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Abstract 
In this paper we explore the use of an adaptive 

search technique (geneuc algorithms) to construct a 

system GABIL which continually. le.:uns an~ refi~es 

concept classificltion rules from Its Interacuon WI~ 


the environment The performance of the system IS 


measured on a set of concept le.::uning problems and 

compared with the performance of twO existing sys­

tems: lDSR and C";.5. Preiimirwy results suppon 

Lh:1t.. despite minimal system bias. GABfL is an 

effective concept tearner and is quite competitive 

with lDSR and C..;.s as the wget concept increases 

in complexity. 


1 Introduction 
An impon:lnt rcquin:ment for both natur.tl :md artliici::l1 
organisms is the ability to acquire concept classlficauon 
rules from interacuons with their environment. In this 
paper we explore the use of an adaptive search tcchmque. 
namely Genetic Algorithms (GAs), as the cenr.ral mechan­
ism for building a system which continually learns and 
rctines concept cl.:J.ssific.ation niles from its interacuon 
with the environment. We show how concept learning 
tasks can be represented and solved by GAs. and we pro­
vide empiric:U results which iUusu::1t.c the performance of 
GAs relative to more uaditionai methods. Finally. we dis­
cuss the advanl:lges and clisadvantages of this appl'OOCh 
and describe future rese:m:h activities. 

2 Concept Learning Problems 
Supervised concept le::uning involves inducing concept 
descriptions for the concepts to be learned from a set of 
POsitive and negative examples of the target concepts. 
Examples are represented as points in an n-dimen.sional 
feature space which is defined a priori and for whIch all 
the legal values of the features arc known. Concepts are 
therefore represented J.S sub:iCts of points in thc given n­
dimcnsional sp:u::. 

A concept !i!.:lming prog;r:lm is presented with both 
a dcscnpllon oi ::.c icaturc space :md J :iCt of ccrrectly 
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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 arbilr.lrily 
complex subsets of a feawre space, an imponll1l issu~ is 
the choice of the concept description language. The 
langu;tge must have sutTlCient e.'tpressive power to 
dcscnbe large subsets succinctly and yet be able to cap­
ture irregulanues. The twO languJge forms generally 
used J..\'C dccision trees [Qumlan, 1986] :md rules [Mich;li. 
skl.19831. 

Another important issue arises from the Silu:lUon 
Lh:1t there is a large (possibly inlinlle) set of concept 
descriptions which arc consistent with lny partIcular 
finitc set of examples. This is gcner.:l.lly resolved by Intra· 
ducing either explicitly Ot implicitly l bias (preference) 
for certain kinds of descriptions (e.g., ::.honcr or less com­
plex descriptions may be preferred). 

Finallv there is the dilTlcult issue of eva!uaung and 
comparing ihe performance of concept Ic.:.unmg J.lgo­
rithms. Thc most Widely used approach is a balch mode 
in which the set of examples is divided imo a Lr.lining set 
and a tcst set. The concept learner is n:quirtd to produce 
a concept dcscnption from the tr:linmg examples. The 
validitv of the description produced is lhen measured by 
the pc~cnt.lge of correct cbssilications made by the sys­
tem on the second (test) set of ex.amples during which no 
further learning takes place. 

The alte:maLive evaluation approach is an incremen­
tal mode. in which the concept learner 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 learning never stops. and evalu;t­
lion is in terms of learning curves which measW"e the 
predictive perfonnance of the concept learner over time. 

This incremental and continuous model of concept 
learning matChes more closely the kind of concept learn­
ing Lh:1t :m org:mism performs J.S it e~plon:s :l comple~ 

and ch:mgmg world. Cllnsequcnlly. '.I.!e usc prcdl::uvc 
learnmg curves as our eVJluJuon mcthodology. 
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3 Genetic Algorithms and Concept Learning 

In order to apply GAs to a p:uticuLar problem. we need to 
s~!cct an internal representation of the space to be 
searched and ddine·an external evalu.:luon function whi::h 
:lSSI£:TIS utility to ca.:ldidat.e solutions. Both components 
are criucal to the successful applicaLion oC the GAs to the 
problem of imeresL 1 

3.1 Representing the Search Space 

The traditional internal representation used by GAs 
involves using fixed-length (generally binary) soings LO 

represent points in the space to be searched. However. 
such representations do not appear weU-suited for 
representing the space of concept descriptions which are 
generally symbolic in natw"e, wruch have both syntactic 
and semantic constraints. and which can be of widely 
varying length and complexity. 

