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Abstract

In this paper we explore the use of an adaptive
search technique (genetic algorithms) 10 construct a
system GABIL which continually learns and refines
concept classification rules from its interaction with
the environment. The performance of the system is
measurcd on a set of concept leaming probiems and
comparcd with the performance of two cxisting sys-
tems: IDSR and C4.5. Preliminary results support
that, despite minimal system bias, GABIL is an
cffective concept leamcer and is quite competitive
with [DSR and C4.5 as the target concept increases
in complexity.

1 Introduction

An important requirement for both natural and artificial
organisms is the ability to acquire concept classificauon
rules from intcracuons with their environment. in this
paper we cxplore the use of an adapuive search technique,
namely Genetic Algorithms (GAs), as the central mechan-
ism for building a system which continually leams and
retines concept classification rules from its interaction
with the cnvironment. We show how concept leaming
tasks can be represented and solved by GAs, and we pro-
vide empirical results which illusawc the performance of
GAs relative to more traditional methods. Finally, we dis-
cuss the advaniages and disadvantages of this approach
and describe future research activities.

2 Concept Learning Problems

Supervised concept leamning involves inducing concept
descriptions for the concepts 10 be leamed from a set of
positive and negative examples of the target concepts.
Examples are represented as points in an n-dimensional
feamre space which is defined a priori and for which all
the legal values of the features are known. Concepts are
theretore represented as subsets of points in the given n-
dimensional space.

A concept leaming program is presented with both
a descripuon of e feature space and a sct of cerrectly
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classified examples of the concepts, and is expected to
generate a reasonably accurate description of the
(unknown) concepts. Since concepts can be arbimarily
complex subsets of a feature space, an imponant issuc is
the choice of the concept description language. The
language must have sufficicnt expressive power 10
describe large subsets succinctly and yet be able to cap-
twre irrcgulanues. The two language forms gencrally
used are decision tees (Quinlan, 1986] and rules [Michal-
ski, 1983).

Another important tssuc anscs {rom the sitwauon
that there is a large (possibly infinue) set of concept
descripuons which arc coasistent wath any particular
finite sct of examples. This is generally resofved by intro-
ducing cither explicitly o implicitly a bias (pretcrence)
for cerain kinds of descripuons {c.g., shorwer or less com-
plex descripuons may be preferred).

Finaily, there 1s the diflicult issuc of cvaluaung and
companing the performance of concept lcaming algo-
rithms, The most widely uscd approach 1s a bawch mode
in which the set of examples is divided into a training sct
and a test set. The concept leamer is required to produce
a concept descripuon from the waiming cxamples. The
validity of the descniption produced is then measured by
the percentage of correct classifications made by the sys-
tem on the second (test) set of cxamples duning which no
further leaming takes place.

The alternative evaluation approach is an incremen-
tal mode in which the concept leamer is required to pro-
duce a concept description from the examples seen so far
and to use that description to classify the next incoming
example. In this mode leaming never stops, and evalua-
tion is in terms of leaming curves which measure the
predictive performance of the concept leamer over time.

This incremental and continuous model of concept
leaming mawches more closely the kind of concept leam-
ing that an organism performs as it explores a complex
and changing world. Consequently, we use prediclve
leaming curves as our evaluauon methodology.


mailto:spem@aic.nrl.navy.mii
http:natur.tl
mailto:kdejong@rue.gmu.edu

3 Genetic Algorithms and Concept Learning

In order o apply GAs 10 a parucular problem. we need (o
sclect an intemal represenwation of the space 10 be
scarched and define-an external evaluation funcuon which
assigns utlity to candidate solutions. Both componants
are cniucal to the successful applicaton of the GAs to the
probiem of interest. !

3.1 Representing the Search Space

The waditional internal representation used by GAs
involves using fixed-length (generally binary) strings w0
represent points in the space to be searched. However,
such representations do not appear well-suited for
represenung the space of concept descripuons which are
generally symbolic in nature, which have both syntactic
and semantic constraints, and which can be of widely
varying length and complexity,

There are two gencral approaches one might take to
resolve this issue. The first involves changing the funda-
mental GA operators (crossover and mutation) to work
cllectively with complex non-string objects [Rendell,
1985). This must be done carcfully in order w0 preserve
the properties which make the GAs cflective adaptive
scarch procedures (sec {Defong, 1987] for a more detailed
discussion). Alwcrnatively, one can attempt to construct a
string representaton which minimizes any changes to the
GAs.

