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Abstract

The classi er system XCSF was modi ed to use gene expressioprogramming for the evolu-
tion and functioning of the classi er conditions. The aim was to t environmental regularities
better than is typically possible with conventional rectil inear conditions. An initial experiment
approximating a nonlinear oblique environment showed exdéent t to the regularities.

1 Introduction

A learning classi er system (LCS) [14] is a learning system hat seeks to gain reinforcement from
its environment via an evolving population of condition-action rules called classi ers. Broadly,
each classi er has a condition, an action, and a prediction 6the environmental payo the system
will receive if the system takes that action in an environmernal state that satis es its condition.
Through a Darwinian process, classi ers that are useful in gining reinforcement are selected and
propagated over those less useful, leading to increasing sgm performance.

A classi er's condition is important to this improvement in two senses. First, the condition
should contribute to the classi ers's accuracy: the condition should be satis ed by, or match, only
states such that the classi er's action indeed results in the predicted payo . Second, the condition
should be general in the sense that the classi er should match as many such stas as possible,
leading to compactness of the population and, for many apptiations, transparency of the system's
knowledge. In e ect, the conditions should match the envirmmment's regularities|state subsets
with similar action payo s. This depends in part on the course of the evolutionary process. But it
also depends on whether the condition syntax actually pernts the regularities to be represented.

Classi er system environments were initially [10] de ned over binary domains. The correspond-
ing condition syntax consisted of strings fromf1,0,#g, with # a \don't care" symbol matching
either 1 or 0. This syntax is e ective for conjunctive regularities|ANDs of variables and their
negations|but cannot express, e.g., x1 OR x,. Later, for real-vector environments, conditions
were introduced [20] consisting of conjunctions of intervapredicates, where each predicate matches
if the corresponding input variable is between a pair of vales. The same logical limitation also
applies|only conjuncts of intervals can be represented. But going to real values exposes the deeper
limitation that accurately matchable state subsets must be hyperrectangular, whereas many envi-
ronmental regularities do not have that shape and so will eldle representation by single classi ers.

Attempts to match regularities more adroitly include conditions based on hyperellipsoids [2] and
on convex hulls [15]. Hyperellipsoids are higher-dimensiwl ellipse-like structures that will evolve
to align with regularity boundaries. Convex hulls|dependi ng on the number of points available



to de ne them|can be made to t any convex regularity. Resear ch on both techniques has shown
positive results, but hyperellipsoids are limited by beinga particular, if orientable, shape, and the
number of points needed by convex hulls is exponential with dnensionality.

Further general approaches to condition syntax include newal networks (NNs) [1] and compo-
sitions of basis functions|trees of functions and terminal s|such as LISP S-expressions [13]. In
both cases, matching is de ned by the output exceeding a threhold (or equal to 1 {rue ) in the
case of S-expressions of binary operators). NNs and S-exgsgons are in principle both able to
represent arbitrary regularities but NNs may not do so in a way that makes the regularity clear,
as is desirable in some applications. Moreover, unlike its mights, the NN's connectivity is in most
cases xed in advance, so that every classi er must accept iputs from all variables, whereas this
might not be necessary for some regularities. In contrast toNNs, functional conditions such as
S-expressions o er greater transparency|provided their c omplication can be controlled|and have
the ability to ignore unneeded inputs or add ones that becomeelevant.

This paper seeks to advance understanding of functional catitions by exploring the use of gene
expression programming [7, 8] to de ne LCS conditions. Genaxpression programming (GEP) is
partially similar to genetic programming (GP) [11] in that t heir phenotype structures are both
trees of functions and terminals. However, in GEP the phenogpe results from translation of an
underlying genome, a linear chromosome, which is the objecbf selection and genetic operators;
in GP the phenotype itself acts as the genome and there is no &mslation step. Previous classi er
system work with functional conditions has employed GP [13] For reasons that will be explained
in the following, GEP may o er more powerful learning than GP in a classi er system setting,
as well as greater transparency. However, the primary aim othe paper is to test GEP in LCS
and assess how well it ts environmental regularities, whik leaving direct comparisons with GP for
future work.