There are two general approaches one might take to 
resolve this issue. The first involves ch:lnging the funda­
ment:l.l GA oper:uors (crossover and mutation) to work 
efTecuvely with complex non-suing objects [Rendell. 
1985]. This must be done c.llefully in order LO preserve 
the propcnies which make the GAs effective adaptive 
sezch procedures (sec (DeJong. 1987] for a more dct:l.iled 
discussion). AIICrn:1tively, one can attempt to construct a 
string represc:n~tion which minimizes any changes to the 
GAs. 

We :1rC intcrested in pursuing both approoches. Our 
ide.:L~ on the first approach will be discussed briefly at the 
end of the paper. In the following sections we will 
describe our resulLc; using the second approxh in which 
we try to apply cl:lssiC<l1 GAs with minimal ch:lnges. 

3 . .2 Defining Fixed-Ienl:th Classifier Rules 

OW' approach to choosing a represen~tion which 
results in minimal changes to thc standard GA opcr.1tors 
involves carefully selecting the concept description 
language. A rtatural way to express complex concepts is 
as a disjunctive set of (possibly overlapping) 
classifiC<lllOn rules. The left-hand side of each rule (dis­
junct) consists of a conjunction oC one or more tests 
involving feature values. The right-hand side of a rule 
indicales the concept (classification) to be assigned to the 
examples which match its leet-hand side. Collectively, a 
set oC 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 arbittarily complex terms in the con­
junctive lefl-hand side of such rules. we will have a very 
powerful description language which will be difficult to 
represent as saings. However. by resaicting the complex­
ity of the elements of the conjunctions. we are able to use 

I Excellent introductions 10 GAs can be found in (HoU.and. I97S) 
.and IGoldber&. 19891. 

.l s:"""L'1; rcprcs.cuw:Jon and s:..lrHi:1fj G.-\..s. '..a. .:':1 :"''''iC c:--..:" 
ncgJuvc sid: err~t th..1t mor~ n..d~s mJY be r:G~~~J ~ 
express U1C conccp~. TIm IS :l:h:::ved by n:.$::'-::~::; c;:::: 
element of a con)uncuon to b: a test of the fo;-:T.: 

retll..."T1 true if the value of fe.awre i of tl'::: e:~:..;:!."llpl: 
is in the given value set.: return false oti:erwise. 

For example. a rule might take the following symbolic 
form: "if (F2 = large) and (F5 = I.lll or thin) then it's a 
widget", Since the left-hand sides are conjunctive forms 
with internal disjunction, there is no loss of generality by 
requiring that there be at most ont ItSl jor tach jear.IJ1! 
(on the left hand side of a rule). 

With these resuictions we can now construct a 
fixed-length internal representation for classifier rules. 
Each fixed-length rule wiU have N feawrc tests. one for 
each feature. Each {eawre teSt will be represented by a 
fixed· length bin:J1)' strins. the length of which will depend 
of the type of feawre (nominal. ordered. etc,). For simpli. 
city. the examples used in this popcr will involve fC::llurcs 
with nominal values. In this CllSC we use k. bits for the k 
values of a nomin:ll feature. So. Cor example. if the IcS:ll 
values for Fl are the days of the weck, then the pattern 
0111110 would represent the test for F1 being a weekd:1y. 

As an example, the lefL·hand side of J rule for a 5 
feature problem would be represented internally as: 

Fl F2 FJ F4 F5 
0110010 1111 01 111100 Illil 

Notice that a fC<lture test involving all l's matches :my 
value of a feature and is equivalent to "dropping" trot 
conjunctive term (i.e .. the feature is irrelev:mt). So. in the 
above example only the values of Fl. FJ. and F4 are 
re\evanL For completeness. we allow patt.erns of all O's 
which match nothing. This means th:lt any rule cont.lin· 
ing such a pattern will not match (cover) any points in the 
fe.:lwcc 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 
oW' "classifier system" is a ..stimulus-response" system. 
with no message passing. 

