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Preface

The 5th International Workshop on Learning Classifier Systems (IWLCS 2002) was
held September 7–8, 2002, in Granada, Spain, during the 7th International Conference
on Parallel Problem Solving from Nature (PPSN VII). We have included in this volume
revised and extended versions of the papers presented at the workshop.

In the first paper, Browne introduces a new model of learning classifier system, iLCS,
and tests it on the Wisconsin Breast Cancer classification problem. Dixon et al. present
an algorithm for reducing the solutions evolved by the classifier system XCS, so as to
produce a small set of readily understandable rules. Enee and Barbaroux take a close
look at Pittsburgh-style classifier systems, focusing on the multi-agent problem known
as El-farol. Holmes and Bilker investigate the effect that various types of missing data
have on the classification performance of learning classifier systems. The two papers
by Kovacs deal with an important theoretical issue in learning classifier systems: the
use of accuracy-based fitness as opposed to the more traditional strength-based fitness.
In the first paper, Kovacs introduces a strength-based version of XCS, called SB-XCS.
The original XCS and the new SB-XCS are compared in the second paper, where Ko-
vacs discusses the different classes of solutions that XCS and SB-XCS tend to evolve.
Landau et al. compare two approaches aimed at solving non-Markov problems, i.e., the
new ATNoSFERES and the extension of XCS with internal memory, XCSM. Llorà et
al. introduce a novel model of Pittsburgh-style classifier system in which multiobjective
optimization is used to develop solutions that are both accurate and compact. Metivier
and Lattaud apply an Anticipatory Classifier System (ACS) enriched with behavioral
sequences to tackle non-Markov problems. Vargas et al. discuss the similarities and the
differences of Artificial Immune Systems and Learning Classifier Systems, and they
show how a mapping between these two approaches can be defined. The volume ends
with a complete bibliography of papers related to learning classifier system research,
based on Kovacs’ on-line bibliography.

This book is the ideal continuation of the three volumes from the previous workshops,
published by Springer-Verlag as LNAI 1813, LNAI 1996, and LNAI 2321. We hope it
will be a useful support for researchers interested in learning classifier systems and will
provide insights into the most relevant topics and the most interesting open issues.

June 2003 Pier Luca Lanzi
Wolfgang Stolzmann

Stewart W. Wilson



Organization

The 5th International Workshop on Learning Classifier Systems (IWLCS 2002) was
held September 7–8, 2002 in Granada, Spain, during the 7th International Conference
on Parallel Problem Solving from Nature (PPSN VII).

Organizing Committee

Pier Luca Lanzi Politecnico di Milano, Italy
Wolfgang Stolzmann DaimlerChrysler AG, Germany
Stewart W. Wilson University of Illinois at Urbana-Champaign, USA

Prediction Dynamics, USA

Program Committee

Alwyn Barry University of Bath, UK
Erik Baum NEC Research Institute, USA
Larry Bull University of the West of England, UK
Lashon B. Booker MITRE Corporation, USA
Martin V. Butz University of Würzburg, Germany
Lawrence Davis NuTech Solutions, USA
Terry Fogarty Southbank University, UK
John H. Holmes University of Pennsylvania, USA
Tim Kovacs University of Birmingham, UK
Pier Luca Lanzi Politecnico di Milano, Italy
Rick L. Riolo University of Michigan, USA
Sonia Schulenburg Napier University, UK
Olivier Sigaud AnimatLab-LIP6, France
Robert E. Smith University of The West of England, UK
Wolfgang Stolzmann DaimlerChrysler AG, Germany
Keiki Takadama ATR International, Japan
Stewart W. Wilson University of Illinois at Urbana-Champaign, USA

Prediction Dynamics, USA



Table of Contents

Balancing Specificity and Generality
in a Panmictic-Based Rule-Discovery Learning Classifier System . . . . . . . . . . . . . 1

William N.L. Browne

A Ruleset Reduction Algorithm for the XCS Learning Classifier System . . . . . . . . 20
Phillip William Dixon, Dawid Wolfe Corne, and Martin John Oates

Adapted Pittsburgh-Style Classifier-System: Case-Study . . . . . . . . . . . . . . . . . . . . 30
Gilles Enée and Pierre Barbaroux

The Effect of Missing Data on Learning Classifier System Learning Rate
and Classification Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

John H. Holmes and Warren B. Bilker

XCS’s Strength-Based Twin: Part I . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
Tim Kovacs

XCS’s Strength-Based Twin: Part II . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
Tim Kovacs

Further Comparison between ATNoSFERES and XCSM . . . . . . . . . . . . . . . . . . . . 99
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Balancing Specificity and Generality  
in a Panmictic-Based Rule-Discovery  

Learning Classifier System 

William N.L. Browne 

Department of Cybernetics, University of Reading, Whiteknights, Reading, 
Berkshire, RG6 6AY, UK 

w.browne@cyber.reading.ac.uk 

Abstract. A Learning Classifier System has been developed based on industrial 
experience. Termed iLCS, the methods were designed and selected to function 
with common data properties found in industry. Interestingly, it considers a dif-
ferent strategy to XCS type systems, with the rule discovery being based pan-
mictically. In order to show the worth of the iLCS approach, the benchmark 
data-mining application of the Wisconsin Breast Cancer dataset was investi-
gated. A competitive level of 95.3% performance was achieved; mainly due to 
the introduction of a generalisation pressure through a fitness to mate (termed 
fertility) that was decoupled from a fitness to effect (termed effectiveness). De-
spite no subsumption deletion being employed the real-valued rule-base was 
simple to understand, discovering similar patterns in the data to XCS. Much 
further testing of iLCS is required to confirm robustness and performance. Cur-
rently, the iLCS approach represents a flexible alternative to niche-based LCSs, 
which should further the advancement of the LCS field for industrial applica-
tion. 

1   Introduction 

The Learning Classifier System (LCS) technique has recently been applied to data-
mining applications [1-4]. An LCS had been designed to work with industrial data 
from the steel industry [5]. This industrial LCS, termed iLCS, employs many methods 
motivated by the industrial problem features. This paper seeks to describe iLCS 
through its application to a benchmark data-mining problem in order to highlight 
novel features in the iLCS approach and motivate its application to further datasets.  

The LCS concept, of a learning system in which a set of condition-action rules 
compete and co-operate for system control, was developed originally by Holland [6]. 
The rules plus the associated statistics, such as fitness measure, specificity and num-
ber of evaluations, are termed ‘classifiers’. A classifier within the population will gain 
credit based on the system’s performance in some environment when it is active. The 
cumulative credit is used to determine the probability of the classifier winning such 
system control competitions. If a LCS performs well under the control of some rule, 
that rule has an improved chance of winning further competitions for system control 
and therefore improving the likelihood of the overall system performing well. This 
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‘fitness’ also determines the influence of a particular classifier in an evolutionary 
process of rule discovery that seeks to improve the system’s overall performance, 
replacing weak rules with plausibly better variations. 

Plant condition monitoring domains include a highly sparse environment, multi-
modal solutions, a degree of epistasis (unknown a priori) and a mixture of integer and 
real-numbered discrete or continuous variables. A main feature is that important fault 
conditions occupy a small environmental niche with few training examples. If suffi-
ciently large datasets exists, a small frequency of examples is not a problem as the 
database can be rationalised to give equal examples of each action. However in many 
real-world data-mining type applications this is not possible. 

A panmictic based rule discovery has the flexibility to be directed towards small 
niches so was chosen for this application. However, a Panmictic approach has a num-
ber of serious problems that must be overcome [7], with the most serious being a lack 
of generalisation pressure. It is worth noting that XCS type systems create a generali-
sation pressure through niche-based rule discovery and utilise an advanced rule dele-
tion operator to protect small niches [8]. Alternative designs are worth considering in 
order to understand the LCS concept, provide flexibility when selecting an LCS for 
application and as a basis for future development. 

Early examples of Learning Classifier Systems (LCS) used panmictic based rule 
discovery [9] that could search the entire rule base for mating pairs. Since the intro-
duction of ZCS [10] and XCS [7] the rule discovery is commonly based in a subpopu-
lation. Namely, the set of classifiers that match a given environmental message or the 
set that effect their action. The basis for the change was to create a generalisation 
pressure in the system, i.e., the more general classifiers occur in more of these sets so 
are more likely to mate (and hence propagate their genes) than the more specific clas-
sifiers, even if equal accuracy. 

“Small” niches are formed in three main ways. Firstly, they represent a small area 
of search space compared with the alternative actions. Secondly, there exist a rela-
tively small number of examples in the training set. Often both causes occur together, 
e.g., detecting fault conditions in plant condition monitoring. Thirdly, in some alpha-
bets, such as binary code, a single classifier cannot represent the whole niche, so 
requires a complementary classifier representing a small part of the niche [5]. This 
often occurs when the discriminant-surface is oblique [11]. 

Therefore, the aim of this work is to investigate whether a panmictic based rule 
discovery could be used to identify and encourage small niches. The generalisation 
pressure, which in set-based classifier systems assists in rule hierarchy formation, is 
to be introduced. In order to create this generalisation pressure it was necessary to 
identify the properties that general rules possess when compared with specific rules. 

Smith and Goldberg [12] demonstrate that rules of low specificity do not necessar-
ily occupy the lowest ranks (priority) of the default hierarchy. Therefore, a count of 
specificity could be misleading in some domains. Throughout this paper a hierarchy 
is considered to have formed when classifiers with different actions overlap. A better 
differentiating factor for classifier generality is the ratio of action to match sets for an 
individual classifier. This ratio should be much higher for a specific rule. 
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One further differentiating factor may be accuracy1. It could be thought that spe-
cific rules have a much higher accuracy than general rules, but this is not always the 
case. In stable hierarchies the general rules are protected by the specific rules so have 
similar accuracies. The situation is more complex as the hierarchy is forming from 
complete rules; where the specific rules are less accurate than the general rules as they 
must be incorrectly selected in order to find their place in the hierarchy. The final 
case is when the rules themselves are forming; where half-formed specific rules may 
be more accurate than a fully formed general rule. Therefore, using accuracy as a 
basis for fitness on its own has problems, especially if no generalisation pressure 
exists. 

