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Abstract. We present an online technique to estimate the generality of
classifiers conditions. We show that this technique can be extended to
gather some basic information about the effect of classifier actions in the
environment. The approach we present is minimalist in that it is aimed
at obtaining as much information as possible from online experience,
with as few modifications as possible to the classifier structure. Because
of its plainness, the method we propose can be applied virtually to any
classifier system model.

1 Introduction

Learning classifier systems are online techniques which exploit reinforcement
learning and evolutionary computation to learn how to solve problems. Learning
is achieved through the evolution of a set (or population) of condition-action-
payoff rules (the classifiers) which represent the solution. As all the other rein-
forcement learning techniques, a learning classifier system neither assumes any
knowledge about space of possible input configurations that will be encountered,
nor any knowledge about the possible effect that its actions will have in the en-
vironment.

When the solutions evolved by a classifier system are analyzed, one of the
main focus is the degree of generalization achieved. Classifiers that apply in many
situations are studied because they provide some high level knowledge about the
target problem; classifiers that apply in few situations are studied because they
provide insight about some specific aspect of the target problem. In principle,
since no assumptions are made about the input space, it should not be possible to
know which situations classifiers have been applied to (unless we can keep track
of the situations encountered as done in [3]). In practice, the analysis techniques
usually applied assume that the problem space is known completely (e.g., [9]).
However, this assumption becomes easily infeasible in large applications such as
real-world robotics and analysis of huge amount of data. Thus it would be useful
to have a technique capable of providing some information about the classifier
generality which (i) does not assume that the input space is known completely,
and (ii) does not store large amounts of additional information.

E. Canti-Paz et al. (Eds.): GECCO 2003, LNCS 2724, pp. 1894-[1904] 2003.
© Springer-Verlag Berlin Heidelberg 2003


Verwendete Distiller 5.0.x Joboptions
Dieser Report wurde automatisch mit Hilfe der Adobe Acrobat Distiller Erweiterung "Distiller Secrets v1.0.5" der IMPRESSED GmbH erstellt.
Sie koennen diese Startup-Datei für die Distiller Versionen 4.0.5 und 5.0.x kostenlos unter http://www.impressed.de herunterladen.

ALLGEMEIN ----------------------------------------
Dateioptionen:
     Kompatibilität: PDF 1.3
     Für schnelle Web-Anzeige optimieren: Nein
     Piktogramme einbetten: Nein
     Seiten automatisch drehen: Nein
     Seiten von: 1
     Seiten bis: Alle Seiten
     Bund: Links
     Auflösung: [ 2400 2400 ] dpi
     Papierformat: [ 594.962 841.96 ] Punkt

KOMPRIMIERUNG ----------------------------------------
Farbbilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 300 dpi
     Downsampling für Bilder über: 450 dpi
     Komprimieren: Ja
     Automatische Bestimmung der Komprimierungsart: Ja
     JPEG-Qualität: Maximal
     Bitanzahl pro Pixel: Wie Original Bit
Graustufenbilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 300 dpi
     Downsampling für Bilder über: 450 dpi
     Komprimieren: Ja
     Automatische Bestimmung der Komprimierungsart: Ja
     JPEG-Qualität: Maximal
     Bitanzahl pro Pixel: Wie Original Bit
Schwarzweiß-Bilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 2400 dpi
     Downsampling für Bilder über: 3600 dpi
     Komprimieren: Ja
     Komprimierungsart: CCITT
     CCITT-Gruppe: 4
     Graustufen glätten: Nein

     Text und Vektorgrafiken komprimieren: Ja

SCHRIFTEN ----------------------------------------
     Alle Schriften einbetten: Ja
     Untergruppen aller eingebetteten Schriften: Nein
     Wenn Einbetten fehlschlägt: Warnen und weiter
Einbetten:
     Immer einbetten: [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]
     Nie einbetten: [ ]

FARBE(N) ----------------------------------------
Farbmanagement:
     Farbumrechnungsmethode: Farbe nicht ändern
     Methode: Standard
Geräteabhängige Daten:
     Einstellungen für Überdrucken beibehalten: Ja
     Unterfarbreduktion und Schwarzaufbau beibehalten: Ja
     Transferfunktionen: Anwenden
     Rastereinstellungen beibehalten: Ja

ERWEITERT ----------------------------------------
Optionen:
     Prolog/Epilog verwenden: Ja
     PostScript-Datei darf Einstellungen überschreiben: Ja
     Level 2 copypage-Semantik beibehalten: Ja
     Portable Job Ticket in PDF-Datei speichern: Nein
     Illustrator-Überdruckmodus: Ja
     Farbverläufe zu weichen Nuancen konvertieren: Ja
     ASCII-Format: Nein
Document Structuring Conventions (DSC):
     DSC-Kommentare verarbeiten: Ja
     DSC-Warnungen protokollieren: Nein
     Für EPS-Dateien Seitengröße ändern und Grafiken zentrieren: Ja
     EPS-Info von DSC beibehalten: Ja
     OPI-Kommentare beibehalten: Nein
     Dokumentinfo von DSC beibehalten: Ja

