for accuracy on a set of test events. and were measured for 
complexity respectively. The results reponed in the following sections are the average of the four 
NIlS. The parameter MAXSTAR that determines the width of the beam search in learning was set 

to 3 for all experiments. The decision a:ee algorithm C4.'s (Quinlan. 1987) was run on the same 

training sets as Fa..s with and without pruning. and the decision trees produced were tested on the 

same set of test se~. C4.'s ~as run with default values of all parameters. 

The experimental results are presented in the following sections as tables. Each table reports 

the result from one domain. Each table contains six columns: size. method. S-acclUacy, F­
accuracy, #cpxllvs, and #sel. size is the size of a training set. In the tables, the experimenCll results 

are shown for six methods: C4.'s without pruning. C4.'s with pruning, Fa..s with four methods: 

the base-cpx. the no-weight, the c-weight and the d-weight. S -accuracy and F-accuracy are the 
percentage of the number of correctly classified test events using the strict and the flexible 

classification methods. respectively. All events can be uniquely classified by a decision tree, so 
flexible classification method is not meaningful for C4.'s. #cp:r. and #sel are the number of 

extended complexes and selectors involved in the concept descriptions of all concepts in a domain 

produced by F<1S. #lvs is the number of leaves of a decision tree produced by C4.5. 

6.2 Experiments on The Domains Favorable for FCLS 

The experiments described in this section were perfonned on three specially designed 
domains. called designed problem I to m. These domains were specially designed to test the novel 
features in FCLS, e.g .• threshold adjusting and weight learning methods. It is expected that the 
1caming approach described in Chapter 5 improves the peri'ormance over other inductive learning 
approaches on these domains. The following subsections describe the details of each domain. and 

report the experimental results. 
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In the experiments performed on these three domains. four training sets sizes 100.200.300. 
and 400 were used. During testing. the set of 1000 events was used as the test set. Both .~IN· 
COVERAGE and MAX..ERR·RATE were set to 1. so no exemplar was generated and the 

descriptions generated by FO..S were complete and consistent. 

6.2.1 Desiped Domain I 

This domain contains two classes. positive and negative. and 10 nominal attributes each of 

which has four values: 0. 1. ~ and 3. More than 1 million events were distributed between the NiO 

classes: positive and negative. The rule for distinguishing positive class from negative class has the 

aenera! form of "at least k of n conditions are satisfied.tt Specifically. the rule is "if any Sor ~ 
of the first 7 attributes of an event are equal to 0 or 1. then the event belongs to positive clas~ 
otherwise it belonp neptive class", This rule is compactly represented by one extended complex: 

[Xl - 0 vi]: 1 

[X2 - 0 vi]: 1 
[X3. 0 vi]: 1 

[X4 • 0 vi]: 1 
[xS. Ov 1]: 1 

[X6-0vl]:1 

[X7-0V 1]: 1 

Threshold. sn • 0.71 

where the number following a selector is tile weight of the selector. In a ttaditional logic type 

representation, 21 disjuncts are needed to describe the rule. In addition, tile rule can be viewed as 
araded. the events witil more 0 or 1 values for all first 7 attributes are more typical than the events 
with fewer 0 or 1 values of tile first 7 attribules. For example, el and ~ are two events of positive 
class, and described by two vectors: 

el: (000 0 0 0 0 2 3 2) 
~: (0 0 0 0 0 2 3 3 1 0) 

el is a typical event of positive class, while C2 is a less typical event. because el satisfies all 
condiIions of the positive class. while C2 only sarisfies Sof the 7 conditions. The flexible degree of 
fit between eland the extended complex is 1. and the flexible degree of fit between e2 and tile 
extended complex is O. The flexible degree of fit reflects typicality of an event. 



The advantage of the hybrid representation over conventional logic type representations on 

this type of problems is obvious. The experiments on this domain were designed to demonstrate 

the effectiveness of the learning algorithm .that learns concept descriptions represented in the hybrid 

representation. 

Table 7.1 shows the experimental results of this domain. A significant improvement was 

achieved on both classification accuracy and description complexity by the no-weight, the c­

weight. and the d-weight methods over the base-cpx method and C4.5 at all ttaining set sizes. 

Descriptions generated by the no-weight. the c-weight, and the d-weight methods are represented 

as extended complexes whicb are appropriate for this domain than base complexes that are used by 

the base-cpx method. The complexity of the descriptions generated by the basc-cpx method 

increases with the increase in the size of training sets. In contrast. the complexity of the 

descriptions generated by the other tbn:e methods decreases with the increase of the size of training 

sets. The performance improvement obtained by the the no-weight. the c-weight. aDd the d-weight 

methods sbows the effectiveness of the learning algorithm described in Chapter 5 in generating 

concept descriptions that have the form of "at least k of n conditions are satisfied.» 

The resUlts. summarized in Table 7.1. show that the no-weight method achieved the highest 

classification accuracy and the lowest average complexity among all methods. This result is 

reasonabJe. because all conditions of the target concept description are equally important. that is. all 

selectOrS of the extended complex describing the target concept are equally weichted. In the no­
weight method. the weights of all selectors were set to 1 without any change during leaming. In 

the c-weight and the d-weight methods. weights were adjusted based on the training examples 

during learning. Althouch all weights learned were close to each other by the c-weight and the d­

weight methods, they were not exactly equal so that the fmal description did not exactly describe 

the talJet concept. In real world domains. concepts are often imprecise, and weights of conditions 
of a concept are seldom exactly equally imponant, so this should not be a problem for learning 

imprecise concepts in the real world. 

Method S-accurac F ·accurac #sel 
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100 C4.! 
no pruning 67.3±l.O 34.0±3.0 
pruning 

FCLS 
69.3±3.2 7.0±6.0 

base--cpx 67.9±4.3 73.0±4.0 6.0±l.O 33.0±9.0 
n9-weipt 87.S±4.7 88.3±S.9 2.3±O.7 17.S±7.2 
c-weipt SO.8±4.1 83.S±3.S S.3±1.3 39.S±10.S 
d-weight 83.1±S.4 8S.9±4.9 2.S±O.S 21.S±3.2 

200 C4.! 
no pruning 69.6±4.1 S4.3±6.7 
pruning 

FCLS 
72.1±2.7 16.0±9.0 

base--cpx 76.0±2.3 76.4±2.7 I1.3±1.3 S1.0:1:12.0 
no-weipt 89.4±S.4 92.0:1:3.9 3.3±1.3 27.3::1:9.3 
c-weight 89.W.l 92.3±3.8 3.0:1:1.0 26.3::1:9.3 
d-weight 84.S±7.8 86.3±4.S S.S±2.S 46.8±17.8 

300 C4.! 
no pruning 72.4±2.I 112.0:1:9.0 
pruning 

FCLS 
73.4±2.6 lS.3±6.7 

base--cpx 79.9±1.7 80.S±1.9 19.5±2.S 97.S±II.S 
no-weipt 99.2±2.S 99.2±2.6 2.8±2.2 18.3±12.7 
c-weight . 97.4±1.9 98.2±1.8 3.S±l.S 2S.S±ll.S 
d-weight 98.9±1.1 99.2%0.9 2.S±O.S I6.S±3.S 

400 C4.! 
no pruning 74.0%3.2 IS7.8::1:9.8 
pruning 

FCLS 
72.W.8 17.S±I3.S 

base--cpx 83.7±1.4 84.2%O.S 27.0:1:3.0 I41.S±8.S 

no-weight l00.0±0.O lOO.O±O.O 2.0±0.0 14.0±0.0 
c-weight l00.0±0.O IOO.O±O.O 2.0±0.O I4.0±0.0 
d-weight 99.9±0.2 IOO.O±O.O 2.0±0.0 I4.3±O.7 

Table 7.1: Results from designed problem I 



In all experiments. accuracy of the flexible classification method was not lower than the 

accuracy obcained by the strict classification method. It means that the flexible classification r:::thod 

com:ctly classified many of the multiple-matCh and no-match events. 

The base-cpx method achieved higher accuracy than C4.S at all sizes but the lowest siz e. In 

the training set of 100 examples. the accuracy of the saict classification method is lower thar the 

accuracy of C4.S with pruning. The accuracy of C4.S shows little improvement with the incrc'QSe 

in the size of the training set. 

The no-weight method produced the exact target concept descriptions for both the positive 

and negative classes at three of four training sets of 300 examples. and all four training sets of 400 

examples. The base complexes of the extended complexes of the two descriptions produced by the 

two methods with weight learning are the same as the target concepts. but their weights and 

thresholds are slightly different from the target concepts. Following is one of the descriptions 

produced by FCLS with the d-weight method. 

Positive class: Negative class: 

[xl =Ov 1]: 3.42 [x 1 =:2 v 3J : 3.00 
[xl = 0 v 1] : 3.SS [xl =2 v 3} : 3.20 

[x3 • 0 vi] : 3.18 [x3 = 2 v 3] : 2.83 

[x4 • 0 v 1] : 3.08 [x4 = 2 v 3] : 2.68 

[xS = 0 v I} : 3.27 [xS = 2 v 3] : 3.02 

[x6 =0 v I} : 2.98 [x6 = 2 v 3] : 2.94 

[x7 • 0 v 1] : 3.48 [x7 =2 v 3] : 2.68 

Threshold = 0.69 Threshold = 0.41 

6.2.2 Designed Domain II 

Two classes, positive and negative. and eight linear ataibutes are involved in this domain. 