The next section examines the limits of rectilinear conditions in the context of an example
landscape that will be used later on. Section 3 presents bass of GEP as they apply to de ning
LCS conditions and introduces our test system, XCSF-GEP. Setion 4 applies XCSF-GEP to the
example landscape. The paper concludes with a discussion tife promise of GEP in LCS and the
challenges that have been uncovered.

2 Limits of Traditional Conditions

Classi er systems using traditional hyperrectangular corditions have trouble when the regularities
of interest have boundaries that are oblique to the coordinée axes. Because classier tness (in
current LCSs like XCS [19] and its variants) is based on accuacy, the usual consequence is evolution
of a patchwork of classi ers with large and small conditionsthat cover the regularity, including its
obligue boundary, without too much error. Although at the same time there is a pressure toward
generality, the system cannot successfully cover an obliqregularity with a single large condition
because due to overlap onto adjacent regularities such a dai er will not be accurate. Covering
with a patchwork of classi ers is, however, undesirable beause the resulting population is enlarged
and little insight into the regularity or even its existence is gained.

An example will make these ideas clear. Figure 1 shows a tetikke two-dimensional payo
landscape where the projection of each side of the tent ontdiie x-y plane is a triangle (the landscape
is adapted from [25]). The two sides represent di erent reglarities: each is a linear function ofx
and y but the slopes are di erent. The equation for the payo function is

X+y  x+y 1

POSY)= 5 x+y) : x+y 1 (1)
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Figure 1: \Tent" payo landscape P(x;y).

The landscape of Figure 1 can be learned by XCSF [24] in its furtion approximation version
[21, 22]. XCSF approximates non-linear functions by coverig the landscape with classi ers that
compute local linear approximations to the function's value. Each such classi er will match in
a certain subdomain and its prediction will be a linear function|via a weight vector|of the
function's input. The classi er's condition evolves and its weight vector is adjusted by feedback
until the prediction is within an error criterion of the func tion's value in that subdomain. At the
same time, the condition will evolve to be as large as possiblconsistent with the error criterion. In
this way XCSF forms a global piecewise-linear approximatio to the function (for details of XCSF
please see the references).

In the case of Figure 1, XCSF will evolve two sets of classi es corresponding to the two sides
of the tent. All the classi ers on a side will end up with nearly identical weight vectors. But their
conditions will form the patchwork described earlier|a few will be larger, located in the interior of
the triangle, the rest will be smaller, lling the spaces up to the triangle's diagonal. The problem is:
rectangles don't t triangles, so the system is incapable ofcovering each side with a single classi er.
If the conditions could be triangles, the system would need only two classi ers, and tley would
clearly represent the underlying regularities.

3 Gene Expression Programming in XCSF

3.1 Some basics of GEP

As noted earlier, in GEP there is both a genome, termedchromosome and a phenotype, termed
expression tree (ET), with the expression tree derived from the chromosome g a process called
translation. The ET's performance in the environment determines its tness and that of the cor-
responding chromosome, but it is the chromosome which undgoes selection and the actions of
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Figure 2. Translation of chromosome-*ea+b/cdbbaddc into expression trees (ETs). Left, standard
Karva translation. Right, pre x translation (Sec. 4.1).

genetic operators.

An example chromosome might be -*ea+b/cdbbaddc . The arithmetic symbols stand for the
four arithmetic functions. The alphabetic symbols are callederminals and take on numeric values
when the expression tree is evaluated. The rst seven symbaelof this chromosome form thehead;
the rest, all terminals, form the tail. Whatever the length of the chromosome, the head, consistig
of functions and terminals, and tail, consisting only of temrminals, must satisfy

t=h(Nmax 1)+1; (2)

whereh is the length of the head,t the length of the tail, and npnax is the maximum function arity
(in this case 2). The reason for the constraint implied by this equation will be explained shortly.

Many genetic operators can be employed in GEP. The simplestrad, according to Ferreira [8],
the most powerful, is mutation. It simply changes a symbol to one of the other symbols, with he
proviso that, in the head, any symbol is possible, but in the il, symbols can only be changed to
other terminal symbols. Another operator is inversion: it picks start and termination symbols of
a subsequence within the head, and reverses that subsequendransposition is a further operator
which comes in three forms [7]. The simplest, IS transpositin, copies a subsequence of lengthfrom
anywhere in the chromosome and inserts it at a random point bttveen two elements of the head;
to maintain the same chromosome length, the lastn elements of the head are deleted. Several
recombination operators are used, including one- and two-point, which opeate like traditional
crossover on a pair of chromosomes.