ANDERE ----------------------------------------
     Distiller-Kern Version: 5000
     ZIP-Komprimierung verwenden: Ja
     Optimierungen deaktivieren: Nein
     Bildspeicher: 524288 Byte
     Farbbilder glätten: Nein
     Graustufenbilder glätten: Nein
     Bilder (< 257 Farben) in indizierten Farbraum konvertieren: Ja
     sRGB ICC-Profil: sRGB IEC61966-2.1

ENDE DES REPORTS ----------------------------------------

IMPRESSED GmbH
Bahrenfelder Chaussee 49
22761 Hamburg, Germany
Tel. +49 40 897189-0
Fax +49 40 897189-71
Email: info@impressed.de
Web: www.impressed.de

Adobe Acrobat Distiller 5.0.x Joboption Datei
<<
     /ColorSettingsFile ()
     /AntiAliasMonoImages false
     /CannotEmbedFontPolicy /Warning
     /ParseDSCComments true
     /DoThumbnails false
     /CompressPages true
     /CalRGBProfile (sRGB IEC61966-2.1)
     /MaxSubsetPct 100
     /EncodeColorImages true
     /GrayImageFilter /DCTEncode
     /Optimize false
     /ParseDSCCommentsForDocInfo true
     /EmitDSCWarnings false
     /CalGrayProfile ()
     /NeverEmbed [ ]
     /GrayImageDownsampleThreshold 1.5
     /UsePrologue true
     /GrayImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>
     /AutoFilterColorImages true
     /sRGBProfile (sRGB IEC61966-2.1)
     /ColorImageDepth -1
     /PreserveOverprintSettings true
     /AutoRotatePages /None
     /UCRandBGInfo /Preserve
     /EmbedAllFonts true
     /CompatibilityLevel 1.3
     /StartPage 1
     /AntiAliasColorImages false
     /CreateJobTicket false
     /ConvertImagesToIndexed true
     /ColorImageDownsampleType /Bicubic
     /ColorImageDownsampleThreshold 1.5
     /MonoImageDownsampleType /Bicubic
     /DetectBlends true
     /GrayImageDownsampleType /Bicubic
     /PreserveEPSInfo true
     /GrayACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>
     /ColorACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>
     /PreserveCopyPage true
     /EncodeMonoImages true
     /ColorConversionStrategy /LeaveColorUnchanged
     /PreserveOPIComments false
     /AntiAliasGrayImages false
     /GrayImageDepth -1
     /ColorImageResolution 300
     /EndPage -1
     /AutoPositionEPSFiles true
     /MonoImageDepth -1
     /TransferFunctionInfo /Apply
     /EncodeGrayImages true
     /DownsampleGrayImages true
     /DownsampleMonoImages true
     /DownsampleColorImages true
     /MonoImageDownsampleThreshold 1.5
     /MonoImageDict << /K -1 >>
     /Binding /Left
     /CalCMYKProfile (U.S. Web Coated (SWOP) v2)
     /MonoImageResolution 2400
     /AutoFilterGrayImages true
     /AlwaysEmbed [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]
     /ImageMemory 524288
     /SubsetFonts false
     /DefaultRenderingIntent /Default
     /OPM 1
     /MonoImageFilter /CCITTFaxEncode
     /GrayImageResolution 300
     /ColorImageFilter /DCTEncode
     /PreserveHalftoneInfo true
     /ColorImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>
     /ASCII85EncodePages false
     /LockDistillerParams false
>> setdistillerparams
<<
     /PageSize [ 595.276 841.890 ]
     /HWResolution [ 2400 2400 ]
>> setpagedevice


Estimating Classifier Generalization and Action’s Effect 1895

In this paper, we present a very simple technique to estimate the degree
of generality of classifier conditions. The technique does not require any prior
knowledge about the input space and requires only limited amount of additional
information. The technique works online while learning is in progress and clas-
sifiers are used. It consists of collecting elementary statistics about the sensory
inputs for classifiers that are currently matching. We show that the same tech-
nique can be extended to collect some elementary information about the effect
of classifier actions. The approach we present is minimalist in that it is aimed
at obtaining as much information as possible from online experience, with as
few modifications as possible to the classifier structure. The method is far from
being as powerful as those specifically designed for anticipatory behavior [IJ.
Nevertheless, the results produced might be still interesting. Most important,
because of its plainness the method we propose can be applied virtually to any
classifier system model.