The d~mains of the eight linear ataibutes are same and include four values 0, 1. 2 and 3. The 

positive class is described by six conditions. two of which are as twice important as the other four 

conditions. Specifically, the positive class is expressed by one extended complex: 
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[Xl" 0 v 1]: 2 

[X2" 0 vI]: 2 

[X3 .. 0 vi]: 1 

[X4 .. 0 vi]: 1 

[XS" 0 vi]: 1 

[;xo=OvlJ:1 

Threshold =5/8 =0.625 

The classes are more complicated than the flrSt designed domain in three ways. First. all 

attributes are linear in this domain. Second. the weights of all selectors are not all equal. Third. 
negative class are described by more than one extended complex. Therefore. it is much more 
difficult to learn the class descriptions in this domain than in the designed domain I. This domain 
was designed to show the effectiveness of weight learning methods. and the ability to handle linear 

amibutes. 

Table 7.2 shows the results of the experiments in this domain. Many of the results shown in 

Table 7.2 are similar to the results in Table 7.1. rU'St. the accuracy of the descriptions generated by 

the no-weight. c-weight. and d-weight methods was an improvement over the descriptions 
generated by the base-cpx method. but not as large on difference as in Table 7.1. Second. the 
descriptions generated by the no-weight. c-weight. and d-weight methods are simpler than the 

descriptions generated by the base-cpx method. but not as much as in Table 7.1. Finally, when the 
flexible classification method was used to classify no match and multiple match events. the 

accuracy shows an improvement over the strict classification method. the improvement in this 
domain is larger than in the first domain. 

The imponant difference between the results in Table 7.2 and the results in Table 7.1 is that 

the improvement in accuracy was achieved by the two methods with weight leaminl methods: the 

c-weight and d-weight. 1'be improvement increases with the increase in the size of the training sets. 
The descriptions generated by the c-weight and d-weight methods are also simpler than the 
descriptions generated by the no-weight method. These improvements were expected and 
demonsU"ated that the weight learning methods worked properly. The results of both accuracy and 
complexity are close for the two different weight learning methods: the count-based and the degree­

of~tit-based. 
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Size Method S-accuracy F-accuracy #c-'px/#I vs #sel 

100 
 C4.5 


no pruning 
 ·7S.0±4.6 40.0±3.0 
pruning 73.8±2.S 10.8±3.8 

..FCLS 


base-cpx 
 70.7±2.1 7S.6±2.3 7.8±1.2 43.0±7.0 
no-weiiht 77.S±2.8 81.4±4.3 4.8±O.8 33.0±4.0 
c-weiiht 80.2±2.8 83.8±3.0 4.S±l.S 33.S±ll.S 
d-wei!rht 78.2±3.2 83.9±4.S 4.S±1.S 3S.0±12.0 

200 C4.5 

no pruning 
 79.3±4.0 74.S±IS.S 
pruning 81.0±S.4 13.0±3.0 


FCLS 


base-cpx 
 77.4±1.8 81.W.4 6.3±1.7 44.0±8.0 
no-weiiht 80.9±1.9 8S.S±1.4 7.8±O.8 S1.8±8.2 
c-weiiht 84.D±2.3 87.7±2.9 6.3±1.7 . 44.0±8.0 
d-weight 83.8±2.3 87.9±2.4 6.0±1.O 44.3±9.7 

300 C4.5 


no pruning 
 81.6±1.4 98.8±lS.2 
pruning 82.9±3.0 18.3±5.3 


FCLS 


base-cpx 
 78.1±2.1 81.9±1.3 14.8±1.2 84.0±6.0 
no-weight 82.8±1.0 86.3±1.1 68.3±9.7 

c-weight 
lO.8±1.2 

87.1±1.3 90.9±1.8 7.3±O.7 49.8±8.2 
d-weight 87.3±O.6 90.9±1.7 S2.5±4.S7.8±1.2 

C4.5 

no pruning 


400 
82.3±2.2 123.3±13.0 

pruning 21.S±6.S84.7±O.3 
FCLS 


base-cpx 
 19.0±2.0 lO4.S±6.S80.4±1.1 83.S±3.0 

no-weight 86.2±1.8 13.0±2.0 83.S±13.S82.2±2.0 

c-weight 92.9±O.8 9.0±1.0 63.0±10.0 

d-weiaht 
89.2±2.S 

92.4±1.8 60.3±3.78.8±O.887.S±2.2 

Table 7.2: Results from designed problem 2 
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S-accuracy of descriptions generated by the base-cpx method is lower than the accuracy of 
decision trees, and their F-accuracy is about the same as the accuracy of decision trees. As 
discussed in seetion 6.2.1. it is almost impossible to learn the exact weights of the target concept. 
thus the generated description is only an approximation of the target concept description. It is 

believed that the examples misclassified from inexact weights are usually the examples near the 
boundary of the conCepL In the real world, the classification of these examples are often uncertain. 

Following is the one of the description generated by FCLS for the positive class. 

[xl -Ov 1]: 2.76 

[xl - 0 v 1] : 2.82 

[x3 - 0 vI] : 1.56 
[x4 - 0 v 1] : 1.51 
[xS - 0 v 1] : 1.28 

[x6 - 0 v 1] : 1.44 

[x7 - 0 v 1 v 3] : 1.11 

Threshold - 0.68 

The base complex of the extended complex is similar to the target concept, it includes an extra 
selector [x7 - 0 v 1 v 3] which has the least weight. The weights of the first two selectors are 
about twice that of the other four selectors. 

6.2.3 Designed Domain III 

Designed domain m contains 15 nominal binary attributes. and two classes: positive and 
negative. The events of the positive class are described by two extended complexes., each of which 
consists of 6 selectors, two of which are as twice imponant as the other four. The positive class is 
described by the disjunction of the following two extended complexes: 

Complex 1: Complcx2: 


[Xl - 0]: 2 [X7 - 0]: 2 


[X2 - 0]: 2 [X8 -0]: 2 

[X3-0]: 1 [xg - 0]: 1 

[X4 - 0]: 1 [XIO == 0]: 1 


[XS - 0]: 1 [xu - 0]: 1 


[X6- 0]: 1 [XI2. 0]: 1 

Threshold - 5/8 - 0.625 Threshold - 5/8 • 0.62S 



Size Method S-accuracy F-accuracy #cpx/#lvs #sel 
100 C4.! 

no pruning 72.9±3.7 14.8±2.8 
pruning 

FCLS 
7.5.8±1.6 8.3±1. 7 

base-cpx 73.4±2.9 77.3±3.4 11.3±1.3 46.0±5.0 
ncrweight 76.9±2..5 79.3±3.1 6 . .5±O.5 52.3±7.3 
c-weight 80.4±3.3 82.8±3.2 .5.8±1.2 49..5±7.5 
d-weight 79.4±3.2 82.2±3.2 .5.3±O.7 4.5.3±7.7 

200 C4.! 
no pruning 78.9±3.S 2S.3±S.3 
pruning 

FCLS 
79.2±2.8 12.3±3.7 

ba.se-cpx 77.6±0.6 79.3±O.6 18.D±2.0 80.S±12.S 
ncrweight 80.0±1.O 82.6±2.9 12.0±1.0 93.3±17.7 
c-weight 86.6±3.1 89.3±4.2 11.S±3.S 9S.3±31.7 
d-weight 84.4±6.2 88.2±4.S 9.S±2.S 8S.0±21.0 

300 C4.! 

no pruning 81.7±1.S 3S.3±S.3 
pruning 

FCLS 
81.6±l.O 19.0±4.0 

base-cpx 80.0±0.9 81.8±1.8 22.S±l.S lO3.0±16.0 
ncrwcight 82.1±1.6 ~S.4±2.9 16.D±2.0 126.3±lS.7 
c-weight 88.8:0.9 90.8±O.8 12.3±6.7 1OS.8±61.2 

d-weiaht 86.W.4 89.1±1.8 14.3±6.3 127.0±S7.0 

400 . C4.! 

no pruning 83.4±2.S 42.S±2.S 

pruning 
FCLS 

82.9±1.4 21.S±4.S 

base-cpx 81.4:0.4 83.2±2.3 26.3±2.7 123.S±13.S 

ncrweight 84.0±1.2 87.S±1.3 21.S±4.S 170.8±37.8 

c-weight 88.6%2.4 91.8±1.2 21.0±6.0 18S.S:I:S 1.S 

d-weight 88.S±2.4 91.4±2.S 19.5±8.S 174.3±70.3 

Table 7.3: Results from the designed domain m 
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This domain was designed to test if FCLS works well when a target concept is described by 

more than one extended complexes, and also to evaluate the two weight learning methods: the 

count-based and the degree-of. tit-based. Table 7.3 gives the experimental results from this 

domain. 

As shown. the accuracy (both S-accuracy and F-accuracy) are improved with the no-weight. 

c-weight, and d-weight methods over the base-cpx method.. As expected. the accuracy of the 

descriptions generated by the two methods with weight learning was also improved over the no­

weight method. The number of complexes involved in descriptions is reduced in the order of the 

base-cpx method. the no-weight method, and the methods with weight learning. but the number of 

selectors in descriptions slightly increases with the same order. Because the optimization phase 

adds more selectors to an extended complex, the extended complexes produced by the no-weight, 

c-weight and d-weight methods involve more selectors than the base complexes generated by the 

base-cpx method. 

Both the accuracy and complexity with the two different weight learning methods. count­

based and degree-of-fit-based. are similar. The degree-of-fit-based method was designed to 

improve the performance when target concepts include two or more extended complexes. The 

experimental results from this domain showed that the d-weight learning method does not work as 

it is expected. and suggest that other weight learning methods should be developed. 

At the training size 300 and 400. the descriptions generated on some of the training setS do 

include the complexes that are similar to the two extended complexes of the target concept. For two 

reasons, the accuracy of the descriptions generated is difficult to improve when it is over 90%. 