3.3 Evolving Sets or Classifier Rules 

Since a concept description wiU consist of one or 
more classifier rules. we still need to specify how GAs 
will be used to evolve sets of rules. There are cWTently 
two basic strategies: the Michigan approach exemplified 
by HoUand's classifier system [Holland, 1986}, and the 
Piusburgh approach exemplified by Smith's LS·l system 
(Smith, 1983}. Systems using the Michigan approJ:h 
maintain a population of indi~·idu.ai rules which compete 
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with e:.1ch other fcr space ;md priority in the population. 3.5 The GA Concept Learner 
In contr;J.St. systems using lr.e Pittsburgh approach main· 
dn a popubticn cf variable-ler.gth rule sers which com· 
p<!le '.:.iu1 c:lch o::.e: wit..' res~t to performance on t.be 
dom3.in t.J5k. 

Very little is currently known concerning the rela· 
tive merits of the two approaches. In this paper we report 
cn results obtJined from using the Pittsburgh approach.2 
That is. each individual in the population is a variable­
length string representing an unordered set of fixed· length 
rules (disjuncts). The number of rules in a particul.ar indi­
vidual is unresaict.ed 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 saing representation involving fixed­
length rules. Crossover C:lJ1 occur anywhere (Le.• both on 
rule boundaries and within rules). The only requirement 
is that the corresponding crossover points on the Lwo 
parents "match up semantic:lHy". That is. if one parent is 
being cut on a rule boundary. then the other parent must 
be also cut on :1 rule boundary. Simii:lIly, if one parent is 
being cut at :1 point S bits to the right of :1 rule boundary, 
then the other parent must be CUt in :1 similar spot (Le.. 5 
bits to the right of some rule boundary). 

The mutation oper:ltor is unalTectcd and performs 
the usual bit· level mutations. 

3.4 Choosing:J P:lyolTFunction 

In addition to selecting a good represcntauon. it is 
imporunt LO define a good payoff function which rewards 
the right kinds of individuals. One of the nice fC:llures of 
USing GAs for concept learning is t.h:lt the payoff function 
is the natural place to ccntr:liize :lJ1d maJce explicit any 
biases (preferences) for ceruin kinds of concept dcscrip. 
'[ions. Il also makes it easy to study the effects of different 
bi<lscs by simply making chanses to the payoff function. 

For the e~periments reponed in this paper. we 
wanted to minimize any a priori bias we might have, So 
we selected a payofrrWld.ion involving only classification 
performance (ignOring. Cor example. lenglb and complex­
ity biases), The payoff'(fitness) or each individual rule set 
is computed by.testing the rule set on the current set of 
examples and letting: 

payoff(individJJal i) = (percenl corr~CI)% 

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

I ITeV10lU GA <:a\c:etlt Ic.:amc:n nave used tile ~1ichll:ln J!"I'roach. 
See (Wilson. 19871 :1M ISoolcer. 19&91 foruc:uus. 

Given the represent.Jtion and payo:: f:,;:;:~c:1 

desc:::ed a:.o ','e , 3. sl:llldJrd GA C:L1 be use: ::1 e'.cI'e 
co~~a~r des~ ... r;cns in seye~a1 w3.Y~ "-'-"'-',t~l"""'l"''' .. -to'.... . "" ~. .... ~""l'" .......... 1. 

:lpf:'rc::.::h involves using a bat:h moce in whi::: :l :x~ s.;: 
of eX:L'11ptes is presented, and the GA muse :,c:::~ :':'c 
spa~ oi variaCie-length strings desoibed aoove for :1 :.e: 
of rules which achieves a score of 100%. We Wi:! call i...1.:S 

appro::u::h GAEL (GA Batch concept LeJ."T.er). 

The simplest way to produce an incremental GA 
concept learner is to use GABL incrementally in t.be fol­
lowing way. The concept learner init.i:illy accepts a single 
example from a pool of e~ples. GAEL is used to 
create a 100% correct rule set for this e~ple. This rule 
set is used to predict the classification of the ne:u exam· 
pIe. If the prediction is incorrect. GABL is invoked to 
evolve a new rule set using the two e~ples. If the pred­
iction is correct. the example is simply stored with the 
previous example and the rule set remains unchJ.nged. As 
each new additional instance is accepted. a predicLion is 
made. and the GA is re·run in balCh if the prediClion is 
incontCt. We refer to this mode of oper:ltion as batch· 
incrcmenLll and we refer to the GA batch·incrcmcnt.aJ. 
concept lczncr as GABIL. 