The translation from chromosome to expression tree is strajhtforward. Proceeding from left to
right in the chromosome, elements are written in a breadth- rst manner to form the nodes of the
tree. The basic rule is: (1) the rst chromosome element forns a single node at the top level foot)
of the tree; (2) further elements are written left-to-right on each lower level until all the arities on
the level above are satis ed; (3) the process stops when a lel/ consists entirely of terminals. Due
to Equation 2, the tail is always long enough for translation to terminate before running out of
symbols. Figure 2, left side, shows the ET for the example cltomosome. Evaluation of the tree
occurs from bottom up, in this case implementing the expressn a(b+ c=d e.

The most important property of GEP translation is that every chromosome isvalid; that is, as
long as it obeys Equation 2, every possible chromosome wilténslate into a legal, i.e., syntactically
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correct, tree. The reason is that in the translation processll function arities are correctly satis ed.
The validity of every chromosome has the signi cant consegence that the genetic operators cannot
produce an illegal result. In fact, as long as it does not leaw function symbols in the tail, any
de nable operator will be \safe". This is in some contrast to other functional techniques such
as GP, where certain operators cannot be used without produag illegal o spring, or if used, the

0 spring must be either edited back to legality or discarded. Ferreira ([8], pp. 22-27, 33-34) regards
this property of GEP as permitting a more thorough and therefore productive search of the problem
space. However, the search issue calls for further investijon since GEP does have the restriction
that the tail must be free of function symbols and few direct performance comparisons have been
made.

Gene expression programming has further important featurs, but since they were not used in
the present work they will only be mentioned here. One is the hility to combine several genesinto
a single chromosome. These are chromosome segments thatrisdate into separate expression trees.
They are individually evaluated but their results are linked either by a predetermined operator such
as addition or by a linkage structure that is itself evolved in another part of the chromosome. A
second feature is that GEP has several methods for the conctent evolution of real-valued constants
that may be needed as coe cients and terms in expressions. B features (plus others) of GEP
are likely to contribute to the representational power of classi er conditions.

Finally, as in other functional approaches, GEP needs a methd of dealing with unde ned or
otherwise undesirable results from arithmetic operators.In contrast to GP, GEP does not replace
such operators with protected versions for which the resulicannot occur. Instead, normal operators
are retained. Then when, say, an operator like X" receives a zero denominator argument, its tree's
evaluation is aborted and the chromosome's tness is set toero. The philosophy is to remove (via
lack of selection) such awed chromosomes instead of furthrepropagating their genetic material.

3.2 XCSF-GEP

The application of GEP in classi er conditions is not complicated. Basically, the condition is
represented by a chromosome whose expression tree is evdkdh by assigning the system's input
variables to the tree's terminals, evaluating the tree, andcomparing the result with a predetermined
threshold. If the result exceeds the threshold, the conditbn matches and its classi er becomes part
of the match set. From that point on, XCSF-GEP diers from XCS F only in that its genetic
operators are GEP operators (as in Sec. 3.1). Covering|the case where no classi er matches the
inputlis handled by repeatedly generating a new classi er w ith a random condition (but obeying
Equation 2) until one matches.

Adding GEP to XCSF would appear to have three main advantages The rst stems from use of
functional (instead of rectilinear) conditions, with the c onsequent ability to represent a much larger
class of regularities. The next two stem from GEP in particular: simplicity of genetic operations
and conciseness of classi er conditions. Genetic operatis are simple in GEP because they operate
on the linear chromosome and not on the expression tree itskel They are also simple because
o spring never have to be checked for legality, a requiremenwhich in other functional systems
can be complex and costly of computation time. However, perhps the most attractive potential
advantage of GEP is that expression tree size is limited by tle xed size of the chromosome.