F~ the weightS of the two extended complexes in the target concept are defined precisely, but the 

weight learning methods can only generate weights that are close to these precisely defined 

weights. Second. the description of the negative class is highly disjunctive, and is very difficult to 

learn, but in classification of teSt events, both the positive and negative descriptions were applied. 

As discussed. in section 6.2.2, the misclassified examples are usually near the boundaries of the 
concepts, and are less typical, and their classification is fuzzy for a real world problem. 

6.2.4 Summary of The Experiments on Favorable Domains 

This section described the experiments on three specially designed domains on which the 

hybrid representation and itS associated learning algorithm described in Chapter S are expected to 



perform bener than some other inductive learning methods. e.g .• decision tree learning method, 

and the methods using a pure logic-based representation. The experimental results from all of the 

three domains are consistent with the expectation. and show the improvement on both accuracy and 

complexity over the decision tree learning algorithm C4.S and the base-cpx method, a method 

using a pure lopc-based representation. As expected, the weight learning methods improved the 

accuracy over the method without weight learning on the domain IT and the domain m, but the two 

weight learning methods. count-based and degree-of· fit-based. show no difference. The flexible 

classification method achieved higher accuracy than the strict classification method on all 
experiments. 

6.3 The Domains Unfavorable to FCLS 

This section describes. the experiments from three domains: II-multiplexor. 3-term 3DNF 

and 4-term 3DNF for which FQ.S was not specially designed. The hybrid representation has no 

advantage over logic type representations in representing the concepts involved in these domains. 

Adversely, the hybrid representation increases difficulty to learn these concepts because of the less 

representational bias enforced by the representation. When FCLS was designed. it was hoped that 

it could be applied to a wide range of problems. That is, it should adjust its representation to adapt 

to the given problem. The adjusting of its representation in FQ.S is to fmd the optimum 

distribution between the base complex and the similarity measure of an extend ~plex. In these 

domains. the optimum distribution is that each extended complex should be equivalent to its base 

complex. that is. its threshold should be equal to 1. The experiments on these domains are 

designed to test the applicability ofFo..s. 

Four training sets sizes 100. 200. 300 and 400 were used in the experiments on these 

domains. Durinl testinl. the entire event space was used as the test set in the problem 11­
multiplexor. and 1000 testing events were used for the problems of 3-term 3DNF and 4-term 

3DNF. 

6.3.1 It.Multiplexor 

The "Multiplexor" problems were fust used by Wilson (19871, b) to test his system Boole 

which learns concepts expressed as classification rules. Later, this family of tasks was used by 

Quinlan (1988) to cOmpare genetic classifiers with decision-tree classifiers. 
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The "Multiplexor" is a family of tasks in which an object consists of n "address" bits and 2ft 

"data" bits. An object belongs to the positive concept if the particular data bit indicated by the c"..idress 

bits is "onlt. A member of this family of wlcs is named by the total number of bits (numJet' of 
"address" + number of "datalt) involved. For the task F6 the address bitS are "0 and Xl and tl'.: data 

bits x2 through xs. If "0 and x I are both off, for instance. the address is 0 and the object is a m, mber 

of the positive class iff the Oth data bit (XV is on. The rule for the positive concept is: 

["0=0] [Xl =0] [x2= 1] v 
["0 = 0] [Xl = 1] [x3 = 1] v 
["0 =1] [Xl = 0] [X4 =1] v 
["0 =1] [Xl =1] [xs =1] 

The rule for neptive concept is: 

["0 =0] [Xl =0] [x2 = 0] v 
["0 =0] [Xl =1] [x3 - 0] v 
["0= 1] [Xl =0] [X4=0] v 
["0 == 1.] [Xl = 1] [xS == 0] 

Fu has 3 "address" bits and 8 "data" bits. The size of the instance space is 2048. Eacb target 

concept description of two concepts consists of 8 disjuncts (32 conjuncts). 

The results of the experiments on II-multiplexor are swnmarized in Table 7.4. The base-cpx 

method performed much beaer than the two methods with weight learning at the sizes of 100, and 

200, but the methods with weight learning perfonned bener than the base-cpx method at size of 

300, and 400. The above behavior is explained below. As indicated above, the hybrid 
representation is more powerful than conventional logic based representations, therefore. enforces 

less representational bias. For small training sets, because the set of training examples is not large 

enough, many disjuncts that should nOl merge are incorrectly merged into extended complexes that 
have bigher quality than the unmeraed disjuncts. Large training sets prevent extended complexes 

from incorrectly merpna disjuncts. The reason for that the methods with weight learning 

performed better on large training sets will be discussed later. 

Except for the size of 100, similar accuracy has been achieved by the base-cpx method and 

the no--weight method. At the sizes of 300, and 400. the descriptions generated by the two methods 

are almost same and very similar to the target concept deScriptions. In other words, the extended 

complexes generated by the no--weight method are equivalent to their base complexes, and their 
threshold is 1. The no--weight method works well in adjusting representation for a given problem. 
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Size MethOd S·accuracy F·accuracv #cpx/#lvs #sel 
100 C4.! 

no pruning 66.8±9.8 17.S±3.S 
pruning 

FCLS 
6S.3±9.7 12.0±4.0 

base-cpx 74.7±4.4 76.7±6.2 14.S±O.S 64.S±3.S 
no-weight 69.( .:2.4 71.6±1.5 16.0.±4.0 101.0%30.0 
c-weight 68.9±1.8 70.8±3.0 13.5±2.5 90.0±18.0 
d-wei2ht 68.2±1.3 70.4±1.3 13.0±3.0 96.3±21.3 

200 

300 

C4.! 
no pruning 

pruning 

FCLS 
base-cpx 
no-weight 

c-weight 
d-weight 

C4 • .5 

76.3±10.1 

76.4±3.3 

92.0±S.9 
89.3±6.1 

82.7±2.4 
82.6±4.3 

92.3±4.5 

93.5±S.9 
84.6±3.6 
85.5±4.4 

35.0±6.0 

26.0±6.0 

16.3±1.3 

18.S±1.5 
21.3±6.3 
18.8±3.8 

68.0%7.0 

93.5±22.5 

131.8%39.8 
125.5%30.5 

no pruning 90.9±6.0 37.5±8.5 
pruning 

FCLS 
87.1±6.7 29.5±11.5 

base-cpx 93.8±2.0 93.4±1.7 16.3±1.3 67.3±6.3 
no-weight 93.4±4.1 93.0±3.S 16.3±1.3 68.3±7.3 
c-weight 94.9±4.3 95.9±3.9 22.3±2.3 124.5±22.5 
d-weight 92.1±4.6 92.5±S.0 20.8±4.8 129.0%37.0 

400 C4.! 
nopnminl 93.8±S.5 51.3±16.7 
pruning 

FCLS 
91.0±S.9 27.5±10.5 

base-cpx 94.9±3.S 93.6±4.8 16.S±1.5 69.5±9.5 

no-weight 94.9±3.5 93.5±4.9 16.S±l.S 69.5±9.S 
c-weight 97.S±2.S 97.7±3.2 20.8±S.2 105.0%36.0 
d-weight 96.5±1.7 96.7±2.7 22.0%4.0 1~.0:t24.0 

Table 7.4: Results from 11-multiplexor 
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About half of the 8 disjuncts involved in the target concept were co~tly generated by FCLS 

with the c-weicht and d-weight methods at the size 400. The other disjuncts were generated as 

extended complexes whose threshold is smaller than 1. It is surprising that 100% accuracy (for 

both the strict and flexible classification methods) was produced for one training set. while even 

more than half of the 8 disjuncts of the targets were represented by extended complexes with the 

threshold smaller than 1. One interesting point is that some extended complexes with a threshold 

less than 1 are equivalent to some of the 8 disjuncts. For example, the following extended complex 

was generated by FCLS. 

[xl = 1] : 0.95 

[xl = 1] : 1.02 

[x3 =1] : 1.05 

[x6 =0] : 0.86 

(xlI =1]: 1.31 

threshold =0.83 

The Sa1ct coverage of this extended complex is the same as the disjunct (base complex): 

[xl = 1] [xl =1] [x3 = 1] [xlI =1] 

In the extended complex, the weight of the selector [xlI =1] is 0.86 which is the least among the 

5 selectors. The summation of the five weights is equal to 5.19. and the threshold is 0.83 • 

0.86/5.19. This means that if only the selector [x6 =0] is not satisfied by an event, the degree of 

fit of the event to the complex is 0.83, so it is still saictly covered by the complex, but if any of the 

other four selectors is not satisfied by an event, the degree of fit of the event to the complex is less 

than the threshold, so the event is not saictly covered by the complex. The selector [x 11 • 1] is 

redundant when the strict classification method is applied. This example shows another advantaae 
of the hybrid representation, that is it can remove redundant conditions from a disjunct by 

assianina a small weipt to the condition. This advantage is important in learning alaorithms in 
which baclct:rw:kiDl is not allowed. This advantage is also one possible explanation for the fact that 

the accuracy of the descriptions generated by the methods with weight learning is better than the 

accuracy of the descriptions generated with the base-cpx method at the size 400. 

Unlike the three domains described in section 6.2, the descriptions generated by the methods 

with weilht leaminl are more complicated than the ones generated by the base-cpx and the no­

weight methods. There are three possible reasons for this. FlfSt, this domain leaves no room for 

the hybrid representation to merge any disjuncts. Second. extended complexes usually include 
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IDOre selectors. Thi.rd. the extended complexes generated at the beginning of learning cover ~ore 

examples than a disjunct of the target concept, these extended complexes broke the event space into 

small pieces so that more extended complexes have to be generated to cover the remain uncovered 
examples. 