This paper describes a method by which effectiveness, generality and accuracy 
may be combined into a classifier's fitness measure that allows a panmictic rule dis-
covery. The other supporting methods, which are required, are again motivated from 
the industrial environment. To determine whether these features are useful in the 
development of the LCS technique in general, a common testbed was employed. The 
Wisconsin Breast Cancer (WBC) dataset was chosen, as it is readily available and 
results from the XCS classifier applied to this problem are known [13]. 

The iLCS system involves fundamentally different methods to XCS. The compari-
son with XCS is made as a reference in order to understand the new methods devel-
oped and to show that there is worth in developing them further. XCS has been tested 
across a wide range of problem domains [1-4, 14], so is superior in terms of robust-
ness and performance. Therefore, the comparison is made not in competition, but in 
cooperation to show an alternative approach, which may be suitable in certain do-
mains. 

The paper begins with the background to the work, including comparison with al-
ternative approaches to the main methods in iLCS. Next, the novel fitness measures 
are detailed together with an analysis of how these create a generalisation pressure 
within the panmictic structure. Considering the remaining parts of the developed LCS 
is necessary as the fitness of classifier is used throughout the system from effecting to 
mating to deletion. The data and results from applying iLCS to the Wisconsin Breast 
Cancer dataset are presented next. The discussion is on whether it is possible to bal-
ance the specificity and generality requirements within an LCS with a panmictic rule 
discovery. Conclusions are drawn on the worth of the iLCS approach. 

2   Development of iLCS 

The main focus of this paper is the development of a panmictic based LCS with split 
fitness measure for industrial use. Sufficient detail of the supporting methods is pro-
vided to allow the work to be duplicated, but they are not described in detailed, e.g. 
the real-valued alphabet rule discovery operators are not described (see Browne [5] 
for comprehensive details).  

                                                           
1  Accuracy is considered here as lack of error, as opposed to accuracy of prediction [8]. In this 

domain, both measures will be similar as it is single-step with equal reward for correct pre-
diction of action. 
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The iLCS was developed as a whole concept, see Fig. 1. Therefore, care must be 
taken if adopting individual developments, as they may not function as described 
without the other supporting methods. 

The first industrial consideration is that iLCS must be easy to use. The internal pa-
rameters of the LCS should be kept simple, flexible and robust to reduce the time-
consuming effort of setting evolutionary computation parameters [15]. A Michigan 
style LCS was adopted due to its flexibility to adjust to unknown structures in envi-
ronments. A transparent rule-base was considered important, so a real-alphabet was 
designed [16]. 

Exploration of a sparse domain must consider the effect of individual parameters, 
parameter combinations and rule combinations representing a vast search space. Ex-
ploitation must avoid local optima, assign correct fitness values to rule hierarchies 
and determine the best action for a given message. The balance needed between ex-
ploring and exploiting (E/E) information is due to both the domain and changes that 
occur as training progresses. Too much exploration results in the global optimum 
never being reached, whilst too much exploitation traps the system in local optima. 

Considering that the desirable E/E balance changes depending on the stage of 
training and the environment, an LCS that has a static balance, which is hard to ad-
just, may not be suited to the complex domains found in industry. Simulated Anneal-
ing type schemes, which reduce the amount of exploration as training progresses, 
have been tested [17], but these are hard to control. Investigating the stages of train-
ing in simple domains showed three main phases: exploring for information, combin-
ing exploring and exploiting to develop useful rules and then stabilising the rules into 
exploitable hierarchies. Therefore, the rule-base was split into three distinct phases, 
linked by a stepping-stone approach to transfer rules from search to combine to stable 
phases. Long surviving rules could also be fed back to the search population to guide 
search into areas of interest. 

A real-alphabet is proposed, as it is easier to decode then ternary alphabets and 
simpler to implement than fuzzy or S-type alphabets [11]. Upper and lower bounds 
define the range of an attribute, coupled with resolution to govern the precision of the 
range during mutation operation, shown below. During mutation, bound inversion 
occurs as necessary to ensure that the upper bound is greater than the lower bound. 
The resolution can be reduced in value in successive phases and as training reaches 
high levels of performance. Initially, ten percent of the maximum attribute range is 
used, reducing to one percent once ninety-five percent performance has been reached. 
Note that the first condition is 'wild' as the upper and lower bound are at maximum 
and minimum values respectively. 

 
Partial match can be implemented as follows: 

DO MATCH (Classifier (cl), Message (σ)): 
1 for each attribute x in Ccl 

2   if (xlower bound < σ(x) < xupper bound) 
3      match score += 0 
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Fig. 1. The concept of iLCS (grey shading) compared with niche-based systems, e.g., XCS 
(white) 

 
4   else 

5 match score += integer (abs(σ(x) - xclosest bound) / xresolution) 
6 return match score 

Where σ(x) is the condition at position x of message σ. 

   

KEY   
FUNCTION NAME 
  XCS METHODS 
ILCS METHODS   

MATCH  

KNOWN MILL DATA:  

‘IF... THEN...   (FIT)’ RULES  

RULE  
DIS COVERY   

TRAINING 
RULEBASE  

OUTPUT   

INITIAL  
RULE BASE   

FINAL RULE  
BASE   

ENCODING   

SELECT  

CREDIT  

EFFECT  

DECODING   

INPUT   

INTEGER ALPHABET 
  

REAL - VALUED
 ALPHABET 

  

EITHER EXACT OR 
PARTIAL +  
COVERAGE 

  
CONCURRENT  
EXACT, PARTIAL + 
COVERAGE 

  

SINGLE FITNESS 
MEASURE

 
 SPLIT FITNESS 

 MEASURE  

ACCURACY BASED.
 ROULETTE OR 

 BEST ACTION 
 

  EFFECTIVENESS
 BASED. 

  ROULETTE AND 
BEST ACTION 

 

SUBSUMPTION 
DELETION,

 MAXIMALLY GENERAL
 

 COMPACT,
 STABLE 

 
 

SINGLE POPULATION
 TRAINING

 
 
 
 
 SEARCH COMBINE STABLE

 TRAINING PHASES
 

ACCURACY BASED  
  NICHED

 
 
 
 
 
 FERTILITY BASED 

  PANMITIC 
 CHILD LIMITS

  

ALL POPULATION
  

 SPLIT POPULATION 
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If match score equals zero, the exact match criterion has been met, which is neces-
sary in the stable phase. 

An observation in industrial domains is the increased complexity over standard test 
problems, which increases the time needed to search the solution space. To facilitate 
graceful learning, life limits are used (evaluation limits have been utilised before in 
rule discovery [18] to prevent incorrect information being duplicated). This concept is 
extended so that new classifiers do not share rewards (or punishments) within their 
action sets, which could contain rules that would not otherwise have been effected, 
thus distorting the original hierarchy. Old rules can cause problems as their genetic 
information can stagnate the population, if they produce too many offspring. The 
child limit is introduced to limit duplication of information and trigger a copy of the 
rule to the next training phase. 

In a stable hierarchy the fitness measure for selecting the classifier to effect into 
action must be lower in the general rules to allow the specific rule to be chosen ahead 
of them when both match. Care must be taken when rewarding general rules in a 
stable hierarchy to prevent their strength eventually becoming the same as specific 
rules and causing a catastrophic collapse of the hierarchy. Additional problems that 
are not applicable here, arise in domains where different correct actions lead to differ-
ent rewards and in domains that are multi-step [19]. 

The fitness of a classifier is split into two measures: Fertility controls selection in 
rule discovery and Effectiveness controls selection in the auction. Fertility exerts a 
generalisation pressure as it combines a measure of a classifier's generality with its 
accuracy. Effectiveness is the expected environmental pay-off, but could easily be 
changed to other measures. 

UPDATE FITNESS EFFECTIVENESS ([A]): 

1 for each classifier cl in [A] 

2   UPDATE STATISTICS on [A] 

3       if (experience < 1/β) 

4          p ← (p * (experience - 1) + P) / experience 

5       else 

6   if (cl = winner) discount = 1,  

7   else discount = phase discount 

8       p ← p + β* (P * discount - p) 

Where pay-off is P, effectiveness is p and learning rate is β. 

Phase discount may be employed to differentiate individual classifiers by increas-
ing the separation of effectiveness between similar classifiers. However, if the dis-
count is not equal to one, then the effectiveness does not give a true reflection of 
expected payoff for most of the classifiers. Equal reward (discount equals one) is 
useful in the search phase to encourage all plausible rules. Rewarding only the winner 
(discount equals zero) could be used in the stable population to encourage optimum 
rules at the risk of the population becoming trapped in local optima. Phase discount 
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(discount between zero and one) is mostly useful in the combine stage, where both 
encouragement and differentiation of rules are necessary. 

Rule deletion in the stable phase is simply the lowest fertile rule that has had suffi-
cient life. In the search and combine phases a roulette wheel selection is used, with 
care taken to replace classifiers of similar action. Subsumption deletion could be 
introduced to compact the rule base, but for this experiment it was insightful to de-
termine the generalisation pressure without this method present. 

The belief is that generalisation pressure should reside in the selection for mating, 
i.e. preferably select general rules ahead of specific rules for the same accu-
racy/utility. Thus, the fertility measure should incorporate a generality component and 
an accuracy component. Rather than a genotypic measure (such as specificity), which 
may be misleading, a phenotypic measure (such as the normalised number of match 
sets since last rule discovery) is proposed. In the studied domain, the correct action is 
known, so a direct measure ‘usefulness’ is used, but other measures could be used in 
reinforcement domains, where only the reward is known. 

UPDATE FITNESS FERTILITY ([A], [M], [RD]) 

1 for each classifier cl in [A] 

2 error = (actions_since_rule_discovery -  

3    rewards_since_rule_discovery) /  

4    actions_since_rule_discovery 

5 expected error (e) ← e + β * (error - e) 

6 expected accuracy (a) = 1 - e 

7 for each classifier cl in [RD] 

8 Usefulness (U) =  

9    (environmental_actions_since_rule_discovery    

10     number of occurrences in [M]) /     

11     environmental_actions_since_rule_discovery 

12 Fertility = a^k * U 

13 for each classifier cl in [M] 

14 Fertility_normalised (Fn) ← Fn + β * (  

15         (F / sum of all F in [M]) - Fn) 

Where [A] is the action set, [M] is the match set and [RD] are the parent classifiers 
in rule discovery. 