We arc interested in pursuing both approaches. Our
ideas on the first approach will be discussed bricfly at the
end of the paper. In the following scctions we will
descnibe our results using the second approach in which
we lry to apply classical GAs with minimal changes.

3.2 Defining Fixed-length Classifier Rules

Our approach to choosing a rcpresentation which
results in minimal changes to the standard GA operators
involves carcfully selecling the concept description
language. A natural way to express complex concepts is
as a disjuncuve sct of (possibly overlapping)
classification rules. The left-hand side of each rule (dis-
junct) consists of a conjunction of one or more tests
involving feamre values. The right-hand side of a rule
indicates the concept (classification) to be assigned to the
examples which match its left-hand side. Collectively, a
set of such rules can be thought of as representing the
(unknown) concepts if the rules correctly classify the ele-
ments of the feature space.

If we allow arbitrarily complex terms in the con-
junctive left-hand side of such rules, we will have a very
powerful description language which will be difficult to
represent as strings. However, by restricting the complex-
ity of the elements of the conjunctions, we are able to usc

! Excellent introductions 10 GAs can be found in [Holland, 1975)
and {Goldberg, 1989},

a stnag representauon and standard GAS, wiln W
negauve side effect that more rules may be requl
cxpress e concept. This 1s achizved by resncung e
element of a conjuncuon 10 be a test of the form:

€«
<3

reurn true if the value of feawure 1 of the example
is in the given value set return falss otherwise.

For example, a rule might take the following symbolic
form: "if (F2 = large) and (FS = wll or thin) then it's a
widget”. Since the left-hand sides are conjuncuve forms
with internal disjunction, there is no loss of generality by
requiring that there be at most one test for each fearure
{on the left hand side of a rule).

With these restrictions we can now construct a
fixed-length internal representation for classifier rules.
Each fixed-length rule will have N feawre tests, one for
each feawre. Each feamure st will be represented by a
fixed-length binary string, the length of which will depend
of the type of feawre (nominal, ordered, etc.). For simpli-
city, the cxamples used in this paper will involve features
with nominal values. In this case we use & bits for the &
values of a nominal feawre. So. for example, if the legal
values for F1 arc the days of the week, then the patiem
0111110 would represent the test for F1 being a weekday.

As an cxampie, the lefi-hand side of a rule fora §
fcature problem would be represented intemnally as:

Fl R R F4 FS
0110010 1111 O 111100 1(111

Notice that a feawre test involving all 1's maiches any
value of a feawre and is cquivalent to “dropping” that
conjuncuve term (i.c., the feature is iclevant). So. in the
above cxample only the values of Fl, F3, and F4 are
relevant.  For completeness, we allow patterns of all 0's
which maich nothing. This means that any rule contin-
ing such a pattern will not match (cover) any points in the
feawre space. While rules of this form are of no use in
the final concept description, they are quite useful as
storage areas for GAs when evolving and testing sets of
rules,

The right-hand side of a rule is simply the class
(concept) to which the example belongs. This means that
our "classifier system” is a "stimulus-response” system.
with no message passing.

33 Evolving Sets of Classifier Rules

Since a concept descripon will consist of one or
more classifier rules, we still need to specify how GAs
will be used to evolve sets of rules. There are currently
two basic soategies: the Michigan approach exemplified
by Holland's classifier sysiem [Holland, 1986}, and the
Piusburgh approach excmplified by Smith's LS-1 sysiem
[Smith, 1983). Systems using the Michigan approach
maintain a population of individual rules which compete
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with each other for space and priority in the populaton.
In conuast, systems using the Piusburgh approach main-
win a populaten of variable-length rule sets which com-
pete with ¢ach other with respect to performance on the

N !
domain sk,

Very litte is currendy known conceming the rela-
dve merits of the two approaches. In this paper we report
on results obuined from using the Piusburgh approach.?
That is. each individual in the population is a variable-
length string representing an unordered set of fixed-length

ies (disjuncts). The number of rules in a particuiar indi-
vidual is unrestricted and can range from 1 to a very large
number depending on evolutionary pressures.

Our goal was to achieve a representation that
required minimal changes to the fundamental genetic
operators. We feel we have achieved this with our
variable-length string representation involving fixed-
length rules. Crossover can occur anywhere (i.e., both on
rule boundaries and within rules). The only requircment
is that the corresponding crossover points on the two
parents “maich up semantcally”, That is, if one parent is
being cut on a rule boundary, then the other parent must
be also cut on a rule boundary. Similarly, if one parent is
being cut at a point S bits to the right of a rule boundary,
then the other parent must be cut in a similar spot (i.c., §
bits to the right of some rule boundary).