The results in the table show that the accuracy of the descriptions produced by Fa.S witn all 

methods are higher than the accuracy of the decision trees produced by C4.S. At the sizes of l~, 

and 200, the accuracy of the descriptions produced by FCLS is much better than the accuracy of 

the decision trees produced by C4.S, at the sizes of 300, and 400. the accuracy of the descriptions 
generated by Fa.S is slightly better. 

6.3.2 3·term 3DNF Boolean Function 

A I-term kDNF boolean function (pagallo and Haussler, 1988) consists of I disjunctive terms 

of at most k conjuncts each. This section describes the experiments on a 3-tcnn 3DNF boolean 

function. and next section describes the experiments on a 4-term 3DNF boolean function. The 3­

term 3DNF boolean function involved in the experiments consists of three disjuncts, each of which 

has exactly 3 conjuncts. No attribute is shared by two disjuncts, and the total number of attributes 
in this domain is 12. 

Table 7.5 shows the experimental results. As shown in the table. the accuracy of descriptions 

generated by the two methods with weight learning is worse than the other two methods the base­

cpx and the no-weight method. especially at small training sizes. As in the domain of 11­

multiplexor. this decreased accuracy is due to the week representational bias enforced by the hybrid 

representation. In spite of the problem, the accuracy of the methods with weight learning is still 

comparable with the accuracy of C4.S, and at size 400, the target concept description was 

generated on some training sets by the methods with weight learning. The results sugiest that 

stronger bias should be applied during learning especially when the training set is small. 

Another important result is that the accuracy of descriptions generated by the base-cpx 
method is much higher than the accuracy of the decision trees obtained froin C4.S. This may be 

partially attributed to the Probabilistic Looking Ahead Criterion used in the base complex 

generation algorithm. In the base-cpx method, only the base complex generation algorithm is 

applied to generate a complex. In this algorithm. each complex is evaluated by the base complex 

potential quality evaluation function in which the probabilistic looking ahead criterion is used. The 

potential quality of a complex involves the current quality of the complex as well as the potential 
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improvement of the complex. The probabilistic looking ahead criterion computes the potential 

improvement of a complex based on the relevance of the attributes involved in the complex. The 

more relevant the attributes. the more potential improvement. In this way. the relevance of an 

attribute is not evaluated independently. instead it is evaluated together with other attributes. When 

a concept has a few distant disjuncts, it is not reliable to evaluate the relevance of attributes 

independently, they must be evaluated jointly. A one-step looking-ahead criterion has been 

implemented in FCLS. That is. the relevance of attributes is evaluated based on only two joint 

attributes. When each disjunct consists of only a few conjuncts. e.I., 3 in this domain, this one 

step lookinl ahead criterion may work well. Another possible reason for the hilher accuracy 

achieved by the base-cpx method is that a decision tree learning algorithm performs the hill 
climbing search, while the base complex generation algorithm performs the beam sean:h with the 
width 3. 

At size 100. the tarlet concept was generated on three of the four aaining sets by the base­

cpx method. the description generated from the other training set is very close to the target concept. 
and at the sizes 200, 300, and 400. the tarlet concept was always produced by the base-cpx 

method. From the table. one can see that the accuracy is not 100.,. This is because in a rule 

leaminl allorithm, the descriptions for both positive and neganve concepts an: learned and used to 

classify unseen events. In this domain. the description of negative concept is hi&hly disjunctive and 

includes 27 disjuncts. so it is very difficult to learn the description for the negative concept. This is 

why it is so difficult to achieve 1()()% accuracy. Ifonly the description of the positive concept were 
used for classification, the accuracy would be 100%. 

Another imponant and interesting result is that the accuracy obtained through the no-weipt 

method is close to the accuracy of the base-cpx method, the F-accuracy of the no-weight method is 

even slightly better than the base-cpx at the sizes 200. 300. and 400. As the base-cpx method. the 

no-weight method generated the exactly same description of the tarlet concept at sizes 200, 300. 

and 400 as welL This incerestinl result sUllests that weilht leaminl methods should not be 

applied to learn well and precisely defined concepts. This result also shows that the algorithm 

works fine in adjusting thresholds ofcomplexes to adapt to the learning problems liven. 

Finally. the flexible classification method has significantly improVed the accuracy over the 

strict classification method, and the averaged improvement is larger than 5'1. Many DO march and 

multiple march events were created by the generated incorrect description of the neplive concept. 

These no match and multiple match events cannot be classified by the strict method. while many of 

them an: correctly classified by the flexible method. 



Size Method S-accuracv F-accuracy #cpx/#Ivs #sel 
100 C4.S 

.­
no pruning 82.9±2.4 12.S±1.S 
pruning 

FCLS 
82.7±2.8 9.3±1. 7 

. base-cpx 8S.S±1.9 91.3±4.1 9.3±O.7 31.3±3.7 
no-weight 83.0±.5.S 89.1±6.9 8.0±O.O 4S.3±4.7 
c-weight 80.7±7.S 82.9±6.0 6.8±O.8 SO.8±12.8 
d-weight 79.7±S.4 82.2+S.5 6.S±O.S 47.8±9.2 

200 C4.S 

no pruning 88.1±3.4 21.S±4.S 
pruning 

FCLS 
gS.8±2.4 13.8±L8 

base-cpx 92.2±l.O 97.1±2.1 l1.S±O.S 40.O:t3.0 
no-weight 88.4±1.2 98.S±2.6 lO.8±O.8 6S.8±S.2 
c-weight 88.6±O.6 91.9±3.7 9.3±1.7 63.8±IS.8 
d-weight 88.3±1.7 90.0±3.2 8.S±1.S S7.3±7.3 

300 C4.S 

no pruning 94.D±2.9 2S.3±4.7 
pruning 

FCLS 
89.6±S.0 16.3±4.7 

base-cpx 94.1±O.S 97.S±1.3 12.8±O.8 44.3±2.7 
no-weight 90.0±2.2 98.9±2.3 12.8±O.8 74.S±9.S 
c-weight 90.7±1.9 9S.3±1.6 9.S±1.S 60.8±22.2 
d-weight 90.7±1.8 94.0±3.2 lO.3±1.7 72.'s±23.S 

400 C4.S 

no pruning 9S.7±1.6 30.0±4.0 
pruning 

FCLS 
94.6±1.8 24.S±O.S 

base-cpx 94.8±l.O 98.3±1.9 12.8±O.8 43.S±3.S 

no-weight 92.4±1.6 99.1±O.7 13.2±O.7 64.3±11.7 
c-weight 91.3±2.1 9S.8±3.4 11.0±1.0 77.O:t17.0 
d-weight 93.3±1.3 9's.9±3.2 11.3±1.7­ 71.'s±9.S 

Table 7.'s: Results from the 3-term 3DNF boolean function 
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6.3.3 4·term 3DNF Boolean Function 

The target concept of the experimeS:Hs described in this section is a 4-term 3DNF boolean 

function that consists of four disjuncts, each with three conjuncts. No attribute is shared by 

different disjunctS, the total number of attributes is 16. 

Table 7.6 gives the results of these experiments. The results are consistent with the results 
from the 3·term 3DNF reponed in the section 6.3.2. The accuracy of the descriptions generated by 
the base-cpx and the no-weight methods is much better than the other methods. The accuracy of the 

descriptions generated by the methods with weight learning is slightly bener C4.S. The accuracy is 

much greater with the flexible classification method than the strict classification method. The 
description of the target concept was generated on many training sets with the base-cpx and no­

weight methods. The explanations for these results could be found in the section 6.3.2. 

6.3.4 Summary or The Experiments on Unfavorable Domains 

The hybrid representation used in FeLS has no advantage over conventional logic based 

representations on all three of the domains described in this section. Instead it increases the 
difficulty in learning the descriptions for the concepts in these domains because of the weaker bias 

enforced by the hybrid representation. All experimental results in this section show this difficulty, 

especially for the small number of training examples. It seems the main source of the difficulty is 

weight learning. because the results obtained from the no-weight method is similar to the base-cpx 
method and 8R much better than the methods with weight learning. The no-weight method works 
well in adjusting the representation for a given problem. but the weight leaming methods does nOl 
It suggestS dw the medlods with weight learning should be to learn flexible or impn:cise concepts. 

The base-cpx method works very well on all of the three domains, this may be partially 

attributed to the quality evaluation function used in the base complex generation algorithm. The 
flexible classification method significantly improved the accuracy in the domains of 3·tenn 3DNF 
and 4-term 3DNF. 

It seems that the approach described in Chapter 5 is less sensitive to the number of disjuncts 
involved in a target concept description than the inductive learning systems thai use conventional 

logic type representations. The performance of Fo..s does not degrade with an increase in the 
number of disjunctS of a.concept description. 
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Size Metbod S.accuracy F-accuracy #c~x/#Ivs #5el 
100 C4.5 

no pruning 

pruning 

FCLS 
ba.se-cpx 
no-weight 
c-weight 
d-weight 

C4.! 