2 Motivation

In learning classifier systems, it is usually difficult to distinguish between classi-
fiers that are syntactically general and classifier that are actually general, unless
some knowledge about the problem space is available. Let us illustrate this with
a simple example. Suppose that we are dealing with the most usual learning
classifier system model; conditions are represented as strings of fixed length L
in the alphabet {0, 1, #}; the symbol #, called don’t care, can match both 1s
and Os; actions are represented as binary strings of fixed length; the problem we
are trying to solve involves binary sensory inputs made of 16 bits, and allows
eight actions encoded with a binary string of three bits. Suppose that the system
has evolved a classifier with condition ###############1 and action 111. This
classifier seems very general: it contains 15 don’t care symbols and therefore in
principle it can match 2'° different situations. However, it might be also the
case that there is only one input configuration with a one in the last position
(e.g., 0000000000000001), so that the classifier is not general but very specific
instead.

Some information about the situations that classifiers match can also be
useful to analyze the results produced through symbolic representations. For
instance, [5] reports the following example of symbolic classifier condition ex-
pressed with a Lisp syntax:

(AND (AND (AND(NOT(EQ(A2) (A1))) (NOT(EQ(A2) (A1))))
(AND (AND (GT (A5) (1)) (4)) (NOT(EQ(A2) (A1))))) (NOT(EQ(A2) (A1))))

which involves five integer attributes, A1 ... A5. AND, OR, and NOT represent
the corresponding Boolean functions; GT is the relation greater-than, and EQ is
the relation equal-to. Note that, although the above condition is quite simple,
it is still difficult to estimate whether the condition is general. Of course, we
might simplify it with some tools, but the resulting condition might still be
too complex to be analyzed. Thus, we believe that the analysis of large rulesets
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Fig. 1. The Woods1 environment (a) and the Maze4 environment (b)

evolved through symbolic representations would be made easier if some support
to evaluate the degree of generalization of classifiers could be available.

3 Experimental Design

To test the methods presented in this paper, we implemented them on an avail-
able implementation of XCS [6] and applied our extended version of XCS to
Boolean multiplexer and to woods environments.

Experiments. All the experiments reported were performed following the stan-
dard procedure used in the literature [8]. Each experiment consists of a number
of problems that XCS must solve. When XCS solves the problem correctly, it
receives a constant reward equal to 1000; otherwise it always receives a constant
reward equal to 0.

Boolean Multiplexer. Boolean multiplexer are defined for [ Boolean variables
(i.e., bits) where [ = k+2F: the first k variables (xg...xx—1) represent an address
which indexes into the remaining 2* variables (yq . . .9+ _1); the function returns
the value of the indexed variable. For example, consider the multiplexer with six
variables mpg (0, 21, Yo, Y1, Y2, y3) (mps : {0,1}5 — {0,1}) defined as follows:

mpe (Lo, T1, Yo, Y1, Y2, Y3) = To T1Yo + To T1Y1 + To Tiye + ToT1Yy3

The product corresponds to the logical and, the sum to the logical or, and the
overline corresponds to the logical not. The system has to learn how to represent
the Boolean multiplexer from a set of examples. For each problem, the system
receives as input an assignment of the input variables (xo, 21, Yo, Y1, Y2, ¥y3); the
system has to answer with the corresponding truth value of the function (0 or
1); if the answer is correct the system is rewarded with 1000, otherwise 0.

Woods Environments. These are simple grid worlds like those depicted in
Fig. [ which contain obstacles (T), free positions (.), and food (F). There are
eight sensors, one for each possible adjacent cell. Each sensor is encoded with
two bits: 10 indicates the presence of an obstacle T; 11 indicates a goal F; 00
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indicates a free cell. Classifiers conditions are 16 bits long (2 bits x 8 cells).
There are eight possible actions, encoded with three bits. The system goal is to
learn how to reach food position from any free position; the system is always
in one free position and it can move in any surrounding free position; when the
system reaches a food position (F) the problem ends and the systems is rewarded
with 1000; in all the other cases the system receives zero reward.

4 Estimating Rule Generality

The method we propose is aimed at collecting as much information as possible
regarding the classifier generality, making as few modifications as possible to
the classifier system structure. The method is quite simple. To the classifier
structure, we add (i) an array in to estimate the averages of the sensory inputs
matched by the classifier; (ii) an array e;, to estimate the error affecting the
values in the array in. The size of in and ¢;, is the number of sensory inputs
(e.g., in the first example discussed it would be 16; in the second example it would
be six). At the beginning of an experiment, the values of in and ¢;, of classifiers
in the rulebase are initialized with a predefined value (0 in our experiments, but
a random value would work as well). When classifiers are matched against the
current sensory inputs s;, for every classifier ¢l that matches sy, the array in and
€in are updated as follows:

Vel that matches s; Vk :
clin[k] « clinlk] + Be(s:[k] — cl.in[k]) (1)
cleinlk] = clei|k] + Be(|si|k] — clin[k]| — cl.ein[k]) (2)

where s;[k| represent the k-th sensory input of sg; cl.in[k] represents the k-th
element of the array in of classifier cl; likewise cl.e;,[k] represents the k-th
element of the array e;, of classifier c¢l; 8. (0 < . < 1) is the learning rate.
Equation [ tries to estimate the average of all the input values that classifier cl
matches. Given the average input values stored in cl.in[k], Equation 2l builds an
estimate of the error cl.e;,[k] affecting cl.in[k]. The reader familiar with Wilson’s
XCS []] will recognize in equations [l and [2 the update of the classifier prediction
parameter p, and classifier error parameter ¢ used in XCS.