The mutaton operawr is unatfected and performs
the usual bit-level mutations.

34 Chooesing a Payoll Function

In addition to sclecting a good representauon, it is
imporuant (o dcfine a good payoff function which rewards
the right kinds of individuals. One of the nice featwrcs of
using GAs for concept learning is that the payofl funcuon
is the natwal place o centralize and make explicit any
biases (prefcrences) for ceriain kinds of concept descrip-

tions. It also makes it casy to study the effects of different

biascs by simply making chances to the payofT function.

For the experiments reporicd in this paper, we
wanted to minimize any @ priori bias we might have, So
we selected a payoff function involving only classification
performance (ignoring, for cxample, length and complex-
ity biases). The payoff (fitness) of each individual rule set
is computed by testing the rule set on the current set of
examples and letting:

payoff (individual i) = (percent correct)?

This provides a non-linear bias toward correctly classify-
Ing all the examples while providing differential reward
for imperfect rule sets.

? Previous GA concetx leamers have used the Michizan approach.
Sce (Wilson, 1987] ana |Booker, 19891 for detas.

3.5 The GA Concept Learner

Given the representation and payod funcuca
descnized above, a swndard GA can be used 0 =
cencept descmpuens in several ways. Th: simpias
an ~

PEe

appreach involves using a baich moda in whizh 2 Sx2d 52
of examples is presenied, and the GA must saoch e
space of variabie-length suings described above for a se:
of ruies which achieves a score of 100%. We will call thus
approach GABL {GA Batch concept Learner).

The simplest way to produce an incremental GA
concapt leamer is to use GABL incrementally in the fol-
lowing way. The concept leamer initially accepts a single
example from a pool of examples. GABL is used 10
create a 100% correct rule set for this example. This rule
set is used to predict the classification of the next exam-
ple. If the predicdon is incorrect, GABL is invoked (o
gvolve 2 new rule set using the two examples, If the pred-
icton is correct, the example is simply stored with the
previous example and the rule sct remains unchanged. As
each new addidonal instance is aceepued, a predicuon is
made, and the GA is rc-run in batwch if the prediction is
incorrect. We refer to this mode of operation as batch-
incremental and we refer to the GA batch-incremental
concept leamer as GABIL.

4 Evaluating Concept Learning Programs

As sugpested in an carlier scction, there are many ways 0
cvalugie and comparc concept leaming programs: in
cither batch or incremental modes, An incremental con-
cept leamner will make a predicuon for cach new insuance
scen. Each predicuon is either correct or incorrect.  We
are interested in cxamining how an incremenal system
changes its predicuve performance over ume. Supposc
cach outcome (correct or incorrect) is stored. We could
look at every oukcome to compute performance. but tus

. would only indicate the global performance of the leamer

(a typical baich mode statistic). Insiead, we cxamine a
small window of recent outcomes, counting the correct
predictions within that window. Performance curves can
then be generated which indicate whether a concept
leamer is getdng any better at correctly classifying new
(unseen) examples. The graphs used in the experiments in
this paper depict this by plotting at each time step (after a
new example arrives) the percent correct achieved over
the last 10 arrivals (recent behavior).

5§ Initial Experiments

The experiments described in this section are designed o
demonstrate the predictive performance of GABIL as 2
{unction of incremental increases in the size and complex-
ity of the target concept. We invenied a4 feawre world in
which cach feature has 4 possible disunct values (i.c.,
there are 256 instances in this world). This means that
ruics map into 16-bit stnngs and the fength of individeal
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rulc sets is 3 muluple of 16,

In addiuon to studying the benavior of GABIL as a
funcuon of increasing complexity, we were also
interested in companng its performance with an ¢xisung
algorithm. IDSR (Utgoff, 1989], which is a well-known
incremental concept leaming algorithm, was chosen for
comparison. IDSR uses decision trees as the descripuon
language and always produces a decision tree consistent
wilh the instances seen.

We constucted a set of 12 concept leaming prob-
lems, each consisting of a single target concept of increas-
ing complexity. We varied the complexity by increasing
both the number of rules {(disjuncts) and the number of
relevant features per rule (conjuncts) required 1o correctly
describe the concepts, The number of disjuncts ranged
from 1 to 4, while the number of conjuncts ranged from 1

to 3. Each target concept is labeled as nDmC, where nis

the number of disjuncts and m is the number of conjuncts.