72.6±9.6 

76.3±S.7 

81.4±2.4 
76.8±6.8 
7S.0±4.S 
71.2±2.0 

92.S±4.S 
83.6±lS.2 
77.4±6.4 
74.S±O.9 

lS.8u.8 

9.8±3.8 

11.3±1.7 
9.0±2.0 
9.S±2.S 
6.3±O.7 

41.S±6.S 
64.8±lS.2 
74.3±24.7 

S8.0±1O.O 
200 

no pruning 77.8u.7 24.S±2.S 
pruning 

FCLS 
78.2±1.1 16.3±.S.3 

base-cpx 8S.4±O.9 96.3±1.1 16.8±2.2 71.8±14.2 
no-weight 84.7±1.6 9S.6±6.0 17.0±6.0 82.0±44.0 
c-weight 80.2±2.6 83.8±3.0 9.0±1.0 76.3±7.3 
d-weight 78.4±O.6 82.0±1.1 9.3±1.3 82.3±7.7 

300 C4.! 
no pruning 83.7±2.1 31.8±4.8 
pruning 

FCLS 
83.3±3.4 21.S±2.S 

ba.se-cpx 87.S±2.3 98.6±3.6 20.S±O.S 94.S±9.S 
no-weight 84.6±O.4 98.4±4.1 13.3±O.7 90.8±4.8 
c-weight 8S.2±O.3 90.6±4.0 11.3±1.3 89.0±7.0 
d-weigh_t 83.S±4.7 89.9±S.8 11.3±O.7 86.8±16.2 

400 . C4.5 
nopnming 87.S±.S.O 39.0±3.0 
pruning 

FCLS 
86.4±2.8 24.0±2.0 

ba.se-cpx 89.S±1.S 100.0±0.O 22.3±1.3 lO4.3±9.3 
no-weight 8S.8±4.0 98.4±4.4 16.3±O.7 103.8±16.2 
c-weight 8S.S±O.8 91.S±2.0 13.S±1.S 11S.0±23.0 

d-weight 84.S±2.8 90.S±2.1' . 13.0±1.O 109.3±26.7 

Table 7.6: Results from the 4-tenn 3DNP boolean Function 
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6.4 Real World Domains 

This section repons the experimental results from two real world domains: congressional 

voting records and lymphatic cancer. These two domains are selected to test the applicability of 

FCLS to real world problems. In addition to the experiments using different methods, the 

experiments were done with varying values of the parameter M~·COVERAGE in the domain of 

congressional voting records so that the perfonnance could be compared between the descriptions 

with diff~nt distributions between generalized extended complexes and exemplars. 

6.4.1 Concressional Votinc Records 

The data used in this section is different from the congressional voting data used in chapter 4, 
and includes more examples. This domain includes votes for each of the U.S. House of 

Representatives Congressmen on the 16 key votes in the 1984. Each key votes is a binary attribute, 
the two values of each attribute is voted for and voted against. The goal of the learning tas~ is 10 

generate rules to distinguish Republican Representatives from Democratic Representatives. The 

total number of examples is 43S of which 232 have all the attribute values and 203 have at least one 
missing attribu~ value. Four training sets for each of four training sizes (SO, 100, ISO, and 2(0) 

were formed by randomly drawing examples from 300 examples, the other 13.5 examples were 
used as testing set. The results reponed in Table 7.7 represent averages of tests run on all four 
ttaining sets. 

Accuracy with all methods including C4.S is similar. One method may be slighdy better than 
some other methods at one training size, but worse at some other training size. The reason for 

such results is that the examples in one concept are very concentrated so that it is easy to generate 

one or two disjuncts to describe me talJet concept &om training examples. For example, at the size 

SO, C4..5 generated a decision tree with only 3 nodes on all four runs. A decision tree with 3 nodes 
is equivalent to two disjunCts, one for republican and one for democratic, and each consists of only 
one condition. The averaged accuracy of such simple descriptions is close 10 ~. 

The number of complexes generated as descriptions is close for all methods, but the number 
of selectors involved in descriptions generated by the no-weight. the c-weight, and the d-weight 
methods is larger than the number of selectors generated by the base-cpx method. As stated in 
chapter S, the base complex of an extended complex captures the basic principles, and includes all 
relevant conditions. while the descriptions generated by C4•.5 are discriminant descriptions, and 

only include the conditions that are enough to discriminate two classes. 
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Size Method S-accuracy 

87.4±7.9 

88.7±6.7 

F·accuracy #cpx/lvs 

2.0±0.0 

2.0±0.0 

#sel 
SO C4.! 

no pruning 

pruning 

FCLS 
base-cpx 86.9±7.3 91.9±6.2 2.S±!.S S.3±3.7 
no-weight 90.4±4.9 90.6±4.7 2.0±0.0 6.3±4.3 
c-weight 90.1±S.2 88.7±6.6 2.0±0.0 S.8±3.8 
d-weight 86.6±5.9 88.6±2.4 2.D±D.O 7.8±O.8 

100 C4.! 
no pruning 90.S±3.3 3.8±O.8 
pruning 

FCLS 
92.6±S.4 2.8±1.2 

base-cpx 88.9±.2.8 94.1±2.S 3.8±l.S 12.0±9.0 
no-weight 90.2±2.4 93.0±3.1 2.0±0.O 13.S~.5 

c-weight 91.2±5.1 89.2±6.S 4.D±2.0 22.O:tlS.0 
d-weight 90.7±5.0 91.9+7.3 3.D±2.0 IS.5±7.S 

ISO C4.! 
no pruning 89.8±7.0 S.O:t3.0 

pruning 

FCLS 
93.3±6.1 2.3±0.7 

base-cpx 90.6±4.0 92.8±7.1 S.0±3.0 16.3±11.7 

no-weight 92.3±1.8 91.0±2.S 3.3±1.3 20.S±7.8 

c-weight 91.O:tl.9 91.0±1.6 4.8±1.8 27.S±12.2 

d-weight 92.3±1.8 91.0±2.S 4.S±O.S 2S.S±6.8 

200 C4.! 
DOpruninl 92.6±1.7 6.D±2.0 

pruninl 
FCLS 

94.6±I.S 3.8±1.8 

base-cpx 90.4±4.7 92.0±3.7 4.3±O.7 12.3±5.7 

no-weight 92.0±1.9 92.7±2.6 4.8±3.2 27.S±13.S 

c-weilht 93.1±3.7 93.9±3.0 S.3±1.3 31.5±5.5 

d-weight 93.4±4.0 94.1±2.7 S.S±l.S 36.O:tlS.0 

Table 7.7: Results from the congressional voting records 
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An experiment was conducted to evaluate the performance of the concept descriptions with 

diffeRnt dislributions between generalized extended complexes and exemplars. In this expe!' ment. 
the parameter MIN·COVERAGE was set to different values 0.0, 0.05, 0.1 and 1. This para:neter 
controls the distribution of descriptions between extended complexes and exemplars. When ,'lIN­

COVERAGE :I 0, descriptions are totally represented by extended complexes. When ~:'IN­
COVERAGE :I 1, a description is represented by either one extended complex or a se of 
exemplars. 

Table 7.8 gives the result of this experiment The exemplar-based method worked very well 
in this domain. and the descriptions represented as a set of exemplars have about the same accuracy 
as the pure generalized descriptions. Funhermore. only a small number of exemplars was selected 
for each description. When some small extended complexes of the generalized descriptions were 
replaced by exemplars. the accuracy always improved. The reason for this improvement is that 
these small extended complexes were overgeneralized and committed more errors than larse 
complexes. In such mixed descriptions. each concept is described by one extended complex and a 
few exemplan. The extended complex covers most of the positive examples, and the exemplars 
can be considered as exceptions. 

Size MIN·COVERAGE F-accuracy #cpx #sel #exem 
100 0.0 

0.05 
0.1 
1 

89.2±6.5 
91.8:1:5.4 
92.1±:4.9 
90.0±:5.7 

4.D±2.0 

2.3±0.7 
2.0±0.0 
O.O±O.O 

22.0±15.0 
17.8±6.8 
14.8±4.8 
O.O±O.O 

O.O±O.O 
0.5±O.'s 
1.0±0.0 
9.0±:3.0 

150 0.0 
O.OS 
0.1 
1 

91.0±:1.6 
93.8%3.7 
94.5%1.8 
90.8±:4.1 

4.8±1.8 
2.0:1:0.0 

2.0:1:0.0 

0.0:1:0.0 

27.8±:12.2 
18.3±2.7 
20.3±:6.3 
O.O±O.O 

O.O±O.O 
3.5±().5 
4.8%4.2 
10.0±:3.0 

200 0.0 
0.05 
0.1 
1 

93.9±:3.0 
94.4±2.8 
93.1±:7.8 
93.S±4.8 

S.3±:1.3 

2.S±O.S 

2.0±0.0 
O.O±O.O 

31.'s%5.5 
2S.0±10.0 

17.3±4.3 
O.O±O.O 

O.O±O.O 
6.3±2.7 
8.0±S.0 

13.8%4.2 

Table 7.8: Results of the congressional voting records with different values of MlN-COVERAGE 
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6.4.2 Lymphatic Cancer 

The lymphatic cancer data is characterized by 18 attributes and 4 diagnostic classes. Data of 

148 patients were available. The set of attributes was complete. i.e.• was sufficient for having all 

leaming examples consistent This means that examples of any two classes were always different 

25, SO, 75, and 100 examples were randomly selected for learning respectively. the remaining 48 

examples were used as testing set. All experiments were performed four rimes. The results 

describing the average of the four runs are presented i.n Table 7.9. 

Both the "c-weight" and "no-weight" descriptions gave the better accuracy and are simpler 
than the "base-cpx" descriptions except the size of 25. All methods of FCLS have achieved much 
better accuracy (F-accuracy) than C4..5 especially on the sizes of 75 and 100. From the table one 
can see that the flexible classification method significantly improved accuracy in all experiments 
over the strict classification method. The flexible classification methcx1 classifies non-typical events 

thal are saictly covered by either more than one concept descriptions or no concept description. 
One reason for this behavior is that the descriptions generated are the most specific, and leave 

much event space uncovered. Another possible reason seems to be that the domain includes many 
non-typical examples that cannot be classified by the snict method and are correctly classified by 
the flexible mcthcx1. 