5 Experiments on Rule Generality

To test the proposed method for estimating classifier generality, we implemented
it on an available XCS implementation [6] and applied our XCS extension to
the 6-multiplexer with the following parameters (see [2] for details): N = 400,
68=02 a=01e =001, v=05 0ga =25 x =0.8, u=0.04, 04e; = 20,
0 =0.1, Osup = 20, Py = 0.6, Orng = 2, doGASubsumption= 1, doActionSet-
Subsumption= 0 (i.e., action set subsumtption is not used). The learning rate
Be is 0.001. Table [ reports an example of population that was evolved after
20000 learning problems; for the sake of brevity, only classifiers with non null



1898 P.L. Lanzi

Table 1. Classifiers with non-zero prediction evolved by XCS for the 6-mpultiplexer.
For every classifier we report: a unique identifier, the classifier condition and the clas-

sifier action separated by “:” | the prediction p, the prediction error ¢, and the fitness
F'. The array in and €;, are reported as a sequence of in[k] & e, [k] for k € {0...5}.

23331 11###1:1 p = 1000 € = 0.00 F' = 1.00

(1.00 £ 0.00, 1.00 = 0.00, 0.53 £ 0.50, 0.48 & 0.50, 0.47 = 0.50, 1.00 £ 0.00)
3485 O000###:0 p = 1000 ¢ = 0.00 F' = 1.00

(0.00 £ 0.00, 0.00 + 0.00, 0.00 £ 0.00, 0.48 £ 0.50, 0.49 + 0.50, 0.52 £ 0.50)
7810 11###0:0 p = 1000 ¢ = 0.00 F' = 1.00

(1.00 £ 0.00, 1.00 + 0.00, 0.55 £ 0.49,0.47 & 0.50, 0.47 = 0.50, 0.00 £ 0.00)
8807 O1#0##:0 p = 1000 ¢ = 0.00 F' = 1.00

(0.00 £ 0.00, 1.00 = 0.00, 0.54 £ 0.50, 0.00 £ 0.00, 0.47 =+ 0.50, 0.53 £ 0.50)
20897 O1#1##:1 p = 1000 € = 0.00 F' = 1.00

(0.00 £ 0.00, 1.00 + 0.00, 0.46 £ 0.50, 1.00 £ 0.00, 0.50 =+ 0.50, 0.46 + 0.50)
373  10##1#:1p = 1000 ¢ = 0.00 F = 1.00

(1.00 £ 0.00, 0.00 + 0.00, 0.48 £ 0.50, 0.50 £ 0.50, 1.00 = 0.00, 0.50 £ 0.50)
7723 O001###:1 p = 1000 € = 0.00 F' = 1.00

{(0.00 £ 0.00, 0.00 % 0.00, 1.00 £ 0.00, 0.53 & 0.50, 0.50 £ 0.50, 0.47 & 0.50)
6108 10##0#:0 p = 1000 ¢ = 0.00 F' = 1.00

(1.00 £+ 0.00, 0.00 + 0.00, 0.51 £ 0.50, 0.52 £ 0.50, 0.00 = 0.00, 0.52 £ 0.5)

prediction are reported. For each classifier, on the first line, we report: a unique
identifier, the classifier condition and the classifier action separated by a“:”, the
prediction p, the prediction error £, the fitness F'; on the second line, for each
input s[k], we report the interval in[k] £ e;, [k] which provides an estimate of the
values of the k-th input that the classifier matches.