As noted in the Introduction, a classi er system seeks not oy to model an environment accu-
rately, but to do so with transparency, i.e., in a way that o e rs insight into its characteristics and
regularities. It does this by evolving a collection of sepaate classi ers, each describing a part of
the environment that ideally corresponds to one of the regudrities, with the classi er's condition
describing the part. Thus, it is important that the conditio ns be concise and quite easily inter-



pretable. For this, GEP would seem to be better than other functional systems such as GP because
once a chromosome size is chosen, the expression tree sizénisted and very much less subject to
\bloat" [17] than GP tree structures are. In GP, crossover between trees can lead to unlimited tree
size unless constrained for example by deductions from tngs due to size. In GEP, the size cannot
exceed a linear function finnhax + 1) of the head length and no tness penalty is needed.

4 An Experiment

4.1 Setup

The XCSF-GEP system was tested on the tent landscape of Figwr 1. As with XCSF in its
function approximation version [21, 22], XCSF-GEP was give random x;y pairs from the domain
0:0 x;y 1.0, together with payo values equal to P(x;y). XCSF-GEP formed a match set
[M] of classi ers matching the input, calculated its system prediction, P, and the system error
jP  P(x;y)j was recorded. Then, as in XCSF, the predictions of the clasgirs in [M] were adjusted
using P (x;y), other classi er parameters were adjusted, and a genetic lgorithm was run in [M] if
called for. In a typical run of the experiment this cycle was repeated 10,000 times, for a total of 20
runs, after which the average system error was plotted and tke nal populations examined. Runs
were started with empty populations.

For classi er conditions, XCSF-GEP used the function set f+ - * / > g and the terminal set
fa bg. If the divide function \ /" encountered a zero denominator input the result was set to 10
and the tness of the associated chromosome was set to a veryrall value. The function \ >" is the
usual \greater than" except the output values are respectiwely 1 and 0 instead oftrue and false .
To be added to [M], the evaluation of a classi er's expressia tree was required to exceed anatch
threshold of 0.0. In covering and in mutation, the rst (root) element o f the chromosome was not
allowed to be a terminal.

Partially following [21] and using the notation of Butz and W ilson [5], parameter settings for
the experiment were: population sizeN = 100, learning rate = 0.4, error threshold ¢ = 0.01,
tness power =5, GA threshold ¢a = 12, crossover probability (one point) = 0.3, deletion
threshold 4e = 50, tness fraction for accelerated deletion = 0.1, delta rule correction rate =
1.0, constant xo augmenting the input vector = 0.5. Prior to the present experiment, an attempt
was made to nd the best settings (in terms of speed of reductin of error) for , ga,and . The
settings used in the experiment were the best combination fond, with changes to ga (basically,
the GA frequency) having the greatest e ect.

Parameters speci ¢ to XCSF-GEP included a mutation rate = 2.0. Following Ferreira ([8],
p. 77), sets the average mutation rate (number of mutations) per chomosome which, divided
by the chromosome length, gives the rate per element or allel A rate of = 2.0 has been found
by Ferreira to be near-optimal. The head length was set to 6, iying a chromosome length of 13.
Inversion and transposition were not used, nor was subsumjn since there is no straightforward
way to determine whether one chromosome subsumes another.

Besides testing XCSF-GEP as described in this paper, the exgriment also tested the same
system, but with a di erent technique for translating the ch romosome. Ferreira calls the breadth-
rst technique \Karva" whereas it is also possible to transl ate in a depth- rst fashion called \pre x"
(see, e.g., [16]). Like Karva, pre x has the property that every chromosome translates to a valid
expression tree. Figure 2, right side, shows the translatio of the chromosome of Sect. 3.1 using
pre x. Looking at examples of chromosomes and their trees,tiis possible to see a tendency
under pre x more than under Karva for subsequences of the chmmosome to translate into compact
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Figure 3: XCSF-GEP system error vs. learning instances forént landscape using Karva and pre x
translation. Also, system error for XCSF. (Averages of 20 runs).

functional subtrees. This may mean (as Li et al [16] argue) tlat pre x preserves and propagates
functional building blocks better than Karva. We therefore also implemented pre x translation.