Another striking result is that the concept descriptions generated by the c-weight methcx1 for 
all training sets are described by one extended complex. These descriptions saictly cover most of 
the positive examples but not all, the remaining positive examples being flexibly covered by these 
descriptions. It seems that these descriptions capture the basic principles of these concepts. Such 
one extended complex descriptions leave no room to apply an exemplar-based approach. 

6.4.3 Domains Used to Test POSEIDON 

POSEIDON was experimentally applied to two different problem domains: labor 
management contracts and congressional voting data. The congressional voting data is different 
from the data used in section 6.4.1. To empirically compare POSEIDON and FCLS, Fa.S was 
run on these two domains with the exactly same training and testing data. Table 7.10 shows the 
results. In the table, the terminology used in POSEIDON is used here. ACC is the classification 
accuracy on testing data, in FCLS the flexible classification method was used to classify testing 
examples. trules (lconds) is the number of rules (conditions) involved in the descriptions 

,aenerated. Rules and conditions are equivalent to complexes and selectors, respectively. 
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Size Method S-accuracy F-accuracy #cDx/#lvs #sel 

lS C4.! 

no pruning 66.5±11.2 15.8±11.8 

pruning 

FCLS 
69.7±14.4 6.0±2.0 

base-cpx 66.1±9.4 77.1±12.2 6.0±O.0 16.3±1.3 

no-weight 63.7±S.3 71.S±S.7 4.0±O.0 lS.S±2.S 
c-weight 63.4±12.7 73.S±3.9 4.0±0.0 lS.O±l.O 

SO C4.! 

no pruning 78.3±4.4 23.S±12.8 

pruning 
FCLS 

72.5±5.5 7.S±2.S 

base-cpx 71.2±O.6 79.4±S.4 7.3±1.7 26.0±7.0 

no-weight 7S.1±2.6 S3.0±3.0 4.0±0.0 24.8%2.8 

c-weight 75.9±10.0 Sl.0±9.3 4.0±0.0 26.8±S.2 

75 C4.! 
no pruning 76.0±8.6 34.3±11.7 

pruning 

FCLS 
76.5±4.9 5.5±1.5 

base-cpx 77.4±3.4 83.5±6.S 9.5±1.5 42.8±11.8 

no-weight 79.3±13.7 83.8±7.9 S.O±O.O 34.0 -:7.0 

c-weiRht 79.5±6.S 83.5±1.1 4.0+0.0 26.3±3.3 

100 C4.! 
no pruning 76.4±6.0 50.0±8.0 

pruning 
FCLS 

76.5±7.1 10.8±11.2 

base-cpx 80.4±6.9 84.1±S.9 10.S±1.5 53.0±9.0 

no-weight . 78.2±14.2 86.0±7.9 6.0±1.0 46.3±7.3. 
c-weight 7S.0±7.1 8S.7±12.0 4.0±O.O 29.3±3.7 

Table 7.9: Results of the Lymphatic cancer 

POSEIDON achieved higher accuracy in the domain·of labor management conttacts. while 

FCLS improved in accuracy over POSEIDON in the domain of congressional voting n:cords. The 
higher accuracy achieved by POSEIDON in the domain of labor management contracts may be 
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partially due to the ICI rules generated in POSEIDON. One of the reasons for the higher accuracy 

obtained by FCLS is the representation and the learning method used in FetS. In both 

POSEIDON and FCLS, a description is generated in two phase: description generation phas~ and 

description optimization phase. The major difference between these two systems is the algorithms 

used in the optimization phase. In POSEIDON, a description is optimized by removing some t")f irs 

components (selectors or complexes), while in FCLS a complex is optimized by adding C10re 

selectors. That is why the descriptions generated by FeLS include more selectors. even t:1ey 

include fewer complexes. In the domain of congressional VOting records. most of the founeen 

attributes are relevant to distinguish republicans from democrats, but only some of the conditicms 

involved in these relevant attributes need to be satisfied in order to distinguish a republican 

congressman from a democratic congressman. In the description generated by FCLS. an extended 

complex includes all of these relevant conditions, while in the description generated by 

POSEIDON. only some of the conditions are included. It seems that Fa..5 is more appropriate fer 
this domain. 

Labor Contract Conaress Votina 

ACC #rules konds ACC #rules bnds 

POSEIDON 90% 9 12 92% 10 21 

FCLS 

base-cpx 

no-weight 

c-weight 

83% 

85% 

86% 

7 

2 

2 

19 

13 

13 

89% 

96% 

93% 

5 
'2 

3 

29 
26 

20 

Table 7.10: Results from twO domains used in POSEIDON 

6.4.4 Summary ot Real World Domains 

This section described the experiments on twO real world domains: conpssional voting 

records and Lymphatic cancer. In the domain of congressional voting records, there is little 
difference in accuracy between all methods, but the description generated with the no-weight, the 

c-weight, and the d-weight methods are more concise than the base-cpx method. An experiment 

was conducted on the congressional voting records with the different settings of the parameter 

MIN-COVERAGE. In this experiment, the descriptions that consists of both extended complexes 

and exemplars obtained higher accuracy than the descriptions represented as only exemplars or 
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extended complexes. Both accuracy and conciseness have been improved with the no-weight and 

c-weight methods on the domain ofLymphatic cancer. 

6.5 Summary of Experimental Results 

The results of all experiments from three types of domains are summarized in the following 
paragraphs. In general, the results suppon the approach presented in chapter S. 

In the domains favorable to FCLS. all results are consistent with what were expected. The 
methods with weight learning improved the accuracy and complexity on the method with only 
threshold adjusting that always resulted in a large improvement in both accuracy and conciseness 

over the base-cpx method. The flexible classification method showed an improvement in accuracy. 
These experimental results empirically proved the claim that the hybrid representation and its 

associated algorithm described in chapter S work beuer. than many current existing inductive 
learning methods on concepts with irregular and imprecise boundaries. The results showed no 

difference between the two wciPt learning methods. 

The results from the domains unfavorable to FCLS showed that the base-cpx and the no­
weight methods achieved the best accuracy among all methods. The base-cpx method performed 
much better than C4.S because of the use of the two evaluation functions. The performance of the 
method with only threshold adjusting (the no-weight method) is close to the base-cpx method. and 

the descriptions generated by the no-weight method are very similar to the descriptions generated 
by the base-cpx method. This behavior shows that the no-weight method works well in adjusting 

the distribution of descriptions between the base.complex and the similarity measure. The two 
methods with weight learning deped the perfonnance, especially on the small number of 

training examples. It seems that it is not appropriate to apply weight learning methods to learn well 
defined concepu. 

The result from the two real world domains demonstrated the applicability of Fa.s on real 
world problems. In Lymphatic cancer domain, the no-weight and c-weight methods did improve 

both accuracy and conciseness over the base-cpx method and C4.S. In the domain of congressional 
voting records, all methods perfonned almost equally well in accuracy, the no-weight. c-weight. 
and d-weight methods generated simpler descriptions. 

One result that is consistent in almost all domains is that the flexible classification method 
always improved the accuracy. In some domains, this improvement was significant. 
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CHAPTER 7 

RELA TED WORK 

The research described in this thesis is related to previous work from three areas: flexible 

concept learning. simplification of concept descriptions. and the emerging problem of learning 

with hybrid representations. The work in learning flexible concepts is related to this wen. because 

it shares the same goal as the research reponed in this thesis: to explore methods to represent and 

learn flexible concepts. The work in simplifying concept descriptions is related. because the 

concept descriptions generated by the methods proposed in this thesis are often simpler than 

traditional methods. Finally. because the representations used in this thesis are hybrid the work of 

leaming with hybrid representation is related. This chapter discusses the work in these three related 
areas. 

7.1 Learning Flexible Concepts 

The problem of learning flexible concepts is not new. and has been the subject of much 

research. This work includes fuzzy set approaches. probabilistic approaches. and exemplar-based 

approaches. These approaches are discussed in Michalski (1990) which is rephrased below. . 
Some of the most prominent work in the learning flexible concepts is the work on fuzzy sets 

by Zadeh and his collaborators and many followers (e.g.• Zadeh. 1976;, Mumdani and Gaines. 

1981). This approach has concentrated primarily with representing the imprecision of concept 

boundaries. and has proposed to associate with an imprecise concept a set membership function 
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that defines the degree to which an instance represents the concept. This is usually a continuous 

numeric functioD, which expresses a subjective view of the concept variability. One way to 

interpret the set membership function is as a representation of the typicality of insWlces. It has 

been shown that such a function is useful for computationally representing the influence of 

linguistic modifiers, such as 'very'. 'more'-or 'less', and 'slightly' on the meaning of concepts. 

The fuzzy set approach has been widely studied and has found a number of applications. in 

particular, in the conttol of complex systems. 

This approach does not address, however, a number of issues relevant to representing 

flexible concepts. The membership function must be defined by a person and for every context; the 

approach does not offer methods for automatically deriving such a function. The membership 

function is usually defined as one argument function; it is difficult to characterize in this way 
concepts whose boundaries depend on many arguments. The fuzzy set approach does not seem to 

provide adequate mechanisms for capturing concept extensions, representing multiple but 

interrelated meaning of a concept, reasoning about the context-dependence, or employinl 

backlrDund knowledge for interpreting a concept. A set membership function is not sufficient for 
handling such problems. 

In cognitive science literature, the inadequacy of representing human concepts by context­

independent, logic-style definitions (the classical view), has been widely recoanized (McCloskey 

and Glucksberg. 1978; Barsalou and Medin, 1986; and Lakoff. 1987). There have been other 

views advanced. such as the probabilistic view and the exemplar view (e.g., Smith and Medin, 
1981). 