3   Testing Methods 

The main experiments on iLCS were conducted on the WBC dataset because the 
database and associated benchmark results are readily available. The standard testing 
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method of a stratified tenfold cross-validation procedure was used. However, the 
folds are highly unlikely to be the same as those used by Wilson, but this paper only 
intends to show that although iLCS is significantly different to XCS type systems it 
has similar performance in this domain and is worth investigating in other domains. It 
is noted that industry would prefer first time, repeatable results without significant 
parameter tuning or optimisation.  

Generating simulated data with known properties is beneficial when developing an 
LCS to handle these properties, especially as the optimum results are known. How-
ever, the simulated data would not be a widely recognised benchmark. The system 
performance is also likely to be different on real data due to the difficulties in obtain-
ing and mimicking the properties of real data.  

3.1   Wisconsin Breast Cancer Data 

A survey of LCS literature showed the Wisconsin Breast Cancer dataset [13] (avail-
able at http://www.ics.uci.edu/~mlearn/MLRepository.html) had industry type data-
properties and benchmark performance by known systems. This allows the iLCS 
system's methods and the experiments described here to be repeated and validated. 

The WBC dataset consists of nine condition attributes (Clump Thickness, 
Uniformity of Cell Size, Uniformity of Cell Shape, Marginal Adhesion, Single 
Epithelial Cell Size, Bare Nuclei, Bland Chromatin, Normal Nucleoli and Mitosis) 
linked to one action attribute (Malignancy). The output value of 0 is used to represent 
the benign state (458 instances, 65.5%) and 1 to represent the malignant state (241 
instances, 34.5%). Examples of the raw data are shown below: 

3 3 6 4 5 8 4 4 1 |1 
4 4 2 1 2 5 2 1 2 |0 
1 1 1 1 2 1 3 1 1 |0 
3 4 5 3 7 3 4 6 1 |0 
2 3 1 1 3 1 1 1 1 |0 
2 5 3 3 6 7 7 5 1 |1 
4 7 8 3 4 10 9 1 1 |1 
1 1 1 1 2 1 1 1 1 |0 

4   Results 

iLCS was applied to the WBC dataset using a stratified tenfold cross-validation pro-
cedure similar to that employed by Wilson when testing XCS on the same dataset 
[11]. An important feature of this procedure is that the system learns on the majority 
of the dataset and is tested on the unseen remainder, which highlights overfitting if it 
occurs. 

To create the ten subsets, the dataset was separated into different actions: 0 for 
normal and 1 for malignant. Stratification requires that an action has the same likeli-
hood of occurring in a fold as it does in the main dataset. Therefore, a separate tenth 
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of each action was recombined and randomly sorted to form a fold. Each trial con-
sisted of using a different fold for the test set and learning on the remaining nine 
folds. 

The combined population size, N, is equivalent to other LCSs and is 1600 for each 
phase. Similarly, the learning rate (0.1), tolerance (0), reward (100) and rule discov-
ery usage (400 iterations), are all standard across the training phases to reduce setup 
time. The reward discount for the stable phase is 0 (winner only), combine phase is 
0.71 (a differentiating shared reward) and search phase is 1 (share reward equally).  

The selection of rule discovery operators is shown in table 1, but many combina-
tions of values, including 0 to remove an operator, could be used. A decrease in the 
proportion of mutation used as the phase became more stable was found to be useful. 
Extensive parameter optimisation was not performed, although the values in table 1 
performed well in the range of +/-0.05 change in the rule discovery operator propor-
tion. Morphigh and Morphlow are crossover type operators developed for a real-
valued alphabet to account for similarities and differences within parents (for further 
details see Browne [5]). The fertility balance, k, is set to 20 in order to reduce the 
importance of accuracy relative to generality, but values from 2 to 50 are envisaged. 
The life limits are set depending on the domain, with the evaluation limit set at 8, 9 
and 10 evaluations in successive phases for the standard test data. Similarly, the child 
limit is set at 40, 30 and 20 offspring in successive phases to encourage diversity in 
genetic information when the exploring domain.  

Table 1. Rule discovery operators for the stable, combine and search phases 

 Stable Combine Search 
Mutation 0.25  0.35  0.35  
Crossover 0.15  0.15  0.15  
Circular 0.25  0.20 0.20 
Morphigh 0.15  0.10 0.10 
Morphlow 0.20 0.20 0.20 

Table 2. Results of stratified cross-validation test on the WBC dataset. Last line is the mean 
score for the ten tests 

Correct Incorrect Not matched Fraction Correct 

64 6 0 0.9143 

68 2 0 0.9714 

67 3 0 0.9571 

66 4 0 0.9429 

65 5 0 0.9286 

70 0 0 1.0000 

67 3 0 0.9571 

65 5 0 0.9286 

66 3 0 0.9565 

68 2 0 0.9714 

 Mean 0.9528 
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The mean performance of iLCS was 95.3% (Stable phase), table 2, which on this 
initial investigation on this problem suggests iLCS is competitive with the best alter-
native approaches, including alternative LCS designs. Much further testing on this 
and other datasets is required to determine the true performance and robustness of 
iLCS. 

The performance of the stable phase reached 100%, see Fig. 2, but could not main-
tain this level. This was due to iLCS not having a mechanism to fix the performance 
of a correct hierarchy. In a correct hierarchy, the general rules gain accuracy until 
they match the accuracy of the specific rules resulting in a collapse of the hierarchy. 
Although this allows alternative hierarchies to be evaluated, this is not desired. The 
collapse stage happens rarely and the hierarchy soon re-establishes, so the overall 
effect on mean performance is negligible, but further work to remove this problem is 
necessary (see Sect. 7). 

Fig. 2. The performance of iLCS, showing the interaction of the three phases 

The exploit nature of the stable phase is shown by slow initial training, although 
this is more noticeable in other domains, but ultimately the best performance. The 
explore nature of the search phase enables good rules to be discovered quickly and 
continues throughout the training period as the roulette wheel selection does not en-
able maximum performance. However, the performance of the combine phase is 
significantly lower than the other phases, this is due to the heavily random nature of 
the effecting auction used to encourage all levels of the hierarchy to form. 

The generalisation pressure may be seen in the specificity trends during training, 
shown in fig. 3. The stable phase trend shows an interesting ability of iLCS, in that 
specificity can increase when needed to form specific rules to give building blocks of 
useful information (noting the much reduced use of coverage in iLCS). This is partly 
explained by the initial rule population containing less rules than the maximum limit. 
If 100% performance was reached quickly, then the rule base size would decrease, 
otherwise expansion occurs. Once these are combined into useful rules, around 
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60,000 iterations, hierarchies may form that allow general rules to survive. The gen-
erality continued to increase in the population after the maximum performance had 
been reached at 200,000 iterations. 

 

Fig. 3. The specificity trends of iLCS, showing the interaction of the three phases  

Fig. 4. The effectiveness distribution within iLCS, showing the stable and search phases, for 
rules used on the test set  

A clear difference between the functioning of the phases is shown during the per-
formance on the test fold. The classifiers used during the test phase (i.e. those that 
effected their action) were tagged and their effectiveness plotted in rank order as 
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shown in fig 4. Hierarchy formation is also shown in the effectiveness distribution for 
classifiers in a population, fig. 4. The search phase has all classifiers at a similar ef-
fectiveness, whilst the stable phase is more distributed throughout the range, with 
clusters showing hierarchy formation. This is supported by examining the specificity 
distribution, which is wider in the stable phase. The performance differences can be 
seen in Table 3, again with the combine phase being the worst. 

Table 3. Results of stratified cross-validation test on the WBC dataset. Last line is the mean 
score for the ten tests 

Stable 
(Delete Worst) 

Combine Search Stable 
(Delete Stochastic) 

Not 
Matched 

Fraction 
Correct 

Not 
Matched 

Fraction 
Correct 

Not 
Matched

Fraction 
Correct 

Not 
Matched 

Fraction 
Correct 

0 0.9143 0 0.7429 0 0.8857 0 0.9286 

0 0.9714 0 0.9000 0 0.9143 0 0.9286 

0 0.9571 0 0.8000 0 0.9571 0 0.9429 

0 0.9429 0 0.7714 0 0.9714 0 0.9286 

0 0.9286 0 0.8000 0 0.8714 0 0.9286 

0 1.0000 0 0.7714 0 0.9571 0 0.9714 

0 0.9571 0 0.8000 0 0.9571 0 0.9429 

0 0.9286 0 0.7857 0 0.8286 0 0.9286 

0 0.9565 0 0.8551 0 0.9565 0 0.9420 

0 0.9714 0 0.8000 0 0.8571 0 0.9571 

Mean 0.9528 Mean 0.8027 Mean 0.9157 Mean 0.9399 

 
The generality of iLCS is shown by the fact that all the unseen test instances were 

matched. 
To demonstrate the flexibility of iLCS a second stable population was inserted 

with the roulette wheel deletion instead of the worst fertility classifier. This achieved 
a similar mean performance to the original, but with slightly less variance in results. 
The introduction of phases resulted in the running time of iLCS being longer than an 
XCS type implementation, but this was mainly due to inefficient programming. 

The rules used in the test phase of the stable and search phase is a shown in Tables 
4 and 5 respectively. Due to the deterministic auction versus the stochastic auction 
selection methods, the stable phase utilises 14 rules compared with 66 rules for the 
search phase. The last three stable rules are newly formed, so are in the process of 
being evaluated to determine the correct hierarchy priority. Comparing the evalua-
tions since rule discovery (evals since ga) with the number of times a classifier has 
won an auction (wins since ga), indicates the hierarchy priority. 

In order to determine the generality of the rules produced, examination of the sta-
ble phase rules shows long experiences, high accuracy and a range of specificity val-
ues, which suggests high generality. The large number of offspring would have tested 
increases in generality and replaced their parents if possible. Subsumption deletion is 
not used, which may result in some rules not being maximally general, but these 
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would have lower fertility measures and hence greater likelihood of deletion. To fully 
test if the rules were maximally general, it would be necessary to halt the training 
near the end (say with 10,000 iterations left), manually expand an individual rule and 
then restart training to determine if its accuracy decreased. 