Since in Boolean multiplexer all the possible input configurations are con-
sidered, we should expect that (i) every position k of the classifier condition
containing a don’t care, would correspond to a in[k] equal to 0.5, and to a &;,[k]
equal to 0.5 (i.e., 0.5+ 0.5); (ii) every position k of the classifier condition con-
taining a 1 or a 0, would correspond to a in[k] equal to 1 or 0 respectively, and to
a g;n[k] equal to 0.0 (i.e., 0.540.5). Table[l confirms these expectations. All the
interval corresponding to a constant input (0 or 1) have an error estimate (g;,,)
equal to 0; all the interval corresponding to a don’t care have values very near to
0.5. Of course, since in and g;, are estimates they are affected by errors mainly
due to the order in which the inputs appeared and to the value of . used. For
instance, in classifier 23331, the interval corresponding to the first don’t care is
0.53 £ 0.50, instead of 0.50 4= 0.50. Probably, we could obtain better approxima-
tions by tuning . or by using an adaptive value for (.. On the other hand, some
experiments we performed with more sophisticated techniques did not result in
relevant improvements of the results; while we find that the estimates developed
through our elementary technique are quite satisfactory. In fact, in Table [ all
the values of in and g, turn out to be correct when approximated to the first
decimal digit.
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The technique appears even more interesting if we apply it to a version of
XCS involving symbolic expressions (e.g., [7]). We apply XCS with symbolic
expression to the 6-multiplexer with the same parameters used in the previous
experiments. In one of the final populations appears the following classifier:

((((NOT(NOT(NOT(( XO OR YO )AND(NOT YO )))))OR((NOT((NOT( XO AND Y1 )) AND((NOT X1

) AND( Y3 AND X0 )))) OR(NOT((( YO OR YO )OR( Y3 OR Y1 ))AND((NOT Y3) AND((NOT X1
)AND ( Y3 AND XO )))))))AND((NOT XO )AND(NOT(NOT( Y1 AND X1 )))))AND(( X1 AND(((( Y1
AND ( Y1 AND X1 ))AND Y1 )AND( Y1 AND(NOT XO ))) AND((((NOT( YO OR X0 )) OR(((NOT XO
)AND YO )OR( Y1 AND YO )))AND(NOT(NOT( Y1 AND X1 ))))AND( Y1 AND(NOT XO )))))AND X1
M1

p=1000e=0F =1

(0.00 £ 0.00, 1.00 £ 0.00, 0.55 £ 0.50, 1.00 £ 0.00, 0.46 £ 0.50,0.51 & 0.50)

where AND, OR, and NOT represent the corresponding Boolean operators; X0, X1,
YO, ..., Y3 represent the six problem variables. Note that it is almost impossible
to evaluate the generality of the condition (unless we simplify it), however the
intervals suggest that the above classifier matches situations in which zy = 0,
21 = 1, and y; = 1 while all the other variables can take any value between 0 and
1. When we simplify the condition with a tool for logic synthesis, we find that
the condition corresponds to the expression Ty 1 y1, confirming what suggested
by the intervals represented with in and g;,.

6 Estimating Actions’ Effect

The same principle used to estimate rule generality can be applied to provide
some elementary information about the effect of classifier actions. The classifier
structure is further extended, adding (i) an array ef to estimate the average
values of the sensory inputs that the system will receive if the classifier action
is performed; (ii) an array €.s to estimate the error affecting the values in the
array ef. As in the previous case, the size of ef and ey is the number of sensory
inputs. Consider the (quite typical) performance cycle of a classifier system:

1 repeat

2 consider the current sensory input s; ;

3 build the set [M] of classifiers that match s; ;

4 select an action a; from those in [M];

5. store the classifiers in [M] with action a; into [A];
6 perform action a;;

7 get the reward ry;

8 get the next sensory input Siy1 ;

9. distribute the reward 7r; to classifiers;

10. until stop criterion met;

Although the structure still resembles that of XCS, we left out some typical
details of XCS (e.g., the genetic algorithm and the distribution of the reward in
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[A]) to keep it as much general as possible. We can extend the cycle above by
adding a step, between line 8 and line 9, in which for every classifier ¢l in [A],
the array ef and the array e.f are updated with s,y as follows:

Vel € [A] V :
cl.eflk] + cleflk] + Be(st41]k] — cl.eflk]) (3)
cl.eoflk] <= cleefk] + Be(|si11[k] — cl.eflk]| — cl.eefk]) (4)

where s;1[k] represents the k-th input of state s;y1, i.e., the effect that per-
forming action a; in state s; has on the k-th sensory input; as before, cl.ef[k]
represents the k-th element of the array ef of classifier cl; likewise cl.e k] rep-
resents the k-th element of the array e of classifier cl. Equation [ estimates
the average effect that the execution of classifier ¢/ will have on the next k-th
sensory input (i.e., on s;11[k]); equation B estimates the error affecting cl.ef[k].

7 Experiments on Actions’ Effect

We finally test the proposed techniques approach by applying our modified ver-
sion of XCS to two grid environments: Woods1 and Maze4. The experiments are
conducted as follows. First, we apply XCS to the two environments to develop
some very small (i.e., very general) solutions. To achieve this we use both action-
set subsumption and an additional condensation phase (see [2[5] for details). The
parameters are set as in the previous experiments except: N = 1600, v = .7,
doActionSetSubsumption= 1 (i.e., AS-subsumption was used), 0, = 8. For
Woods1, the smallest solution consisted of 33 classifiers; for Maze4 consisted of
101 classifiers.