The probabilistic view represents concepts by prototypes and uses the so-called family 
resemblance principle (e.g., Rosch and Mervis, 1975), while the exemplar view claims that 

concepts are represented by means of examples (e.g., Smith and Medin, 1981; Bareiss, Porter and 

Craig. 1990). Both views can be criticized on various grounds. The probabilistic view, which 

formally is based OIl dle idea of linear separability, disregards the existence of correlations between 

the ataibutes, the context-dependency. and other infonnation that has been shown relevant to 

human concept undersWlding (e.g .• Estes, 1986; Flannagan. Fried and Holyoak, 1986). 

The exemplar view promotes the idea of using similarity-based and context-sensitive 

matching, which has received suppon in the cognitive science literature. It ianores, however. the 

imporWlce of general concept descriptions, that clearly play an imporWlt role in human concept 

formation. Such general descriptions are useful, for example. for comparing different concepts, 
for recognizing them from partial information. for identifying exceptions, handling context­
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dependency, recording concept changes or for efficiently storing invariant information about 
concepts. The above operations are difficult to perform, if concepts are represented only by 
examples. In some work using the exemplar view, general aspects of concepts are captured under 

the idea of "category strUcture," which is a network of domain knowledge that specifies the 

relevance of exemplars to the concept they define (Bareiss, Poner and Craig, 1990). Some recent 

work has advocated a knowledge-based view, which emphasizes the need to deflne concepts 
through their role in theories in which they exist as interrelated components (Carey, 1985; 
Hofstadter, 1985; Schank, Collins and Hunter, 1986; Medin, 1989). 

The two-tiered (TT) representation constitutes a significant depanure from the existing 

approaches, although it has a relationship to most of them. The IT approach assumes that concepts 

have a cenain central tendency, and proposes to describe this tendency explicitly, as the "(mt 
approximation" of the concept. On the other hand, it assumes that concepts' variability and 
context-dependency are best represented implicitly, by appropriate matching methods and context­
and background knowledge-dependent rules of inference. 

. . 
Thus. in the sense that it recognizes that concepts have a central tendency. and that there are 

typical and less typical concept examples, the IT approach is similar to the probabilistic view and 
the fuzzy set representation. It has also a relationship to the exemplar view. as it postulates the use 

of sophisticated matching procedures and inference rules in classifying new instances, and 

recognizes the usefulness of storing individual examples. The 11 approach is also closely related 

to the knowledge-based view, as it stresses the role of background knowledge (and inference) in 
matching concept with instances, especially, non-typical or borderline instances. 

7.2. Simplifying Concept Descriptions 

The leaminl methods presented in this thesis relateS to several efforts on simplifyinl concept 
deScriptions. in particular. to the methods learning pruned decision trees (e.g. Quinlan. 1987; 
Cestnik et al, 1987; Fisher and Schlimmer, 1988). In decision tree leaming methods. a concept 
description is a single tree Stnlcture that is supposed to account for all concept examples. Such 
decisions trees often suffer from excessive complexity, are not human understandable. and 
perform poorly in noisy domains. In a noisy or imprecise domain. classification is not ex.acL So at 

the lower levels of an exact tree, a decision tree constrUction aliorithm aies to split a small subset 
of U'aining examples randomly by choosing aaributes that have no classification power. Decision 
tree prunini is the mechanism that aspires to prevent the constnlction of subtrees if they are 
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unreliable. Tree pruning replaces one or more subtrees that only cover few examples with leaves. 
Tree pnming involves finding a trade..aff between the complexity of the decision tree and estimates 

of the classification error of the tree on training examples. While. a pruned decision tree is often 

much simpler than its unpruned version. it loses the coverage of mining examples. 

The HILLARY system developed by (Iba et al. 1988) uses a measure to determine the trade­

off between the simplicity and accuracy of a description. This trade-off measure is somewhat 

similar to the GDQ measure used in POSEIDON system that was described in section 3.4. The 
GDQ measure. however. considers more factors. In addition to taldng into account the typicality of 
the examples covered by the description. it considers the type of matching between an example and 
a description. Moreover. the simplicity measured by the GDQ depends not only on the number of 

disjuncts in the description as in (Iba et al. 1988). but also on the different syntaCtic features of the 
terms in the description. 

The major difference between the work presented in this thesis and related research in 
simplifyin, descriptions is that 17 methods can yield a simpler description without losin, 
coverage. 17 methocls can compensate for the lack of coverage of one tier (BCR.) by an applicadOD 
of the second tier (len. either by using flexible matching or deductive inference rules. In conr:rast. 
the simplified descriptions generated by other methods do not cover some of the traininl examples. 
they always produce some en-or on the training examples. and are only approximations of the 
target concepts if the uncovered. training examples are not noise. 

7.3 Hybrid Representations 

No single representation is the best choice for all concept learning tasks. Different problems 
need different representatio~ or combinations of several representations. The besc representation 
for a pven problem depends on the characteristics of the concept to be learned and the data to learn 
from. It is often DOt known that which kind of representation is the most suitable for a given 
learning problem before leaming starts. Thus. it would increase the autonomy and effectiveness of 
an inductive leamin, system if it were able to make its own choices regardin, selection of 
representation. One way to do so is to use a hybrid representation and an associated learning 
algorithm that is able to adjust the hybrid representation to adapt the given learning problem. Two­
tiered concept representation is a hybrid representation, because each concept is n:presented by two 

pans, and these two pans may use different representations. For example. in POSEIDON, this 

first pan is a disjunctive normal (onn, and the second pan includes a similarity matchinl function, 
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and a set of production rules. 

Schlimmer (Schlimmer. 1987) has constructed a hybrid representation and associated 

learning algorithm embodied in his STAGGER program. STAGGER is designed to incrementally 

leam a concise and comprehensible description of a concept given a series of potentially noisy 

examples. The program maintains a pair of weights for each boolean term in his concept 

description. One corresponds to logical sufficiency. the other to logical necessity. By adjusting the 

weights and by adding or removing boolean terms. the program searches for a consistent concept 

description. Learning in STAGGER is accomplished by using three cooperative componentS.. One 
of the learning components modifies the weight of boolean terms by counting examples (both 
positive and negative) that match or do not match each boolean term. The second component adds 

new boolean connectives to the concept description to repair overly general or overly specific 

hypotheses. The third component turns an aggregation of real-values into a few discrete ones. 

The representation used in STAGGER can be viewed as a simple form of two.tiered 

representation. Boolean tenus (both primitive and constructed) serve as the first tier. and the 
weights and the function used to compute Odds (degree of fit of an example) are the second tier. 

Utgoff (Utgoff, 1988) described a hybrid representation called PercepU'On Trees, and a 

perceptron tree leaming algorithm called the Percepcron Tree Error Correction Procedure. A 

perceptron tree is a mixing of decision trees and linear threshold units. A perceptron tree is defined 

as either a linear threshold unit. or an attribute test with, for each value the atttibute can take on • a 
branch to a perceptron tree. The perceptron tree error correction procedure incrementally updates 

the perceptron tree until it is consistent and complete. The initial perceptron tree consists of a single 

empty node. All leaves of the final tree are linear threshold units and all internal nodes are decision 

nodes. 
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CHAPTER 8 

CONCLUSIONS 

In this final chapter, I first summarize the research reponed in this thesis. then discuss the 

contributions of this research, and finally limitations and future research are swcd. 

8.1 Summary 

Flexible concepts play imponant roles in the real world life. This thesis is a study of 

mechanisms that automatically acquiie flexible concepts from a set of given examples. The first 
chapter discussed the backgroWld and motivations of the research. The problem investigated in this 

thesis is leamin& flexible concepts from examples that is relatively less explored and emeraes as an 

important direction in the field of machine leamin&. 

Any concepts leamed must be desaibed in some representation lanaua,e. Thus. an important 

issue is how to represent flexible concepts. In chapter 2, the idea of the two-tiered concept 

representation which is proposed to represent flexible concepts was introduced. In the TI 

representation. the concept meanin, is defined by twO components: the base concept representation 
(BCR), and the inferential concept interpretation (lCI). The BCR is an explicit desaiption of basic 

concept properties, while the ICI characterizes allowed modifications of the concept meanin, and 

its possible variations in different contexts. Thus. the ICI defines concept boWldaries implicidy, by 

the results of matchin, procedures and inference processes. The approaches described in the rest 
of the thesis are based the idea of the two-tiered concept representation. 
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In the third chapter. a flexible concept learning approach and its implementation. 
POSEIOON system. was described. In contrast to existing learning methods in which conceptS are 

represented as single knowledge structures. POSEIDON assumes a two-tiered concept 

representation. The BCR is a disjunctive normal form represented in the attribute-based variable­

valued logic system VLl (Michalski. 1983). The ICI includes a flexible matching function. and a 

set of deductive rules. In POSEIDON. the BCR is obtained in a two-phase process. First. a 

complete and consistent description is learned from a conventional learning program (AQ15). 

Next. this description is optimized according to a general description quality measure (GDQ). This 
is done by a double-level search process that uses both generalization or specialization operators. 
The GDQ takes into account not only the properoes of the BeR. but it also involves the leI (e.g.• 
complexity and accuracy of the total description). 

The ICI has two components. one, which specifies a flexible matching function, and the 
second, which specifies a rule base for handling exceptions and context-dependency. The rules can 
be of two types. The rules of the first type extend the meaning of the concept. and rules of the 
second type contract the meaning defined by BeR. The first type of rules are employed when an 
instance does not satisfy the BCR. nor is covered by the flexible matching function. The rules of 
the second type are used when an instance is covered by a BeR of more than one concept. or 
when there is a need for confuming the concept membership. In both cases the rules are used 
deductively. An advantage of the rules over other methods of matching is that they provide an 
explanation why a given instance is or is not a member of the concept. 