~ Evaluating Concept Learning Programs 

As suggcsted in an carlicr section. there :lIe many ways to 
I.!vahJJI.C and compare concept l~ing prognms: 10 

either batch or incremental modes. An incrcmcnt.aJ. con· 
cept learner Will make a prediction for each new instlnce 
secn. Each prediction is either correct or incorrect. We 
are interested in examining how an incremcnt.aJ. system 
changes its predictive pcrfonnance over time. Suppose 
c:lch outcome (correct or incom::ct) is stored. We could 
look at every outcome to compute perfonn:lJ1cc. but tJus 

. 	would only indicate the global performance of the learner 
(a typic:ll batch mode statistic). rnst.e:ld. we eumme J 

small window of recent OUlComes, counting the correct 
predictions within that window. Perfonnance curves C:lJ1 

then be gener.ued which indic:lte whether a concept 
teamer is getting any belter al com::ctly 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 pen:ent correct achieved over 
the last 10 arrivals (recent behavior). 

S Initial Experiments 
The experiments described in this section are designed to 
dcmoosU':lte the predictive perfonnance of GABIL as a 
function of incremenLll increases in the size and complex­
ity ai the tarsCt concept. We inventcd a 4 feature world In 

·.vhich I!.:lch fl!.:lture h:lS -l possibh: disunct \;llUeS (i,c., 
there are :~6 instances in this ''''orld). This means lhJl 

ruics map into l6·hit smngs and the kn~th 01 indl\ld~:ll 
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In addiuon to studying the beOJ.V1or of GABlL as a 
funcuon of incfC.lSing complexity. we were also 
interested In comp.anng iLS performance with an cxistins 
algorithm. ID5R fUtgotr. 1989]. which is a well·known 
in;:rement:J..I concept learning algorithm, was chosen for 
comparison. ID5R uses decision treeS as the description 
language and always produces a decision tree consistent 
with the instances seen. 

We constructed a set of 12 concept learning 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 fealllJ'es per rule (conjunclS) required to correctly 
describe the concepts. The number of disjuncLS ranged 
from 1 to 4, while the number of conjuncts ranged from I 
to 3. Each target concept is labeled as nDmC. where n is 
the number of disjuncts and m is the number of conjuncLS. 

Each wget concept is associated with one experi­
menl Within an experiment the number of disjuncts and 
conjuncLS for the wget concept remains fixed. The varia­
tion in wget concept occurs between experiments. For 
c.lch of the concepts. a set of 256 unique. noise free exam­
ples was senerated from the feanue space and labeled as 
positive or negative examples of the wget concept. For 
Lhe more complex concepts. tllis resulted in Ic.amlng pri­
marily from nel-!auvc examples. 

For c.ach concept. the ~56 cxamples wcre randomly 
shufn.!d and then prc.'lCntcd sequential Iy as described 
above. This procedure was repeated 10 urnes for c.ach 
concept and for CilCh learning alsorilhm. The perfor­
mance curvcs presented arc the averngc behavior exhi­
bited over 10 runs.) 

Figures I and 2 present the comparative results of 
applying both GABIL and ID5R to the IDlC and 4DIC 
concepts. The remainder or the graphs are not shown due 
to space limilalions. They represent intermediary resullS 
belween the IDIC and 4DIC extremes ilJUSlr.1ted in fig­
ures 1 and 2. Recall that each point on a curve represenLS 
the percen'lage or correct p.-edictions achieved over the 
previous 10 instmc:es presenlCd (and averaged over 10 
runs). Noacthal. this implies that the learning curves can 
be and are. in general. non-monotonic. In panicular. they 
wiD remain at 10Qll, indefiniacly only when the algo­
rithms have correctly learned the target concepL 

The graphs indicate that. on the simpler concepts. 
the predictive performance of ID5R improves more 
rapidly than that of GABn... However. 105R degrades in 
perfonnance as the target concept becomes more com­
plex. with significant deterioration in predictive power 

J It is not UWlYs possible for IDSR to mue a pn:dictiOll buecl on 
Ihe decision tn:e. II it ClMOl use Ihe tn:e to pn:dict. we let IDSR mike a 
random pn:dietion. 
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seen as Lhc number of conjuncLS and disjuncLS are 
increased. The performance of OABll... on the other 
hand, is relatively insensitive to the incrc:lSC in concept 
compleltit)', resulting in significanUy betlCr predictive 
capability than ID5R already on 4 disjunct concepLS. The 
analysis below suggests that this trend will conlinue with 
even larger numbers or disjunclS and conjuncLS. 