As a second step, we compute the exact average values that our method
should be able to estimate. For every classifier ¢l evolved, we consider: (i) the
input set I of all the sensory inputs that ¢l matches; (ii) the effect set E.; of
all the sensory inputs that appears next to the execution of cl. Given I, and
FE;, for each input k£ we compute the average of the input values appearing in
position k, ai[k], the average of the input values appearing in position k after
the execution of cl, ae[k], and the average errors affecting ai[k] and aelk], i.e.,
€ailk] and eqe[k]. More formally:

claik] = () s[k])/|Ll (5)

s€ly

cleailk] = (D [cl.ailk] — s[k]])/| Ll (6)

sely

claelk] = () s[k])/|Eal (7)

sek
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cleqelk] = (Y |claelk] — s[k]|)/| Bl (8)

seEF

The values of cl.ailk], cl.eq[k], cl.aelk], and cl.e,.[k] are the average of input
values for sensor k£ and the average effect for sensor k, i.e., what our technique
should be able to estimate. Thus they serve as reference to compare the quality
of the estimates developed through our approach.

Then we apply our version of XCS to Woods1. Table[2reports three classifiers
evolved for Woods1; due to space constraints, it is not possible to consider here all
the 33 classifiers. For each classifier we report on the first line: a unique identifier,
the condition and the action separated by a “:”, the prediction p, the error ¢,
the fitness F'. On the next lines, we report the list I of inputs that the classifier
matches and the corresponding list F of inputs that appear after as effect of the
classifier execution. Then, we report: (i) the array of average input values, which
contains, for every k, the intervals cl.ailk] & cl.cq;[k] (Equation Bland [B); (ii) the
array of average effect values, which contains, for every k, the intervals cl.ae[k] £
cl.eqe[k] (Equation [Mand [{), (iii) the array representing the estimated classifier
input, which contains, for every k, the intervals cl.in[k] £ cl.€;, [k] (Equationland
2); and (iv) the array representing the estimated classifier effect, which contains,
for every k, the intervals cl.ef[k] + cl.ef(k| (Equation Bl and H).

The first classifier in Table 2] (3112676) is the most general classifiers found;
it matches all the possible sensory inputs of Woods1, nevertheless is very accurate
and has an high fitness. Note that, since classifier 3112677 is very general, the
estimate of the matching sensory inputs and the estimate of the classifier effect
provide only limited information. The computed values of ai and e,; suggest
that three of the sensory inputs (the second, the third, and the fifth) will be
always 0; the computed values of ae and €, suggest that no matter in which
situation the classifier is applied, in the next state, nine of the inputs will be
always zero. If we now consider the estimated input in and the estimated effect
ef for the classifier, we find that our technique was successful in finding the
same information. All the positions in ai and ae that correspond to zero values,
corresponds to zero also in in and ef. While the estimated non zero values of in
and ef are quite near to the corresponding computed values.

Some interesting information can be inferred from the non zero values. For
instance, the values of ae[8] = 0.06 and £,.[8] = 0.12 suggests that on the
subsequent state, the ninth bit will be very likely to be 0. Again, the values
estimated through our approach for the same input are quite similar: the values
of ef[8] = 0.04 and e.48] = 0.8. Note that, in Woods1 sensory inputs are not
visited uniformly, accordingly the estimates evolved through our technique (e.g.,
in) tend to differ from the computed averages (e.g., at), since the latter assume
a uniform distribution of the inputs.

The second classifier (3112681) matches fewer situations, therefore its esti-
mate of classifier input in and its estimate of classifier effect ef provide more
information. For instance, the arrays in and ¢;, of classifier 3112681 suggest
that most of the sensory inputs matched do not change; likewise the values in ef
and e.p. Again, we note that for non constant values, the estimates developed
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Table 2. Three classifiers payoff evolved by our extended XCS for Woods1. For every
classifier we report: a unique identifier, the classifier condition and the classifier action
by “:” | the prediction p, the prediction error €, and the fitness F', the set
I of matched inputs, the set E of inputs that arrive after the classifier execution, the
computed average values of the inputs aideq:, and of the effects afey, the estimate

separated

P.L. Lanzi

input and effect values, in+e;, and ef+e of

3112676 #it#############1:001 p = 490 € = 0.00 F = 1.00

(Li:l:Eai

aeteqe

intein

ieieie

3112681

aiiaai

aetege

iniain

ef:l:Eef

3112677

aiiaai

aeteqe

iniain

ef:l:Eef

input set I

effect set E

1010000000000000 1010000000000000
0000001010000000 1010000000000010
1010000000000010 1010000000000010
0000001110100000 1000000000000010
1000000000000010 0000000000001010
0000000011100000 0000000000000010
0000000000000010 0010100000000000
0000000000110000 0010000000000000
0000000000101100 0000001000000000
0000000000101011 0000101000000000
0000000000001010 0010101000000000
0010000000000000 0010000000000000
0000001000000000 1010000000000000
0000101000000000 0000001010000000
0010101000000000 0010101000000000
0010100000000000 0010100000000000