4.2 Results

Figure 3 shows the results of an experiment using the paramet settings detailed above, in which
XCSF-GEP learned to approximate the tent landscape of Figue 1. For both translation techniques,
the error fell to nearly zero, with pre x falling roughly twi ce as fast as Karva. Still, initial learning
was slower than with ordinary XCSF (also shown; relevant paameters the same as for XCSF-GEP).
However, XCSF's error performance was markedly worse.

Evolved populations contained about 70 macroclassi ers [bso that they had de nitely not
reduced to the ideal of just two, one for each of the tent sides However, roughly half of the
classi ers in a population were accurate and the conditionsof roughly half of those precisely covered
a tent-side domain. Figure 4 shows the conditions of eight fgh-numerosity classi ers from four
runs of the experiment. The rst and second pairs are from tworuns in which Karva translation
was used; the runs for the third and fourth pairs used pre x translation. With each chromosome
is shown the algebraic equivalent of its expression tree, tgether with the domain in which that
tree matched. The relation between the algebra and the domai is: if and only if the inputs satisfy
the domain expression, the algebraic expression will compe to a value greater than zero (i.e., the
classi er matches).
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Figure 4. Algebraic equivalents and domains of match for hig-numerosity chromosomes evolved
in the experiment of Section 4. In 1-4, expression trees wertormed by Karva translation; in 5-8,
by pre x translation.

Many of the expressions simplify easily. For instance if therst is prepended to \ > 0" (i.e.,
b (b+ a)b > 0), the result can be seen to be the same as the domain expremsi However, other
algebraic expressions are harder to simplify, and it seemdear that for interpretation of XCSF-GEP
conditions in general, automated editing is called for. Futher, it was quite remarkable how many
di erent but correct algebraic expressions appeared in thetotal of forty runs of the experiment.
Even though many conditions evolved to precisely delineat¢he two regularities of this environment,
each of those regularities clearly has a multitude of algelaic descriptions. XCSF-GEP was proli ¢
in nding these, but the evolutionary process, even in this sSmple problem, did not reduce them to
two, or even a small number.

5 Discussion and Conclusion

The experiment with the tent environment showed it was possble to use GEP for the conditions of
XCSF, but the learning was fairly slow and the evolved populdions were not compact. However, it
was the case|ful lling one of the main objectives|that the h  igh-numerosity classi ers, if somewhat
obscurely, corresponded precisely in their conditions to ltiis environment's oblique regularities.

Many questions ensue. On speed, it must be noted that the expenental system did not use
the full panoply of genetic operators, transposition in paticular, that are available in GEP, so that
search was in some degree limited. Also, the conditions didat have the multigenic structure that
is believed important [8] to e ciency. Nor was GEP's facilit y for random numerical constants used;
the constants needed in the current problem were evolved akgpraically, e.g., 1 =b=b

The match threshold may matter for speed. If it is set too low, more classi ers match, and in
this sense the generality of all classi ers is increased. I ect, the generality of an XCSF-GEP
classi er is de ned in relation to the match threshold (whic h could conceivably be adaptive). Since
over-generality leads to error, too low a threshold will inaease the time required to evolve accurate
classi ers. There is a substantial theory [3] of factors, ircluding generality, that a ect the rate of
evolution in XCS-like systems; it should be applicable here

On compactness the situation is actually much improved by the fact that regularity- tting
classi ers do evolve, in contrast to the poor t of rectilinear classi ers for all but rectilinear en-



vironments. Considerable work (e.g. [23, 6, 9, 18, 4]) existon algorithms that reduce evolved
populations down to minimal classi er sets that completely and correctly cover the problem envi-
ronment. If the population consists of poorly tting classi ers, the resulting minimal sets are not

very small. However, if, as with XCSF-GEP in this experiment, two classi ers are evolved that

together cover the environment, compaction methods shoulgroduce sets consisting of just those
two. Thus XCSF-GEP plus postprocessing compaction (plus codition editing) should go quite

far toward the goals of conciseness and transparency. All s of course remains to be tested in
practice.

In conclusion, de ning classi er conditions using GEP appears from this initial work to lead to a
slower evolution than traditional rectilinear methods, but captures and gives greater insight into the
environment's regularities. Future research should inclae implementing more of the functionality
of GEP, exploring the e ect of the match threshold, testing compaction algorithms, and extending
experiments to more di cult environments.
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