Table 4. Statistics from generated rules from the stratified cross-validation test on the WBC 
dataset 
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1 84.45 0.19 0 [0] 37 1 1 12 1 

2 80.35 0.27 0 [1] 26 1 1 12 0 

3 66 0.57 0 [1] 18 1 1 18 0 

4 56.96 0.27 0 [1] 12 3 1 18 0 

5 46.67 0.61 0 [1] 23 2 1 22 0 

6 39.32 0.93 0.02 [1] 17 14 12 42110 46 

7 38.18 0.97 0.03 [0] 22 42 41 168809 41 

8 34.65 0.81 0 [1] 17 2 1 25717 20 

9 34.46 0.9 0 [1] 14 4 2 23885 41 

10 33.22 0.98 0.04 [0] 18 43 2 166292 41 

11 30.7 1 0.02 [1] 19 4 1 13026 39 

12 29.1 1 0.01 [1] 17 2 1 6435 4 

13 28.49 1 0.01 [1] 15 3 1 7047 11 

14 27.44 0.93 0.01 [1] 12 13 1 39247 46 
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1 59.57 0.98 0.01 [0] 35 21 1 73594 21 

2 59.15 1 0 [1] 44 1 1 98 0 

3 57.21 0.93 0.01 [1] 21 14 2 39443 21 

4 57.08 0.97 0.01 [0] 25 29 3 112304 21 

5 55.11 0.96 0.01 [0] 25 28 1 95347 21 

6 54.33 0.97 0 [0] 38 7 1 23097 21 

7 54.32 0.98 0.02 [0] 27 42 2 134407 21 

8 54.31 0.97 0.01 [0] 30 22 1 90805 21 

9 54.08 0.98 0.02 [0] 39 44 2 149898 21 

10 53.63 0.96 0.01 [0] 20 46 1 160493 21 

11 53.62 0.96 0.02 [0] 19 46 5 160274 21 

12 53.59 0.97 0.03 [0] 21 45 1 160610 23 

13 53.57 0.96 0.01 [0] 24 30 1 101363 21 

14 53.52 0.95 0.01 [0] 24 27 1 105667 21 



14      William N.L. Browne 

Table 5. Rules generated by the stratified cross-validation test on the WBC dataset 

 
Interpretation of the rules allows hypothesis to be drawn on the problem domain - 

these are limited by the original low sampling size of the dataset in the breast cancer 
domain. A hierarchy is shown by the stable classifiers 6 and 7 in Tables 4 and 5, 
where rule 6 protects rule 7 (note specificity does not correspond to hierarchy posi-
tion). This hierarchy suggests that high values of all attributes (except 5,6) indicate 
malignancy. Medium to high values of uniformity of cell size and uniformity of cell 
shape (attributes 2,3) also indicate malignancy, except where bare nuclei are low 
(attributes 6). This hierarchy is further extended: if bare nuclei are low, then uniform-
ity of cell size and shape have to be high for malignancy (rules 10, 11). 

The rule-based did show similarities with that found by Wilson [11], e.g. rule 3 
from XCS, also identifies medium to high uniformity of cell size as a sign of malig-
nancy, but strongly links this to high clump thickness, which is only a weak link in 
iLCS. The rule-bases formed are not identical due to different hierarchy structures, 
the stochastic nature of the process and differences in performance. 

5   Discussion 

iLCS performance on the WBC dataset was at a competitive level to alternative algo-
rithms, suggesting that the panmictic based rule discovery, split fitness measure and 
the resultant generalisation pressure is viable. It further supports the assertion that the 
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LCS's boxy approximation of the oblique discriminant surface does not cause overfit-
ting and can be applied successfully to data-mining applications. A real-valued repre-
sentation may not be optimum for oblique data, but it is a functional. Lisp like ex-
pressions have been proposed [20], but these could introduce problems associated 
with genetic programming, such as bloat [21]. An alternative to evolving higher-order 
classifiers is suggested by the iLCS approach. The search phase would remain the 
same, but an abstraction algorithm would produce higher-order classifiers for the 
stable phase based on the similarities between searching rules.  

The fundamentally different design of iLCS, including separate populations, shows 
the flexibility of the LCS concept to be adapted to varying industrial domains. Further 
testing on different problem types is required to determine the robustness of the iLCS 
technique itself. 

In this static, single-step data-mining application, the only objection to a generali-
sation pressure formed by a niche-based rule discovery is aesthetic. In order to bal-
ance resources in infrequently visited niches a rule replacement policy that accounts 
for the action-set size is used in niche based systems. It does not seem obvious to use 
rule replacement as a mechanism to balance frequency of input messages - the mating 
fitness mechanism seems more intuitive. It is also noted that coverage is much more 
important to niche-based systems in order to balance the resources during the initial 
rule-base formation. The stable population matched every test message, which was 
not the case in a niche-based trial [1]. This was probably due to the initial rule-base 
created in iLCS being more general than a rule-base mainly created by coverage. 

Lethals are cited as a major problem with panmictic operation, but these can be 
avoided in the stable phase by restricting mating to similar actions. However, in in-
dustry different actions are often related, such as different severities of steel strip 
pinching have similar causes, so sharing of information between actions/niches is 
important, which can be achieved in the search and combine phases. The other cited 
problem with panmictic operation is that there is no inherent generalisation pressure, 
which is overcome in iLCS through the fertility fitness measure.  

The fertility fitness measure is dedicated to rule discovery, so can directly measure 
the benefit of mating a classifier. Alternative schemes utilise the same measure (e.g. 
accuracy, prediction of payoff or accuracy of prediction) in selection for effecting as 
well as selection for mating. Fertility functions by estimating a classifier’s usefulness 
compared to its neighboring classifiers. Inaccurate classifiers have low fertility, unless 
there are few similar classifiers. Similarly, accurate classifiers have low fertility if 
they occur in less match sets than similar classifiers of equal accuracy. The effective-
ness measure could use any standard fitness measure. In this domain the predicted 
payoff of the classifier is used, as reward is the same for all actions, so using accuracy 
of predicted payoff provides no additional information, but would be worth investi-
gating in more complex domains. 

The three phases allows parallel explore and exploit to occur in this domain. In 
domains were only one action is permitted, e.g. in autonomous learning for mobile 
robots, the stable phase output would be effected. If correct, the phases advocating the 
same action would be rewarded; whilst if incorrect, winning classifiers from phases 
advocating alternative actions would be reinforced. 
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A final advantage of the three phases is reducing the amount of decoding necessary 
to one third of a standard population. However, subsumption deletion has not been 
introduced, so the population was not as compact as possible. A simple method of 
contracting the rule base is to produce a representative testset in order to identify the 
classifiers used during the test. Wilson [19] proposes a Compact Ruleset Algorithm, 
which deterministically identifies the useful classifiers and is applicable to iLCS. 

The classifiers are crisp in nature due to the winner-takes-all auction in the stable 
population. This is advantageous compared with multiple classifiers combining to win 
a single auction, as each combining classifier must be taken into account to determine 
the knowledge learned, which may cause problems to engineers in large-scale do-
mains. In small domains were multiple runs are possible, the best discovered rule base 
can be utilised. However, if time constraints were important then robust performance 
would be required.  

Splitting the population into three phases allows iLCS to discover general and spe-
cific building blocks of information in the search phase. Combining the small blocks 
of information into complete rules becomes increasingly difficult as the size of the 
domain increases, with the dedicated combine phase in iLCS facilitating this task. 
Whereas in a simple LCS, by the time general rules have been formed, the building 
blocks of information needed for specific rules have already been removed from the 
population. The different types of rules within the combine phase test alternative 
hierarchy structures, which is required if sub-optimum hierarchies, such as homomor-
phic or “flat”, are not to form. Once good rules survive, proving their long-term use, 
they can be transferred to the stable population, where the information can be ex-
ploited through exact matching and best classifier selection. 

The insertion of an additional stable phase, which utilises a stochastic deletion 
method instead of a deterministic method, enabled iLCS to evaluate different set-ups 
without multiple tests. This did result in a small performance decrease, although with 
slightly less variance in the stochastic method. The stochastic removal of good rules 
prevents an LCS being stuck in local optima, but could lead to sub-optimum perform-
ance if a good rule is deleted just prior to testing. The iLCS approach is useful as 
multiple tests are not required to determine which set-up is best suited to a particular 
domain. 

Life limits are essential for introducing new (including transferred) rules into a sta-
ble population or hierarchy, as their appropriate level can be determined without 
interrupting the existing structures. Similarly, the evaluation limit prevents the rule 
discovery from mating untested rules. Evaluation limits are now common [22], but 
the child limit is rare. Subsumption deletion and Numerosity counts [14] assist in 
removing redundant information from the rule-base, whilst protecting good informa-
tion [22]. However, as the number of attributes in a classifier increases, the likelihood 
of subsumption and numerosity occurring decreases, and the computational time 
required for these methods increases. The child limit prevents the stable population 
stagnating with similar information, whilst encouraging the search population to con-
tain a variety of information. 

Real-alphabets are essential for transparency in industry, but they also improve 
boundary definition in continuous domains. Fine tuning rule boundaries can occur 



Balancing Specificity and Generality      17 

through mutation and resolution tuning, but is often achieved through the result of 
appropriate crossovers, where upper and lower attribute bounds are swapped. Adjust-
ing the upper/lower bounds allows a single rule to describe a range, whereas ternary-
alphabet may require more than one rule to complete the range. 

The XCS approach does scale-up to large problem domains [23], but scalability is 
still an important issue. The iLCS approach needs further testing, but offers flexibility 
to choose alternative methods suited to particular domain features with less need to 
set-up for individual problems. 

6   Future Work 

A major question in the design of the iLCS system is the choice of fitness measure 
used to decide the effecting classifier. Implementing an accuracy of prediction meas-
ure is not expected to stabilise hierarchies on its own. A 'train and test' cycle could be 
used with the test cycle essential to stabilise a classifier's place in the hierarchy. How-
ever, the concept of relying upon a classifier to make errors on environmental mes-
sages appears contradictory to the industrial focus of the design. Therefore, a slight 
variation is considered: a 'train and review' cycle is proposed, where a small memory 
is used to store examples of common, rare and difficult environmental messages. The 
messages would be replayed during the review part of the cycle to establish correct 
hierarchy separation. The operation should be faster than the train and test cycle due 
to the fewer messages used, but at the expense of program complexity and higher 
memory requirements. 