(.19 & .30,.00 = .00, .31 = .43, .00 = .00, .19 = .30, .00 = .00, .31 =& .43, .06 & .12,
19 4 .30,.06 + .12, .31 + .43, .06 & .12, .19 = .30, .06 & .12, .31 + .43,.06 + .12)
(.31 + .43,.00 £ .00, .62 & .47, .00 £ .00, .31 & .43,.00 £ .00, .31 =+ .43, .00 = .00,
.06 %+ .12,.00 % .00, .00 + .00, .00 + .00, .06 + .12,.00 + .00, .31 + .43, .00 + .00)

(.21 + .33,.00 % .00, .37 & .45, .00 % .00, .20 = .32, .00 = .00, .24 + .38, .05 + .10,
18 +.29,.07 +.12,.31 + .41,.05 + .10, .21 + .32, .04 + .09, .38 + .47, .09 + .14)
(.34 + .45,.00 £ .00, .71 £ .43, .00 £ .00, .36 & .45, .00 =+ .00, .25 + .39, .00 = .00,
.04 + .08, .00 % .00, .00 % .00, .00 % .00, .09 + .14, .00 + .00, .32 + .42, .00 + .00)

HtHH S 1##1:000 p = 700 € = 0.00 F = 1.00

input set [

effect set E

0000000000101100 0000000000110000
0000000000101011 0000000000101100
0000000000001010 0000000000101011

(.00 £ .00, .00 = .00, .00 £ .00, .00 & .00, .00 & .00, .00 % .00, .00 % .00, .00 + .00
.00 % .00, .00 % .00, .67 + .44, .00 % .00, 1.00 = .00, .33 =+ .44, .67 =+ .44, .33 £ .44)
(.00 % .00, .00 % .00, .00 % .00, .00 % .00, .00 = .00, .00 = .00, .00 = .00, .00 =+ .00
.00 = .00, .00 = .00, 1.00 & .00, .33 & .44, .67 & .44, .33 &+ .44, .33 £+ .44, .33 + .44)

(.00 £ .00, .00 = .00, .00 =+ .00, .00 & .00, .00 & .00, .00 % .00, .00 % .00, .00 & .00
.00 % .00, .00 + .00, .63 + .45, .00 % .00, 1.00 = .00, .27 = .40, .73 = .40, .37 =+ .46)
(.00 % .00, .00 % .00, .00 % .00, .00 % .00, .00 % .00, .00 = .00, .00 = .00, .00 =+ .00
.00 = .00, .00 = .00, 1.00 & .00, .25 & .38, .75 & .38, .27 & .40, .49 & .49, .49 & .49)

#1111 p = 1000 € = 0.00 F = 1.00
input set [ effect set FE
0000000000101011 0000000010101000

(.00 £ .00, .00 = .00, .00 =+ .00, .00 =+ .00, .00 & .00, .00 =+ .00, .00 % .00, .00 = .00

.00 % .00, .00 + .00, 1.00 = .00, .00 = .00, 1.00 % .00, .00 % .00, 1.00 + .00, 1.00 % .00)
(.00 £ .00, .00 £ .00, .00 % .00, .00 & .00, .00 % .00, .00 % .00, .00 % .00, .00 % .00
1.00 = .00, .00 = .00, 1.00 % .00, .00 £ .00, 1.00 + .00, .00 = .00, .00 + .00, .00 = .00)

(.00 £ .00, .00 = .00, .00 £ .00, .00 & .00, .00 % .00, .00 % .00, .00 % .00, .00 = .00
.00 + .00, .00 + .00, 1.00 = .00, .00 = .00, 1.00 % .00, .00 % .00, 1.00 + .00, 1.00 % .00)
(.00 % .00, .00 % .00, .00 % .00, .00 % .00, .00 = .00, .00 = .00, .00 = .00, .00 =+ .00
1.00 £ .00, .00 & .00, 1.00 = .00, .00 % .00, 1.00 = .00, .00 = .00, .00 = .00, .00 = .00, )
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through our technique are quite reasonable, also considering that the distribution
of inputs is not considered in the computation of ai and ae.