Each target concept is associated with one cxperi-
ment Within an cxperiment the number of disjuncis and
conjuncts for the wrget concept remains fixed. The vana-
ton in target concept occurs between experiments. For
cach of the concepts, a sct of 256 unique, noise frec cxam-
ples was gencrated from the feature space and labeled as
positive or ncgative cxamples of the target concept. For
the morc complex concepts, this resulted in lcaming pri-
marily from negative cxamples.

For cach concept, the 256 cxamples were randomly
shuffed and then presenicd sequenuadly as described
above, This procedure was repeated 10 umes for each
concept and for cach lcaming algonthm. The perfor-
mance curves presented arc the average behavior exhi-

bited over 10 runs.?

Figures 1 and 2 present the comparative results of
applying both GABIL and [D5R to the IDIC and 4DIC
concepts. The remainder of the graphs are not shown due
to space limitations. They represent intermediary results
between the 1DIC and 4D1C extremes illustrated in Fig-
ures 1 and 2. Recall that each point on a curve represents
the percentage of correct predictions achieved over the
previous 10 instances presenied (and averaged over 10
runs). Note that this implies that the leaming curves can
be and are, in general, non-monotonic. In particular, they
will remain at 100% indefinitely only when the algo-
rithms have correctly leamed the target concept.

The graphs indicate that, on the simpler concepls,
the prediclive performance of IDSR improves more
rapidly than that of GABIL. However, IDSR degrades in
performance as the target concept becomes more com-
plex, with significant deterioration in predictive power

It is not always possible for [DSR to make a prediction based on
the decision troe. I it cannot use the uee 1o predict, we iet [DSR makea
random prediction.
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scen as the number of conjuncts and disjuncts are
increased. The performance of GABIL, on the other
hand, is rclatively insensitive to the incrcasc in concept
complexity, resulting in significanty beticr predictive
capability than IDSR already on 4 disjunct concepts. The
analysis below suggests that this wvend will continue with
even larger numbers of disjuncts and conjuncts.

We were surprised (o see IDSR suflcr the most on
the 4D1C target concept, since syntactically the concept
is only moderately complex. The target concept is of the
form: ' .

if (F1 = 0001) or (F2 = 0001) or (F3 = 0001) or
(F4 = 0001) then it’s positive

Although it is natural to expect that a simple target
concept (from a syntactic viewpoint) would have a small
decision uee representation, this is only a rough generali-
zation. This targct concept is represented by [DSR as a
decision tree of over 150 nodes. In fact, each negauve
cxample is represented by a unique leafl node in the



dacision tee. For this reason, IDSR cannot generalize
over the negadve examples, and has a good chance of
predicung any negadve example incorrectly. Further-
—ora, 2ven the posiuve examples are not generaiized
il resuitng 10 predicuon errers for posiuve examples.
s clear that the decision tree representation is poor for
renresening tis pasucular coneept. Target coneept sDIC
represents a worst case, which explains why the difference
perween GABIL and ID3R is greatest for this concept. A
similar situagon occurs for target concepts 3D1C, 4D2C,
and 4D3C, although to a lesser degree.

ID5R relies upon Quinlan's informaton theoretic
enropy measure o build its decision trees. The informa-
ton theoretic measure favors those concepts in which
individual features clearly distinguish target class
membership. IDSR’s biases also favor concepts that can
be represented with small decision trees. The expen-
ments presented above indicate the effect of these built-in
biases: the predictive power of [DSR can vary dramat-
cally depending on how well-matched the concept is to
these biascs.

GABIL, however, performs much more consistenuy
on target concepts of varying complexity. GABIL is not
significandy affected by the number of conjuncts, since
with our fixcd-length rule represcntadon, large conjunc-
tions arc no morc difficult o find than small ones. There 1s
also no built-in buas towards a small number of disjuncts,
although this could be achicved if desired by changing the
payoll (uncuon, rather than GABIL isclf. The overall
cllect is similar to what has been noted in other GA appli-
cations, namcly that the overhcad of using an adapuve
search process is quite cvident on simpler probicms, but
the payoll is clcariy scen as the problem complexity
increases (sce, for cxample, [Spears and De Jong, 1990]).