Once the current rule-base training in iLCS is capable of maintaining 100% per-
formance in applicable domains, whilst avoiding overfitting, the robustness across 
different domain types requires investigating. Multi-step problems have not yet been 
attempted, although there are no fundamental design reasons to prevent iLCS from 
operating in such domains. The panmictic rule discovery can be biased in favour of 
scene-setting classifiers by increasing the fertility of early chain classifiers, which are 
traditionally the most difficult to maintain [24]. Dimensionality of test problems 
should also be increased, but with domains exceeding 20 variables, ease of interpreta-
tion of discovered knowledge needs to be managed. 

7   Conclusion 

An LCS developed for large-scale industrial data-mining applications, iLCS, has been 
presented. A generalisation pressure has been successfully introduced into a panmic-
tic based rule discovery. This was facilitated by decoupling a classifier's fitness for 
effecting from its fitness to mate. The results on the Wisconsin Breast Cancer dataset 
achieved a competitive level despite the choice of the fitness for effecting measure 
being considered poor. No subsumption type method was employed; but assisted by 
the real-valued alphabet, the rule-base could easily be understood. The iLCS ap-
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proach represents a flexible alternative to niche-based LCSs, which will help in the 
advancement of the LCS field for industrial application. 
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Abstract. XCS is a learning classifier system based on the original work by 
Stewart Wilson in 1995. It is has recently been found competitive with other 
state of the art machine learning techniques on benchmark data mining prob-
lems. For more general utility in this vein, however, issues are associated with 
the large numbers of classifiers produced by XCS; these issues concern both 
readability of the combined set of rules produced, and the overall processing 
time. The aim of this work is twofold, to produce reduced classifier sets which 
can more readily be understandable as rules, and to speedup processing via re-
duction of classifier set size during operation of XCS. A number of algorithmic 
modifications are presented, both in the operation of XCS itself and in the post-
processing of the final set of classifiers. We  describe a technique of qualifying 
classifiers for inclusion in action sets, which enables classifier sets to be gener-
ated prior to passing to a reduction algorithm,  allowing reliable reductions to 
be performed with no performance penalty. The concepts of ‘spoilers’ and ‘un-
certainty’ are introduced, which help to characterise some of the peculiarities of 
XCS in terms of operation and performance. A new reduction algorithm is de-
scribed which we show to be  similarly effective to Wilson’s recent technique, 
but with considerably more favourable time complexity, and we therefore sug-
gest that it may be preferable to Wilson's algorithm in many cases with particu-
lar requirements concerning the speed/performance tradeoff. 

1   Introduction 

XCS is a learning classifier system based on the original work by Stewart Wilson 
(1995). The important new feature of XCS was that it was based on accuracy and not 
strength of classifiers and that genetic algorithms were applied to subsets of the classi-
fier population generating a highly directed learning process developing accurate and 
general rules covering the input space. 

One application area for LCSs is that of data mining, where the environment to be 
modeled is a (typically) large and complex dataset, and the LCS is asked to map data 
instances to known categories. Wilson's XCS classifier system has recently been 
modified and extended in ways which enable it to be applied to real-world benchmark 
data mining problems. Problems are associated with the large numbers of classifiers 
produced within XCS. The consequent lack of ‘readability’ of the ruleset becomes an 
issue where applications involve the discovery and use of the underlying knowledge 
held in the database, especially perhaps in a non-computer based system where the 
rules generated are used offline as a knowledgebase. In applications which are com-
puter based the number of rules is of little importance until processing time becomes 
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an issue. In ‘first generation’ classifier system applications the processing time will 
not be an issue as the vast majority of the processing time is taken up with training the 
system and this will tend to be an offline operation. However, as processors (and in 
particular mobile processors) become more powerful, we can expect the commercial 
application of XCS to a wide range of data mining problems. In these ‘second genera-
tion’ systems it will be required for the system to regularly take newly acquired inputs 
and regenerate the classifier set based on operator classification of the new data, in 
this case processing time will become a major issue to usability.  

The aim of this work is twofold, towards the production of reduced classifier sets 
which can more readily be understandable as rules, and (longer term) towards the 
speedup of XCS processing via the reduction of classifier set size during operation of 
XCS. Of course, this research aims to investigate ways of achieving these objectives 
with minimal impact on XCS performance in the data mining application. 

The rest of the paper is set out like this: In section 2 we describe Wilson’s algo-
rithm for ruleset reduction (Wilson, 2002) we will designate this algorithm as ‘CRA’ 
(Classifier Reduction Algorithm). Section 2 describes CRA, in a way which indicates 
its time complexity, and then provides some implementation notes which supplement 
those in the original paper. Section 3 presents the design of an alternative ruleset re-
duction algorithm later referred to as CRA2. Section 4 outlines a modified XCS 
which we call XCSQ, in which the modifications are inspired by the concepts in-
volved in CRA2, and which consequently produces more compact rulesets than XCS. 
Section 5 then describes three salient concepts related to classifiers, rulesets and the 
associated algorithms within XCS – namely ‘spoilers’, ‘uncertainty’ and ‘qualified’ 
classifiers. Section 6 presents results which compare CRA and CRA2 and some initial 
results obtained from XCSQ, we then have a concluding discussion in Section 7. 

2   Wilson’s Reduction Algorithm (CRA) 

Wilson’s paper ‘Compact Rulesets from XCSI’ (Wilson, 2002) on classifier reduction 
and the formation of reduced rulesets is the basis for this work. In Wilson’s case the 
reduced classifier set was produced purely to make the interpretation of the rules 
easier and more understandable. The reduction process is run after completion of the 
XCS test run. 

Wilson's ruleset reduction algorithm, which we call CRA, is a three stage process. 
After first ordering the classifiers based on a selected property, say numerosity or 
experience. Stage 1 involves finding the smallest subset of classifiers which achieve 
100% performance. Stage 2 is the elimination of classifiers which, added to the sub-
set, do not advance performance. Finally, in stage 3 classifiers are ordered by the 
number of inputs matched and processed until all inputs have been matched at which 
point the remaining unmatched classifiers are discarded. 

Full details of CRA are in Wilson (2002); we now consider its time complexity in 
terms of the number of classifiers in the original set offered for reduction, calling this 
number c, the final reduced set size is r, and the amount of time to evaluate a single 
classifier against all data examples, which we call a. So, stage 1 requires a process 
which adds each classifier in turn and tests all inputs until 100% performance is 
achieved, and it therefore takes up to the number of classifiers times a single pass of 
testing on all input data set entries. In practice as the classifiers have been suitably 
ordered to place the reduced classifiers at the beginning then the time taken here is 
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actually related to the number of reduced classifiers. Stage 1 therefore has a time 
complexity of : 
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CRA stage 2 could be based on the series of performance figures produced in 
stage 1, where classifiers not increasing performance are deleted, but this has been 
found in our experience to sometimes have an adverse effect on performance. A better 
option, which maintains performance at 100%, is to retest after each classifier dele-
tion and replace (addback) the classifier if performance is found to be degraded. (Ta-
ble 2 later on illustrates better performance with the addback method when using 
CRA). 

The time taken for stage 2 under CRA is very short as it is a simple matter of re-
moving classifiers as indicated in the performance figures obtained in phase 1. For 
CRA with add-back however stage 2 can potentially double processing time as each 
classifier removal is retested. 

CRA stage 3 is the equivalent of a single pass test on all input data set entries, and 
hence has little impact on complexity. The actual time taken will depend on the gen-
erality of the classifier population; low generality will produce the longest processing 
periods as in this case more classifiers are required to map the entire input data set. 

The Wisconsin Breast Cancer (WBC) problem is a standard database which has 
previously been used to demonstrate the efficacy of XCS (Dixon et al, 2002; Wilson, 
2000a). As WBC was chosen by Wilson to demonstrate his reduction system for di-
rect comparison purposes this has also been used here. We now describe some experi-
ence of using CRA on the WBC dataset, which motivated our design of CRA2. 

Examination of the classifier set for WBC produced by CRA suggested that it was 
most likely that classifiers which had non-zero errors associated with them were being 
included in the reduced set and were influencing the results. Tests were carried out to 
produce classifier sets with 100% performance (prior to reduction techniques being 
applied), but which also had no classifiers with non-zero errors. This was achieved by 
modifying the test routines in XCS to only include classifiers from the overall popula-
tion which were both sufficiently experienced and had zero errors. In this case XCS 
ran completely normally creating and removing classifiers within the population as 
usual but the decision to terminate the run was based on data tested only on selected 
qualifying classifiers. The final classifier population was then initially reduced by 
elimination of the classifiers not included in the testing process. 

The zero error classifier sets were then reduced using CRA with less than perfect 
results, always failing to achieve 100% performance at stage 2 of the process. In real-
ity it is not possible to fail to achieve 100% performance on stage 1 of the process as 
by requirement the original classifier set had 100% performance and stage 1 was 
defined to ensure 100% performance. 

Best results in terms of performance were obtained when the classifier set being 
operated upon had low generality though of course in these cases the final population 
size was obviously higher. 

By modifying XCS to include in the test routines only classifiers with payoff pre-
dictions equal to the positive reward it was found that it was possible for CRA (and 
also for CRA2, which we describe later) to reliably achieve 100% performance. The 
use of a subset of the total population of classifiers is not a completely new approach 
as the use of experience limits, by definition, segregates classifiers for different proc-
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essing streams within XCS as part of normal operations. Stewart Wilson was kind 
enough to provide the author with the classifier set he used to produce the ruleset 
reduction results in Wilson (2002). This classifier set did produce very similar results 
when processed using this implementation of CRA so it may be assumed, (though not 
guaranteed), that the code does not include any unwanted ‘features’. To enable direct 
comparison of results the same coding of database input was used in all tests, for 
description of coding see Wilson (2000a). 

3   An Alternative Reduction Algorithm (CRA2) 

In the initial phase of operation (which follows the same sequential process as Wil-
son’s), CRA2 is run on the final classifier set produced by XCS (or XCSQ, see later) 
once the non-qualified classifiers have been removed. 

The implementation of CRA2 involves testing every input case on the classifier 
set, and as each matchset is formed and the action is selected then selected classifiers 
are marked as ‘useful’. Once all input data has been processed then any non-marked 
classifiers are removed and the reduced classifier set remains. Pseudocode is given 
below. 