The last classifier (3112677) is the one we discussed in the first example.
Although it might appear quite general, it matches only one possible situation,
accordingly its estimates are exact. To provide a rough evaluation of the esti-
mates developed with our technique we computed the average error between the
computed values for inputs and effect (ai, €44, ae, €4¢) and the corresponding es-
timated values (in, €y, ef, €¢f). For this purpose we applied our modified version
of XCS to Woods1 ten times. For each run we computed:

Y ciep 2 lcl.ailk] — cl.in]k]|

error (in) = Pl xn 9)
sevor(er.y  Deter Telelculk] = cLewli] o)
|P| x n
 Yucr X lelaclk] - cl.efik]
error (ef) = P[xn (11)
_ cheP Zk |cl.eaclk] — cl.ecrlk]]
error(eqp) = P xn (12)

where P represents the final population evolved; n is the number of inputs (16 in
Woods1). Over ten runs in Woods1, the average error (in) is 0.0054, the average
error (e;,) is 0.0035, the average error (ef) is 0.0075, the average error (e.p) is
0.0041. We applied the same technique to Maze4 with a population size N = 2000
for ten runs, measuring an average error (in) of 0.0058, an average error (¢;,)
of 0.0024, an average error (ef) of 0.0057, an average error (e.) of 0.0028. Since
Maze4 does not allow many generalization, the prediction of the classifier effect
is a little bit more accurate than that obtained for Woods1, in fact in Maze4 the
values of error(ef) and error(e.s) are a little bit smaller. Note also that, these
errors measures the difference between our estimated values and the best values
that can be obtained following our approach. Thus, even if the errors are small,
still the accuracy of the prediction built is limited by the approach we follow
which is less powerful than those methods specifically design for anticipatory
behavior.

As the short example presented and the few statistics collected suggest, the
method we propose provides limited information about classifiers that apply in
many situations; while it provides more precise information on classifier that ap-
ply in fewer situations. In either cases, the method appears to be able to provide
reliable information about classifier generality and some interesting information
about the effect of classifier activation.

8 Extensions and Limitations

The proposed approach is very simple, therefore it is opened to critics and ex-
tensions.
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Classifier Generality. The first limitation regards the estimates of classifier
generality. Our approach, for every input k, develops an interval in[k] £ ;,[k]
that estimates the range of values that appears at corresponding input. The
larger the range, the more general the classifier appears to be with respect to
that specific input. Accordingly, we might be tempted to use these intervals
to build a subsumption relation for classifier representations that usually do not
allow it. Lanzi [4] noted that with symbolic conditions subsumption operators are
computationally infeasible. In Sect. [l we showed that the intervals in[k] £ €;, [K]
might provide some indication about the classifier generality. Thus, we might try
to define a subsumption relation for symbolic conditions using our technique.

Unfortunately this is not possible. As a counter example consider the two
conditions defined over a variable Xe {0...9}: (i) (2<X) AND (X<6); (ii) (X<3)
AND (X>5). Both conditions have the same average input value, in= 4, while the
associated error €;, is 0.66 for condition (i), 3 for condition (ii). Comparing the
two intervals we should argue that condition (ii) is more general than condition
(i) since the estimated input interval of condition (ii) subsumes the estimated
input interval for condition. But the two conditions form a partition of the input
domain and they cannot be compared through an inclusion operator. Thus we
cannot define subsumption operators based on the estimated intervals. These
in fact are developed from linear estimators, while symbolic conditions usually
express non linear relations

Classifier Effect. Our approach tend to provide information on the classifier
effect in terms of input values that the system will experience after the classifier
activation. Other anticipatory techniques like ACS [1] provides information in
term of what will change in the current sensory input after the classifier ex-
ecution. It is straightforward to extend our technique to provide such kind of
information. Given the current input s; and the next input s;y; we define an
array Alk] as follows: Alk] = 1 if s;[k] # seq1[k], 0 otherwise. The array A
represents the difference that occurred to the current state s; after the classi-
fier execution. The value A[k] can now be used in Equation [3 and Equation H]
instead of s;11[k] so that ef will now estimate the changes in the environment
state rather than the next state.

In addition, note that in our approach we also take into account the final
state, corresponding to the position with food. Classifier 3112677 in Table[2 has
reward 1000 meaning that performing action 111 in state 0000000000101011 will
take the agent to the end position, corresponding to state 0000000010101000.
This information might be exploited to perform some very elementary planning
(as done with Anticipatory Classifier Systems), although, given the basic infor-
mation provided by the approach is not clear at the moment the true potential
of the approach. Alternatively, we might eliminate the effect estimate from clas-
sifiers whose action takes the agent to a final state. In this case, planning should
focus on reaching of classifiers with a null effect.
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9 Summary

We presented a very basic method to estimate the degree of generality of classi-
fier conditions. The method was also applied to obtain basic information about
the effect of classifier execution. We showed some example of information that
we could extract from some very elementary problems. Since the method does
not provide an exact anticipation, it is currently difficult to provide some per-
formance metrics to estimate its effectiveness. On the other hand, because of its
simplicity, the method can be added virtually on any classifier system model.
The code to experiment the approach discussed here is available under GNU
Public License at the xcslib Web site [f].
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