The experimental results reponed in Chapter 4 have supponed the hypothesis that 1T concept 
descriptions can be simpler. more accurate and easier to understand than "single·tier" descriptions. 

For example. the obcained 1T descriptions for the acceptable labor managements contracts gave the 

performance of over 90% comet and used only about 9 rules. In conttast. the best perfonnance of 
a simple exemplar based method gave the 80% correct predictions on new examples and used 27 
rules, and a pruned decision tree gave the performance of 86% and was equivalent to 29 rules. The 
method also outperformed the previous method based on the nUNC procedure in terms of the 
performance (80'11). but at the cost of a more complex concept description. 

Chapter 3 described an alternative approach to leaming flexible concepts. This approach has 

been implemented in the Flexible Concept Learning System (FCLS). The concept representation 

used in this approach is a simple fann of the two-tiered concept representation, in this simple 

form. the ICI does not consists of inference rules. The lCI in FQ.S includes a syntactic similarity 
measure that decides the degree of fit between an event and a disjunct (complex) of a concept 
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description. In addition to the similarity measure. each complex has a set of weights. and a 

threshold. Each weigh expresses the necessity of an individual selector of the complex. while 

threshold defines the boWldary of the complex. and reflects the joint suffici~ncy of the selectOrs of 

the complexes. The weights are used in the similarity measure to determine the degree of fil A 

complex plus its weights and threshold is 'called an extended complex. In addition to a set of 

extended complexes. a concept description may also include a set of exemplars which represent 

exceptions or rare cases. Two classification methods. the sttict method and flexible method. were 

introduced to decide concept membership of an event based on the descriptions generated. 

An extended complex is generated in two phases: base complex generation and extended 

complex optimization. The phase of base complex generation produces a set of base complexes 

that satisfy the consistency requirement and are the most general. A base complex is a complex 

without weights and threshold. The phase of extended complex optimization optimizes the base 

complexes generated in the phase of base complex generation to cover more positive examples by 

decreasing the thresholds of these complexes. In the optimization phase. the weights of a complex 

are computed, and the threshold is adjusted. Two weight leamin, methods. the count-based and 

dearee-of-fit-based methods. were proposed to compute weights. In ,eneratin, a complex. A pair 
of evaluation functions, Quality Evaluation Function (QEF) and Potential Quality Evaluation 

Function (PQEF). were applied to evaluate complexes. QEF decides the 'best' complex. while 

PQEF decides the complexes that are the most promising for improvement. 

FCLS was tested on three different types of problems: the problems favorable for FCLS. the 

problems unfavorable for FCLS. and real world problems. In each experiment. FCLS was run 

with four different methods. One is the method without threshold adjusting and weight learning. 

the second is the method with threshold adjusting. but without weight learning. and the third and 
fanh are the methods with both threshold adjusting and weight learning. To compare the method 
with other inductive learning method. the decision tree learning system C4.' was also run on the 
same domains with and without pruning. The experimental results were reported in Chapter 6. As 

expected. the method with threshold adjustin, and weight learning significantly improved both the 

accuracy and complexity of concept descriptions over the method without threshold adjuStln, and 

weight learning and C4.' on the favorable problems. On the unfavorable problems. the method 

without threshold adjusting and weight learning and the method with threshold adjusting and 

without weight learning outperformed the method with weight learning and C4.'. and the results 

of the method with weight learning were comparable with C4.'. The results from the real world 

domains were less consistent. but generally speaking. the method described in Chapter 5 slightly 
improved both accuracy and complexity of descriptions over C4.' and the method with threshold 



adjusting and weight learning. The experimental results showed support for the proposed flexible 

concept learning meth~ and suggest some improvements which will be discussed in section 8.3. 

Finally. in Chapter 7. I surveyed related work that addresses the tasks of learning flexlble 

concepts from examples. simplifying concept descriptions. and hybrid representations. 

8.2. Contributions 

It bas been stated that the primary goal of this research is to explore approaches to 

representing and learning flexible concepts. Accordingly. the major conttibution of this work is 

that two representation fonnalisms were proposed to represent flexible concepts based on the idea 

of the twcrtiered concept representation. and that their associated learning algorithms were 
designed to automatically acquire descriptions of flexible concepts. These two approaches were 
respectively implemented in: POSEIDON and FCLS. and were empirically evaluated on various 

domains. More specific contributions of these two systems are summarized below. 

8.2.1 POSEIDON 

The work in POSEIDON represents a number of advances. compared ,to previous work on 

leaming IT concept representations'(Michalski et al, 1986). That earlier approach produced some 

preliminary results in which a flexible matching function was applied during the testing phase. The 
same research investigated the effect of truncating concept descriptions. In the system presented 

here. though. the flexible matching function is augmented by a set of rules defining how to extend 

or modify a concept description at the "knowledge level" (Dietterich 1986). In the TRUNC 

approach (Michalski et al., 1986) trUncations of the description involved only rule removal 

operator; This is in contrast with the SO-TRUNC method in POSEIDON. which is based on the 

search for two-tiered descriptions using three operators. complex removal. selector removal. and 

referent lDCIdification. 

Another important advance is the development of a heuristic double-level search procedure. 
called SO-TRUNC, which explores the space of two-tiered descriptions in order to determine a 
globally optimized description. The search employs both generalization and specialization 
operators, and is guided by a new criterion, the general description quality measure (GDQ). This 

measure takes into consideration the description accuracy, its cognitive comprehensibility and the 
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computational cost of both tiers of a description (BCR and rCn. By introducing such a general 

description evaluation measure. the meaning of concept learning can be defined in a new way. 

Namely. concept learning can be viewed as a process of improving initial descriptions according to 

a given description quality criterion. The initial description can be in the form of positive and 
negative examples. a CC concept description, a teacher-supplied tentative description. or others. 

Other advances include the use of a more poweIful accuracy measurement in GDQ. which is 
able to take into consideration the typicality of training instances (when it is known). and the 
introduction of a rule base for implementing the rCI. The thesis presents also a body of 
experimental results on the peIfonnance of the proposed method. and its comparison to several 
other methods, such as various variants of exemplar-based learning. decision tree leaming. and the 
earlier method based on the simple TRUNC procedure. 

8.2.2 FCLS 

FCLS uses a novel hybrid representation to describe a concept. First, the bybrid 
representation combines a symbolic representation with a numerical one. The symbolic 
representation is a disjunctive nonnal fonn, and the numerical =-epresentation includes a set of 
weights and thresholds. Second. an exemplar model is incorporated into the hybrid representation. 
This hybrid representation can be viewed as a combination of exemplar-based and logic based 
representations from two aspects. First. both generalized descriptions and exemplan are used 
together to describe a concept. Second. because of the use of the similarity measure, each base 

complex can be viewed as a generalized exemplar ,:"d treated in the same way as an exemplar. 

Under such a hybrid representation. proximate disjuncts may merge, concepts with irregular and 
imprecise boundaries can be represented more compactly. concept descriptions are p3ded and 

represent different degrees of typicality of examples, and exceptions are represented as exemplars. 

Another accomplishment is the development of a technique for generating concept 
descriptions that are represented in the hybrid representation. This technique generates a concept 
description by adjusting the disaibutions between the symbolic and numeric representations. and 

between the generalized descriptions and exemplar-based descriptions to achieve the 'best' 
performance for a given problem. This algorithm consists of two phases. The fU'St a symbolic 
description is generated, and the second phase optimizes the symbolic description by adjusting the 

disaibution between the symbolic description (base complex) and the numeric one (weights and 

threshold). In the learning algorithm. the most specific description is generared for each concept to 



Other important future work involves constrUctive induction (Michalski 1983). In general. 
conS1r\lctive induction prOduces descriptions that are easier to understand. and capture the salient 

features of the concept. It would be useful to apply constructive induction to generate a BCR that 

captures the ideal principles of a concept. The effects of this type of induction are even more 

relevant for IT approaches. ConstrUctive induction folds several disjuncts into a single one. 

Moreover. the use of cons1r\lctive rules will usually merge relevant conjunctive descriptions of the 

concept. regardless of how many examples they cover. This feature of constrUctive induction may 

prevent removal of small relevant complexes. or replace them with exemplars. 

Another open issue is the ability of the system to self-reorganize. This issue is also related to 

the problem of batch incremental learning. The distribution of knowledge between the BCR and 
the ICI may need. to be adjusted when a set of new examples become available. So the incremental 

learning in a IT approach involves not only creating new BCR or ICI. but alsO adjusting the 

disaibution between the BCR and ICI. This incremental learning feature is espec:ia1ly important 
when concept meaning drifts. Some exceptions-handling ICI rules are used very often to classify 
new examples, they could be compiled into explicit BCR assertions. Some exemplan may be 
replaced by generalized disjuncts. after more examples are seen. This interestinl research problem 

merits funher investigation. 

In POSEIDON, the typicality of examples can be used in optimizing a complete and 

consistent concept description generated by AQ1S. As mentioned earlier, the information of 
typicality could be very helpful in learning a TI' concept description. The typicality of examples 

can be used to reduce the search space and" find the optimum distribution of concept meaning. 
between the BCR and ICI. In the future, FCLS will be extended to incorporate the algorithm to 

take advantage of the typicality of examples in learning TI' concept descriptions. In this allOrithm. 

typical examples will be used to learn the base complexes. less typical examples will be used later 

to relax the conditions included in the base complexes. that is to optimize the base complexes. 

As we know the ICI define a concept implicitly. It is. therefore, very difficult for a user to 

understand a classification of an event when the ICI participates in the classification. It would be 
very useful if an explanation can be generated for such a classification. This explanation can serve 

as a qualitative result of a classification. The feature of generating explanation of a classification 

will be included in next version of FCLS. 
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