For each input situation 

 Create MatchSet 

 Select Action 

Create ActionSet 

Find ActionSet member with highest payoff prediction 

numerosity product  

Mark classifier with highest payoff prediction 

numerosity product as USEFUL 

End For 

Remove all classifiers not marked as USEFUL 

Using this algorithm within XCS simply involves allowing the useful classifiers to 
be marked during training, and periodically removing the non-useful classifiers. The 
periodic removal serves to refocus the classifier set and is set to happen only occa-
sionally, so as to allow the classifier population time to develop before the removal 
process takes place. In many respects this is equivalent to restarting the XCS applica-
tion with a constantly revised and hopefully improved initial classifier set. 

The reasoning behind CRA2 is that in each matchset the dominant classifier is the 
only important classifier to be retained; as long as the dominant classifier is not lost 
from any of the matchsets then every matchset will produce the correct result. This 
algorithm only works correctly, providing 100% performance, if there are no classifi-
ers with errors greater than zero or with payoffs less than the positive reward value. If 
classifiers are present that do not match these criteria then spoilers may be required to 
balance a matchset with the dominant classifier requiring their support. This effect 
can be seen in classifier sets not matching the criteria, which only produce 100% 
performance when spoilers are included in CRA2. 
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In addition variants of CRA2 include: 

• keeping all classifiers in the matchset with the selected action. 
• overpower secondary actions in matchset, if the highest payoff classifier does not 

overcome the effect of the combined efforts of any other action’s prediction, then 
flag as USEFUL more selected action classifiers. 

• keep the best of the non-selected action classifiers. 
• use spoilers; this is similar to overpowering secondary actions but classifiers which 

do not have the selected action are retained. 

The basic implementation requires a single pass of tests on the input data set, and 

hence has a complexity of )(caΟ ,  so CRA2 is )
2

(
2

c

rΟ  times faster than CRA. 

4   Processing with Qualified Classifiers (XCSQ) 

We have modified our XCS implementation to use only qualified classifiers in the 
calculations that lead to outcome predictions. The implementation changes required 
are to the GENERATE PREDICTION ARRAY and GENERATE ACTION SET 
code (as so named in Butz and Wilson [2000]). To follow a naming tradition, though 
with some hesitation, we refer to XCS thus modified as XCSQ. In our case, prior to 
adding classifier fitness to the prediction array, the classifier concerned is first 
checked for qualification – i.e. we check that it has zero error, sufficient experience, 
and payoff prediction equal to the positive reward. Non-qualifying classifiers are not 
processed and are not added to the prediction array. In GENERATE ACTION SET, 
first the matchset classifiers are checked for inclusion in the actionset (if they match 
the selected action); if no classifiers qualify for inclusion, then classifiers are passed 
through to the actionset as per the non-modified XCS. This enables very immature 
populations to produce an actionset even though the population is not yet experienced 
enough to have sufficient numbers of qualified classifiers. As the use of qualified 
classifiers means that the non-qualified classifiers are not used in the production of 
the test results, then at the end of the run, non-qualified classifiers can be eliminated 
from the classifier set with no impact on performance. 

5   Additional Concepts 

During the development of CRA2 a number of interesting points were raised; these 
are now presented and may be the basis of further work in the future. 

5.1   Notes Concerning Generality  

The algorithms discussed partially work with the concept of classifier generality. It 
will be instructive to step back a moment and revisit the basics of generality in XCS 
(and similar systems), to help clarify and put into context the later descriptions.  

Generality is defined as the number of #’s (don’t care symbols) divided by the total 
number of symbols in the classifier condition, this definition has been extended to 
cover the population as a whole by the use of an average over all classifiers.  
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If XCS was constrained to never generalise, then its results would essentially be a 
lookup table; this is a one-to-one mapping and results in one ‘rule’ per data input and 
would not be useful at all in classifying previously unseen cases. In this case any 
aliasing would cause problems for the system in outcome resolution. Aliasing can be 
the result of either incomplete data or insufficient data where a significant variable 
has not been recorded which would have directly affected the outcome in the aliased 
situation. The problem with a lookup table is that previously unseen inputs cannot be 
resolved. By having generality in the classifiers, this allows for the possibility of un-
seen inputs (with combinations of features not apparent in the training data) to be 
given a classification.  

Turning generalisation on reduces the number of ‘rules’ produced as many differ-
ent input cases may trigger a single rule, but this now leads to potential overlap (and 
conflict) between the responses of different classifiers to the same input case. Gener-
ality thus leads to classifier sets where resolution of multiple and conflicting out-
comes must be resolved. Currently this resolution is achieved by the combination of 
weighted payoff predictions. 

5.2   Uncertainty 

In the original papers on XCS, results were given in terms of three possible outcomes 
– an input case was either classified correctly, classified incorrectly, or ‘non-matched’ 
– that is, the system could not arrive at a classification of such an input case, since no 
rules covered the condition part. These numbers were the basis of a straightforward 
‘fraction correct’ figure used for comparison of results. For our purposes we describe 
and use an additional outcome, which we term ‘uncertain’. The system response to an 
input is ‘uncertain’ in cases when it is certainly covered by more than one classifier, 
but the weighted evidence does not favour any single outcome as ‘best’. Essentially, 
adding up the votes for conflicting predictions results in a tie. Notice that the collec-
tion of equally supported predictions in such a case may not include the correct pre-
diction at all. Arguably, such an input could be happily classed as incorrect, but we 
have not adopted that route here. It is not completely clear to us how other XCS re-
searchers generally handle ‘uncertain’ outcomes. They may, for example, use a ran-
domly assigned prediction (since they are fairly uncommon anyway, and this doesn’t 
seem too harmful), or perhaps take the classification to be the lexicographically first 
of the equally predicted ones, or perhaps something else. We note here that we treat 
them as ‘incorrect’ for the purposes of general XCS operation, and also for the pur-
poses of ruleset reduction. On balance we feel that classifying uncertain results as 
‘incorrect’ is the most reliable mode of operation compared to the various alterna-
tives. 

Comparison of test runs has shown that (in our XCS implementation anyway) un-
certain cases can persist in the population throughout the run and may not be com-
pletely eliminated prior to termination; this may also be a source of conflict in the 
reduction algorithm and may be the reason that reduction algorithms can fail to main-
tain 100% performance. 
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5.3   Spoilers 

A single classifier can dominate a matchset by having a payoff prediction and nu-
merosity product which is larger than any other combination of classifiers with a 
differing action. Matchsets which include a dominant classifier whose predicted ac-
tion is incorrect, can nevertheless produce a correct prediction of action if additional 
classifiers with the same incorrect action are included. This is a feature of the mathe-
matics involved in the combination of classifiers. We use the term ‘spoilers’ for these 
additional classifiers, whose presence reduces the influence of the dominant classifier. 

Table 1. Example classifier set. 

Classifier Outcome 
(Action) 

Numerosity Fitness Payoff 
Prediction 

C1 O1 1 0.5 1.0 
C2 O1 1 0.4 0.1 
C3 O2 1 0.3 0.9 

 
Imagine that a set of three classifiers have conditions which match the presented 

input with values of numerosity, payoff prediction, fitness and outcome as in table 1. 
Calculating the fitness-weighted prediction for the two yields 0.6 for O1 and 0.9 for 
O2, thus predicting outcome O2. C1 seems like the dominant classifier, in terms of 
fitness and payoff, however its prediction is outvoted. If, however, the classifier C2 is 
omitted from the calculation, then the fitness weighted prediction for O1 is 1.0 and 
outcome O1 is predicted. It can be seen therefore that the addition of C2 acts as a 
spoiler on the outcome which would have been dominated by C1 otherwise, despite 
the fact that it predicts the same outcome as O1. 

In a case where the matchset includes classifiers advocating different actions it 
may be necessary to allow ‘spoiler’ classifiers which dilute the power of the incor-
rectly advocating action classifiers, these ‘spoiler’ classifiers may be required in per-
haps only a few or a single input case and may not have a very high numerosity. CRA 
(Wilson, 2002) may remove such low numerosity classifiers, hence removing ‘neces-
sary’ spoilers, and upset the delicate balance required to achieve 100% performance. 
Spoilers can be selected by single or combinations of, classifier order of presentation, 
lowest or highest prediction factor where the prediction factor comprises the product 
of fitness, payoff and numerosity or any combination. 

It has been found by the authors that spoilers operating within a less than 100% 
performance classifier set when removed can actually improve the overall perform-
ance achieved, this has been seen in practice as a result of classifier reduction. This 
may in future be found to be a very desirable feature especially if the reduction is 
applied periodically to XCS as it may lead to higher performances being achieved at 
faster processing times. 

6   Experiments and Results 

Classifier reduction was carried out on data supplied both by Wilson and from our 
own implementation of XCS, comparing CRA and CRA2. Table 2 shows the results. 
The first row refers to experiments using a classifier set supplied by Wilson, which 
was the end result of running his XCS implementation on the WBC dataset, achieving 
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100% performance. The resulting ruleset containing 1155 classifiers. The addition of 
the ‘Add-Back’ feature to CRA yielded a compact ruleset with just 23 classifiers, still 
achieving 100% performance. It can be seen that CRA2 applied to this data also main-
tains 100% performance but with considerable speedup, CRA2 yields a result similar 
to the first of the two CRA variants at 24 rules.  

Table 2. Comparison of CRA (with and without Add-Back) and CRA2, on rulesets emerging 
from both a long duration run (2 million presentations) and running XCS to the point of 100% 
performance on the Wisconsin Breast Cancer Dataset. CRA+A indicates CRA with Add-Back, 
APG indicates average population generality, and ONC indicates original number of classifiers. 