6 Further Analysis and Comparisons

Having characterized the behavior of GABIL in this con-
trolled conccpt world, we have begun to extend the
analysis to more complex and challenging problems. One
of our first steps was to look at the family of multiplexor
problems introduced to the machine leaming community
by Wilson (Wilson, 1987]. Multiplexor problems fall into
the general area of trying to induce a description of a k-
nput boolean function from input/output examples.
Because no single individual input line is useful in distin-
guishing class membership, information-theoretic
approaches like Quinlan’s ID3 system have a particularly
hard time inducing decision trees for multiplexor prob-
lems. Wilson's work indicated that his GA-based
classifier system Boole did not have such difficulties.
Some of these issues were addressed by Quinlan in the
dcvclopmcm of his C+ system. Quinlan subscquenty
feported that C4 outperforms Boole on the multiplexor

problems {Quinlan, 1988).*

Since xe had access to C4.5 (a successor to C4
(Quinlan, 16591), we felt that a direct comparison of
GABIL and C-+.5 on muldplexor preblems would be
enlightening. Since C4.5 is 2 batch-mode systam, we
have to run it in a batch-incremenwal mode n the same
manner as GABIL in order 10 provide meaningful com-
parisons. This can be achieved by running C4.5 in batch
mode for every new instance seen, and using the resulting
decision tree to predict the class of the next instance.

The 6-input multplexor problem has 6 feamres in
which each feamre has 2 possible distnct values (i.e.,
there are 64 insuances in this world). This means that rules
map into 12-bit strings and the length of individual rule
sets is a multple of 12. For this conccpt we randomly
generated a set of 200 examples from the feature space,
each example labeled positive or negative. Since there are
only 64 possible unique examples, the set does not con-
tain unique examples, although they are noise frce. This
mcthodology allows for direct comparison with Quinlan’s
reported results [Quinlan, 1988]1.

The set of 200 cxamples was randomly shullled and
then presenied sequenually. This procedure was repeated
10 umes for both lcaming algorithms. The performance
curves presented in Figure 3 are the average behavior
cxhibited over 10 runs.

GABIL clearly outperforms C4.5 on the 6-input
muluplexor problem. As noted above, the weaker perfor-
mance of C3.5 is not duc to the choice of representation
(decision uce). In fact, a compact decision uce can be
created to describe the concept. The problem lics with the
information theorctic bias itsclf, which makes it hard to
find this compact tree. Preliminary results suggest similar
performance diffcrentials on larger multiplexor problems.

— 90

%
— 70

L L 50
0 50 100 150 200

Instances Processed
Fig 3. GABIL vsC4.5

* However, camauc improvements o Booie have been reponed
hy |{San. 1988]
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The concept descnipton language and the scarch

suer both from their decision cee language bias (see Fig.
2) and from ther nformauon theorclic searsh bias (sec
Fig. 3). Whnen the biases are appropriate, ID-like systems
pertorm quuie well. GABIL, however, due W its minimal
system bias, performs uniformly well on target concepts
of varying complexity. These initial results support the
view that GABIL can be used as an effect concept leamer
although it may not outperform more strongly biased con-
cept leamning algorithms whose bias is appropriate for
leaming simpler target concepts.

E

7 Conclusions and Future Research

This paper presents a series of initial results regarding the
use of GAs as the key element in the design of a system
capable of conunuously acquiring and refining concept
classification rules from interactions with its environment.
It is interesting 10 note that reasonable performance is
achicved with minimal a priori bias. The iniual results
suppont the view that GAs can be used as an cffective con-
cept leamer although they may not outperform algonithms
specifically designed for concept leaming when simple
concepts are involved.

This paper also scts the stage for the design of three
addiuonal GA-based concept lcamcrs. First, we wish 10
implement a variation of the current system that is wuly
incremental. Sccond, we are also very interested in under-
standing the diffcrence between  using the Piusburgh
approach and thc Michigan approach in this problem
domain. The current fixed-length rule represenuation can
be used dirccdy in Michigan-style classificr systems.
Third, we noted carly in the paper that there were (two
basic strategies for sclecting a representation for the con-
cept description language. In this paper we devcloped a
representation which minimized the changes to standard
GA implementatons, We also plan to explore the alierna-
uve strategy of modifying the basic GA operators to deal
effectively with non-suing representations. We feel that
the development and analysis of such systems is an
important direction the research community should follow
in order to develop additional results on these and other
problems of interest.
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