We were surprised to see ID5R suITer the most on 
the 4DIC wget concept, since synlacticaUy the concept 
is only moderately complex. The target concept is of the 
Conn: 

if (FI =0001) or (F2 =0001) or (F3 =0001) or 

(F4 =0001) then it's positive 


Although it is natural to expect thal a simple target 
concept (from a syntactic viewpoint) would have a sm:lll 
decision tree representation, this is only a rough generali­
zation. This wget concept is represented by ID5R as a 
decision tree of over 150 nodes. In fact. each negative 
example is represenled by a unique lC:l.f node in the 

50 



J~.;:.sion tree. Fer L1.:S rc.1S0n. rD5R cannot gener.llize 
ova the neg::ltive e:umples. JIid has a good cronce of 
~;::dicting any negative e:l::lI':1ple incorrectly. Fur"her­
::-.,,,e. ::'.en the positive e.u:n;:les are not ger.e~ized 
,_ ;::~l. re5~ling In ;::-eji;::.ion m::rs for posiuve e:umples. 
:: :5 ;:~e::.r l'ut t.'":e :x:.sion ~ re;:reser.t.:Hion is poor for 
,::;:resen:mg this ;::J..~cuL1r concept_ Target conc~pt ~DIC 
represents a worst C:l.Se. which explains why the difference 
between GABa.. and ID5R is greatest for this concept. A 
similar situation occurs for target concepts 3D lC, 4D2C. 
and 4D3C. although to a lesser degree_ 

ID5R relies upon QuinlJIl's information theoretic 
entropy measure to build its decision trees. The informa­
tion theoretic measure favors those concepts in which 
individual fcaOJres cI~ly distinguish t.lrget class 
membership. ID5R's biases also favor concepts that can 
be represented with small decision trees_ The experi­
ments presented above indic.ate the effcct of these built-in 
biases: the predictive power of IDSR can vary dramati­
cally depending on how well-matched the concept is to 
!..hese biases_ 

GABIL. however, performs much more consistently 
on target concepts of varying complexity_ GADIL is not 
significantly a/reeted by the number of conjunctS, since 
with our fixed-length rule representJtion, largc conjunc­
tions arc no more diCfcult to find ~n small ones_ TIlcre IS 

also no built-in bias towards a smaiinumbcr of disjuncts, 
although this could be.xhieved if <.Jesired by ch~ngmg Ihe 
payolr funcuon. r.lther than GADIL itsclf. TIlc uverJIl 
clTect is simil;.lr 10 wh:u has been noted in UUlcr GA ;Jppli­
cauons. n:llTlciy that tile overhead of uSing an albpuvc 
~ch process is quite eVident on simpler problems. but 
~e payolf is cl~iy secn as lile problem complexity 
IOcrC:lSCS (sec. for ex.l1Tlple. [Spears and Dc Jong. 1990])_ 

6 Further Analysis and Comparisons 

Having Char.lCLCrizcd the behlvlor of GABIL in this con­
trolled conccpt world. we hlve begun to extend the 
analysis to more complex and challenging problems_ One 
of our firs~ steps was to look 31 the family of multiplexor 
problems mtroduced to the rnxhine le:uning community 
by Wilson [Wilson. 19871. Multiplexor problems fall into 
~ general area of trying to induce a description of a k­
Input boole:m fWlction from input/output examples_ 
Because no single individual input line is useful in distin­
guishing class membership. information-theoretic 
appro~hes like Quinlan's ID3 system have a particularly 
hard ume inducing decision IreeS for multiplexor prob­
lems. Wilson's work indic.alCd that his GA-based 
classifier system Boole did not have such difficulties_ 
Some of these issues 'Nere addressed by Quinlan in the 
development of his C~ system. Quinlan subsequentlv 
re~ d' .n.c that C~ outpenorms !loolc on the ml,lltiple~or 

problems [QuL"11JIi. 1988]." 