Reduced no. of  
classifiers 

Reduction time 
(seconds) based on PentiumIII 

350MHz 

APG ONC Number of 
iterations 

CRA CRA+A 
 

CRA2 CRA CRA+A CRA2 

0.5601
a 

 
1155 2,000,000 25 / 26

 c 23 24 11.4 / 27.5 22.2 2.6 

0.1387 887 553,608 292
 d
 

 
291 294 177.1 363.3 1.3 

0.1162
b
 319 553,608 292 291 294 82.3 147.1 0.6 

0.2238 792 1,338,585 261 262 261 137.9 279.6 1.0 

0.1978
 b
 291 1,338,585 261 262 261 67.6 123.9 0.6 

  a
 Original ruleset supplied by Wilson 

  b
 Classifier set pre-processed to remove non-qualified entries 

  c
 CRA using numerosity / experience 

  d
 Average Fraction Correct (AFC) = 0.9986 (loss in performance) 

 
 

CRA2 readily finds a reduced set of a size close to that achieved by CRA, but con-
siderably faster. In one case CRA did not emerge with a 100% performance com-
pacted ruleset, but CRA2 did. The loss of performance is due to the immature nature 
of the classifiers as evidenced by the large number of classifiers resulting in the re-
duced sets. Immature classifier sets are a feature of shorter test runs where the classi-
fier set has not had sufficient time to eliminate unnecessary classifiers or strengthen 
the most valuable members.  

To end this section we mention some supplemental notes of importance for readers 
intending to replicate or further this work. First, it is important to note that the Wilson 
data includes classifiers with payoff prediction less than the positive reward value, 
and classifiers with prediction errors greater than zero. 

Second, analysis of the supplied classifier set (re. row 1) revealed that the 1155 
classifiers included 156 with prediction error greater than zero. After applying stage 1 
of CRA, the remaining classifier set contained no such classifiers. After applying 
stage 2, no classifiers with payoff prediction different from the positive reward value 
were present. Notice of these facts, and some further thought, led directly to the for-
mulation for the implementation of XCSQ (described earlier), which promises to 
directly produce compact classifier sets without the need for further processing. Pre-
liminary results for XCSQ are looking good Table 3 below demonstrates some initial 
results where a range of classifier populations have been developed up to the point 
where 100% performance has been achieved. 
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It can be seen from these results that both CRA and CRA2 produce similar results in 
terms of numbers of reduced classifiers but that CRA2 is between 5 and 100 times 
faster. It may be expected however that for more mature classifier populations the 
processing time advantage may be eroded while this is borne out by the complexity 
analysis this has yet to be determined by experimental results.  

 

Table 3. Comparison of reduction algorithm performance using XCSQ derived classifier 
populations. CRA+A indicates CRA with Add-Back, APG indicates average population gener-
ality, ONC indicates original number of classifiers, and NQC indicates number of qualified 
classifiers. 

 
NQC 

 
Reduced no. of classifiers 

Reduction time 
(seconds) based on PentiumIII 

350MHz 

 
APG 

 
ONC 

 

 
Number of 
iterations 

CRA CRA+A CRA2 CRA CRA +A CRA2 
0.0888 610 344 245349 342 342 342 106.9 183.2 0.9 
0.1655 517 294 99258 292 292 292 81.3 135.6 1.0 
0.2394 513 247 159372 245 245 245 60.8 102.2 0.9 
0.3071 720 214 166362 214 214 214 51.8 86.3 1.2 
0.3739 948 157 428487 157 157 157 37.7 54.9 1.5 
0.4223 1262 140 397731 134 134 135 26.9 45.0 1.8 
0.4658 1205 107 106947 105 105 106 19.4 30.5 2.1 
0.5143 1711 79 185235 77 77 77 14.9 20.8 3.2 
0.5606 1691 75 102054 70 67 70 14.1 20.3 3.0 
0.5624 1227 66 137004 65 65 66 11.1 17.1 2.1 

 

7   Concluding Discussion 

Via the characterisation of certain concepts related to classifiers in rulesets – namely 
‘spoilers’, ‘uncertainty’, and the consequent notion of ‘qualified’ classifiers, we have 
described a ruleset reduction algorithm which, we then find, produces results similar 
to Wilson’s ruleset reduction method, but in much more reasonable time. We have 
also discussed a modified version of XCS called XCSQ which makes more use of 
these concepts (the ‘Q’ stands for ‘Qualified classifiers’) and is capable of directly 
producing compact classifier sets without the need for post-processing with a reduc-
tion algorithm, and does so with no unacceptable increase in processing time.  

The main focus of our further work on this is in tuning XCSQ towards a system 
which is both speedy in operation and compact in result. This requires research on 
both reduction algorithms themselves and details of their incorporation (e.g. periodic 
use in some form) into the XCS operating cycle.  

As noted above, results shown here indicate that the new reduction algorithm is 
almost as effective at classifier reduction as Wilson’s algorithm but that it is many 
times faster in operation. Actually, the speed of such an algorithm may not seem a 
major issue if one only cares about finding a maximally reduced 100% accurate rule-
set, however long it takes, however we think our earlier comments about ‘second 
generation’ classifier systems still apply, while the speed issue is of course much 
more important when it comes to future work on including the reduction algorithm 
somehow within the training stage.  
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Abstract. The aim of this paper is to study why we should have a closer look
to Pittsburgh-style Classifier-Systems (Pitt-CS). This kind of classifier-systems
were introduced by Smith during the early 80’s and was nearly forgotten dur-
ing 20 years. We revisit those kind of classifiers adapting them. We choose as
background of our study the ‘El Farol’ bar problem introduced by Arthur. This
multi-agents system problem leads us to test several abilities as memory, prob-
lem response and uniformity of population, using GA-independent parameters.
Results have shown that adapted Pitt-CS have useful abilities.

Keywords: Adapted Pittsburgh-style Classifier Systems, Spontaneous Coordina-
tion, Memory.

1 Introduction

Classifier systems were introduced by [Holland, 1992]. The original framework of Hol-
land was to create tools having the ability to solve problems learning potential solutions
from simulation using a payoff function. The first classifier system was the Michigan
style classifier systems (Michigan-CS) [Holland, 1985] which was breaking the long
chain solution due to the genetic algorithm evolution mechanism. Other solutions exist
that use a Q-based learning algorithm [Watkins, 1989] instead of a bucket-brigade algo-
rithm to make the classifier system learn. We are talking about ACS [Stolzmann, 1998]
Anticipatory Classifier System and XCS [Wilson, 1995]. Those classifier systems are
able to solve Markovian problems. As [Kovacs and Kerber, 2001] note, if differentia-
tion bits are added to solve a non-Markovian problem, the problem becomes Markovian.
In the early 80’s, Smith [Smith, 1980] proposed a fully genetic algorithm based clas-
sifier system: the Pittsburgh style classifier system (Pitt-CS). Pitt-CS, named GALE
[Bernadó, Llorà and Garell, 2001], scales XCS when talking about data-mining. Pitt-
CS behaves as well as XCS to solve a minimal model of communication problem
[Enée and Escazut, 2001a] [Enée and Escazut, 2001b]. But those classifier systems dy-
namic was never fully studied. We propose, in this paper to first review the Pitt-CS and
its adapted version we used. Second we propose a spontaneous coordination problem,
the bar problem, as background for studying the adapted Pitt-CS dynamic. We will then
conclude on the interest of such a classifier system.

P.L. Lanzi et al. (Eds.): IWLCS 2002, LNAI 2661, pp. 30–45, 2003.
c© Springer-Verlag Berlin Heidelberg 2003
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2 Pitt-CS: Technical Review

Pittsburgh classifier systems are different of other kinds of classifier systems on many
points. We will see in the next sub-sections how differ structure, evaluation and evolu-
tion mechanism from original framework.

2.1 Structure

Pittsburgh style classifier-systems are filled with production rules also called classifiers.
Those classifiers are split into a condition part that reads the environment signal and an
action part that acts on the environment. Usually, the condition part is defined upon a
ternary alphabet {0, 1, #}, where # replaces 0 and 1, it is also called wildcard. The
action part contains only bits. Classifiers are melt together to form an individual i.e.
an individual is a set of classifiers also called knowledge structure or knowledge base.
Finally, a population of Pitt-CS is filled with several individuals (see fig. 1).

Fig. 1. Pitt-CS Population.

We will not describe here the internal language proposed by [Smith, 1984] to in-
stantiate variables within condition part. So a population is initially created using four
parameters:

– A fixed number of individuals in population.
– A varying number of classifiers per individual.
– A fixed bit size for all classifiers.
– An allelic probability of having a wildcard in the condition part.

A population is first filled with random classifiers. We will focus now on how this
population is evaluated.

2.2 Evaluation Mechanism

Individuals interact with the environment through captors and effectors and are re-
warded thanks to a multi-objectives fitness function. Thus, individuals have a strength
that globally reflects the mean strength of the classifiers filling it. The specific struc-
ture of Pitt-CS implies a specific evaluation mechanism. Individuals are evaluated at
once i.e. with parallel firing rules. This is due to the fact that individuals are potential
solutions to the problem so they are not linked to each others as in the Michigan-CS.

Production rule

ActionCondition

IndividualPopulation
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Individuals are composed of classifiers, so to ensure that all classifiers had a chance
to be tested before evolution occurs, individuals must have been tested a number k of
trials. Evolution algorithm, here the genetic algorithm, is applied when all individuals
had been evaluated that k number of trials. So reward can be continuous, using a Q-
Learning method for fitness / strength update, or reward can be reset at each generation
and based only upon the last generation trials.

When an individual is evaluated, many classifiers can match the environment signal.
Smith proposed to give a relative weight to each action of matching classifiers. Those
weights are used as a probability of choosing a particular action. This mechanism can
be found in XCS with a more sophisticated evaluation of action weights.

Let’s have a look to the evolution mechanism.

2.3 Evolution Mechanism: The Genetic Algorithm

Genetic Algorithm is essential to Pitt-CS: it is the learning and evolution mechanism.
Genetic algorithm applies its four main operators among individuals of the population
using their fitness. It first selects parents that will eventually reproduce using crossover
and mutation operators to create new offsprings that can also be inverted.

The selection mechanism use the roulette wheel or the tournament method to select
parents that will be present in next generation.

The crossover operator chooses randomly n, i and n′, i where i is the bit position
where crossover will occur within classifier numbered n from first parent and within
classifier numbered n′ from second selected parent. The crossover is thus one point
and manipulates individuals with different size. Smith has proved that the crossover
operator described here will mainly accentuate the difference of length between the two
offsprings. The added length of the two offspring is the same has the added length of
the two parents. The selection mechanism will progressively erase short individuals that
won’t be able to answer problems because they do not have enough classifiers. Thus,
the bigger individuals will be selected and the individual size tends to grow through
generations.