Since 'J,e had access 10 C4.5 (a suc;:eSSQr to C~ 
[Quinl:lI1, 19S9)), 'ke felt rr..:lt l direct comp::.nscn of 
GABIL ar.j C~.S on mul:.iplexor prcblems ',:,ou:d be 
enlighlcnir.s. Sir:cc C4.5 is l bJtc;-:·mode SVS:e:n, ',l,1! 

have to n,;n !t :n l balch-iilcre:r.ent.ll mcde l~ :..he $.1:o:e 
m:lI1ner as GAi3IL in order to pro..,lde ;r,C:lI1 in giu I ;:0171­

pan sons. TIllS CJ.Il be achieved by running C4.5 in balch 
mode for every new inst.:l!1ce seen, and using the resulLing 
decision tree to predict the cLlss of the next ins t.:l!1C e. 

The 6-input multiplexor problem h:lS 6 feawres in 
which each feawre has 2 possible distinct values (i.e., 
there are 64 inst.:l!1ces in this world). This me:lI1S that rules 
map into 12-bit strings and the length of indi vidu.ll rule 
sets is a multiple of 12_ For this concept we randomly 
generated a set of 200 examples from the fearure space. 
each ex:unpJe labeled positive or negative_ Since there are 
only 64 possible unique eXOlmplcs, the set does not con­
tain unique e:l::unples. although they are noise free. This 
methodology :l.Ilows for direct comparison with Quinl:lI1's 
reponed results (Quinlan. 19881. 

The set of 100 examples was r:lIldomly shufTIcd :lI1d 
!..hen prescnted sequentially. This procedure was repeated 
10 llmes for bolil lC:lITling algorithms. The performance 
curves presented in Figure 3 arc !..he average behavior 
exhibited ovcr 10 runs. 

GAOIL clearly oUlperforms C4.5 on the 6-inpul 
muluplexor problem. As noted Jbove, the weaker perfor­
m:mce of C~.5 is not uue 10 the choice of represent.:llion 
(<.Jccision treC). In f:lct. a compact decision trec C:ln be 
cre:lted to descnbc the concept_ The problem lies with tile 
infonnauon theoretic bias itself. which makes it hard 10 

lind this compxt tree. Preliminary results suggest simiLlr 
performance differentials on largcr multiplexor problems. 
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Th~ concept dcscnpLion l:ll1guasc and lh~ scorch 
:llgonlhm constiwtc strong biases for any concept lc..:une~. 
To'1c :J.bove experiments mdiCJte r.i".Jt ID·likc systcms CJ.n 
sc:IT:::r bot-I; :rcm L":eir dCCLSicn r::n--e languJge biJ.s (sec Fig. 
:) and fr::;::1 thei: :rJormauon :heoretic s.e.:J.:ch Dl2.S \se~ 
Fig. 3j. ""Mr.en the biases are appropriate. ID-lii<e systems 
;xri::rm qui:.e weU. GABIL. however. due to iLS minimal 
system bUs, performs uniformly well on target concepts 
of varying complexity. These initial results support the 
view that GABIT.. can be used as an effect concept learner 
although it may not outperform more strongly biased con· 
cept learning algorithms whose bias is appropriate for 
learning simpler target concepts. 

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 continuously acquiring and refining concept 
cl.3ssificaLion rules from imeroctions wi!.h its environment. 
It is interesting to note !lut reasonable perfonnance is 
achieved with minimal a priori bias. The initial results 
support the view that GAs can be used as an effective con­
cept iC!l.nler although they may not outperfonn algori!.hms 
specifically designed for concept teaming when simple 
concepts are invol ved. 

TIlis paper also sets the sta~e for the design of three 
addiuonal GA-based concept learners. First. we wish to 
implement a variation of !.he current system !lut is truly 
incremenLa.l. Second. we arc also very interested in under­
sunding !.hc difference between using !.he Piusburgh 
approach and the Michigan approach in !.his problem 
domain. The cwrent fixed· length rule representation can 
be used directJy in Michigan·style classifier systems. 
Third, we noted early in the paper th:u !.here were two 
basic st.rategies for selecting a represen~tion for the con­
cept desCription language. In this paper we developed a 
representation which minimized the changes to stancbrd 
GA implementations. We also plan to explore the alterna· 
tive st.rategy of modifying !..he basic GA operarors to deal 
effectively with non-Saini representations. We (eel that 
!.he development and analysis of such systems is an 
important direction !..he research community should follow 
in order to develop additional results on these and other 
problems of intereSL 
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