Mutation operator is allelic. Crossover and mutation and inversion are probabilities.
The inversion operator can be used with Pitt-CS because each classifier is member

of an unordered knowledge structure: an individual. So inversion of classifiers within
an individual allows classifiers to be better exchanged when crossover occurs.

Best genetic algorithm parameters usually taken by Smith are (except for the selec-
tion mechanism):

– Selection mechanism: roulette wheel.
– Crossover probability: 50-100%.
– Allelic mutation probability: 0,01-0,5%.
– Inversion probability: 50%.

2.4 Adapted Pitt-CS

The main difference between Pitt-CS and Adapted Pitt-CS is that the number of rules
per individual is fixed. This first permits the use of a standard genetic algorithm that ma-
nipulates fixed length individuals. Second, it allows to study the role of such parameter
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in the classifier system behavior. Smith notes that his system was creating too heavy
individuals with useless and noisy rules. The results he obtained were quite good but
not as good as expected. When he tried to fix the max number of rules per individual
with a specific mechanism, the system was also creating some noise while converging
to solution. The Adapted Pitt-CS does not use the inversion operator to allow system to
make a supra-individual to emerge within population.

The several matching rules selection problem can be solved for example:

– Taking randomly one rule among the matching ones.
– Taking the most specific rule i.e. with the least number of #.
– Taking the most generic rule i.e. with the most number of #.

For the last two methods, if several rules still match, the first mechanism of selection is
used among the selected more or less specific rules.

The simulator of the environment that is used to make the population learn, can be
used in two ways. It can be reset at each generation or set to its previous status using a
learning algorithm. The last method is not within the original framework of Smith where
system is GA dependent only for learning. Parallelism can be easily simulated through
the simulator that keep track of its status with each individual at the end of previous
evaluation. If the simulator is reset, parallelism can be easily translated in sequential
evaluation of individuals also.

To have a clear and complete view of the evaluation mechanism, see algorithm 1.
The ending criteria can be a number of generation or when the k trials are successful

for an individual. So to evaluate a Pitt-CS, you need those parameters:

– Simulator / Environment reset mode: To zero / To previous status.
– A number of trials.
– A selection rule mechanism: random / specific / generic as example.
– A number of generations.

Crossover operator can be n-point with n ranging from 1 to l − 1 where l is the length
of individual. Because crossover is applied between two individuals, it can, whether or
not, break classifiers. The inversion mechanism was not implemented in the version we
present.

We have made a quick technical tour of Pitt-CS and its adapted version, let’s see
now how it behaves with the ‘El-Farol’ problem.

3 ‘El-Farol’ Problem

The ‘El-Farol’ problem was introduced by [Arthur, 1994]. The problem consists in a
population of students that wants to spend a nice moment in the famous ‘El-Farol’
bar of the Santa-Fae institute. The difficulty is that there is an upper bound of atten-
dance after which all students that came feel bad. A student that didn’t come to the bar
while there is room for him is also disappointed. The only information students have
to make their decision is the attendance of the week before. If we represent students
as agents in a multi-agents system, we can consider them as physically homogeneous
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Algorithm 1 of Adapted Pittsburgh style classifier system.
Begin

Fill(P ); { Random initialization of P . }
Generation = 1;
Repeat

For (All Ik of P ) Do
Reset Environment(k); { Reset environment to individual Ik last status or reset it to zero. }
Reward = 0;
For (A number of Trials NbT ) Do

Fill(Mesg-List); { with message from environment. }
Fill(Match-List); { Create Match-Set from Ik classifiers that match signal. }
If (IsEmpty(Match-List)) Then

Reward = Reward + 0; { Was unable to decide what to do with that signal. }
Else

If (Size(Match-List)> 1) Then
C =BestChoice(Match-List); { Choose classifier in Match-List. }

Else
C = First(Match − List);

Endif
Reward = Reward+ActionReward(C)/NbT ; { ActionReward acts upon environment

using action from C and then returns action’s reward. }
Endif

EndFor
ChangeStrength(Ik ,Reward); { Change individual Ik strength using Reward. }

EndFor
ApplyGA(P );
Generation = Generation + 1;

Until (Ending Criteria encountered);
End

agents [Enée and Escazut, 1999] with same task to deal with and with same input and
output to make their choice. But each agent are autonomous from each other in the way
they do not have any information from other agents to make their decision i.e. they are
agents of a coordinating multi-agents system. Hence, each student is a Adapted Pitts-
burgh style classifier system with previous attendance to the bar as input and with Go or
Stay as action to take. After all agents have taken a decision, we obtain a new attendance
that will be both used for reward and for input in next trial.

3.1 Measures

To fully measure dynamics of Adapted Pitt-CS, we added a little difficulty to the prob-
lem, changing it into a dynamic changing environment. This change occurs on ideal
attendance (equilibrium) to attain after different static numbers of generations. We mea-
sured:

– The influence of the frequency of equilibrium changes.
– The influence of changing the number of individuals per classifier system.
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– The influence of changing the number of classifiers per individuals.
– The uniformity of population.
– The memorization abilities.
– The non-deterministicness.

The equilibrium changes occur each 50, 100, 150 and 250 generations. The equilibrium
changes cyclically and sequentially between 32, 48, 64 and 80 students. The number
of individuals was set to 6 then 12 and finally to 18 as the number of rules was. The
uniformity of population is a mean measure of the resemblance of individuals in each
classifier systems. Resemblance is measured comparing sequentially rules of each in-
dividuals with ones of any other individuals within the same agent. This measure is
possible thanks to the fact that the inversion operator is not implemented: The rule or-
der within an individual is not changed after crossover. When a wildcard replace a bit
value, the rule is counted as similar to the compared one. The memorization reflects the
ability of an agent to come back to its previous behavior for the same previous equi-
librium to attain. The memorization shows the main behavior of an agent on a defined
ideal attendance to the bar. Finally, the non-deterministicness indicates what percentage
of the available input values from the environment leads to a non-deterministic choice
for the agents i.e. it can both, for a determined signal, go and stay to the bar thanks to
its available classifiers.

Results will be presented as the distance gain (%) to the ideal attendance to the bar
(Eq) from a reference value (VReference) to the current value (VCurrent):

Gain =
(VCurrent − VReference)

(Eq − VReference)
∗ 100

The Gain measures the effort that furnished the system to reach Eq from a reference
point.

3.2 Experimentation

Our experimentation was made using 127 agents trying to adapt to a changing equi-
librium. 127 students lead to 128 different possible values of attendance to the bar
detected through classifiers having a 7 ternary bit long condition part. The action part
is coded with a simple bit that indicates whether (1) or not (0) the student (agents)
goes to the bar. We did not use the original framework of Smith upon variables mech-
anism1 because we are working on a fully distributed artificial intelligence architec-
ture where agents have only to rule one single part of the complex problem. Thus
agents are simple reactive mechanisms. We aim to make “simple” agents able to act
with each other autonomously, homogeneously [Enée and Escazut, 1999] and hetero-
geneously [Enée and Escazut, 2001a].

1 See [De Jong and Spears, 1991] for more details.
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These are the parameters we used for our experimentations:

Parameter Setting Parameter Setting
AgentsNumber 127 P# 33%

IndividualNumber 6,12,18 PCrossOver 70%
RuleNumber 6,12,18 PMutation 0,5%

Trials RuleNumber
2 Selection Roulette Wheel

Rule Selection Random Crossover One point
Experimentations 30 Elitism Always keep 2

EquilibriumChange (EC) 50,100,150,250 Generations 100 × EC

The number of generations is “Equilibrium Change dependent” to always have 100
changes to plot results. All GA parameters were set to as standard as possible values
seen in the GA theoretical literature. The aim of those settings was to observe Adapted
Pitt-CS dynamic, it was not to get the best results. Fitness function is:






At > Eq

{
Agent goes ⇒ AgentsNumber−At

AgentsNumber−Eq

Agent stays ⇒ 1.0

At ≤ Eq

{
Agent goes ⇒ 1.0
Agent stays ⇒ At

Eq

where At is the attendance in the bar at the end of a trial and where Eq is the current
ideal number of students to attain.

Figure 2 shows an example of the fitness function with equilibrium set to 48.

1

Fig. 2. Fitness function.
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3.3 Results

We made 36 different experimentations to test all configuration available. First we
present in figure 3 the result we obtained with 18 individuals of 18 rules and chang-
ing equilibrium each 250 generations. There are two plots, one presents the ideal at-
tendance to the bar and the other presents the averaged attendance measured in agents
number (y-axis) through generations (x-axis). We can see that agents need only about
20 generations in the worst case to adapt to each change.

Fig. 3. Best result.

To better understand why this result is as good as it is, we will first study the ef-
fect of the changing equilibrium frequency upon results. We present results obtained
with agents composed of 6 individuals of 6 rules. Results of figure 4 show the way at-
tendance evolves when the number of generations, between two equilibrium changes,
increases from 50 to 100 then to 150 and finally to 250. We see that the more time agents
have to learn, the more they are able to attain the desired equilibrium. The gain mea-
sured to attain equilibrium globally reaches 69, 29% with the four equilibriums when
frequency increases from 50 to 250. The mean number of agents missing in the bar for
each equilibrium is about 2,7 for equilibrium changes frequency of 250. The number of
individuals and the number of rules seem too small to allow agents to perfectly answer
the problem. Indeed, the results are quite good when time permits.

We present in figure 5 the evolution of the number of students that decided to stay
at home (y-axis). Thus, the corresponding equilibrium ideals to 32, 48, 64 and 80 are
respectively 95 (127 agents - 32 agents that should come), 79, 63 and 47. We expect
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Fig. 5. Frequency of equilibrium changes: Agents staying at home evolution.
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Fig. 4. Frequency of equilibrium changes: Attendance evolution.
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to find the missing agents we found in the previous results. It is obvious that many
agents that should have stayed at home did not. This number of missing agents is about
35,2 when equilibrium is changed each 250 generations. Even if time allows system
to gain 15, 75% to reach expected equilibrium, there is still missing 50,4 agents when
we sum “missing” staying agents and “missing” going agents. Those agents are called
undecided agents because they did not take any decision.

The next results presented in figure 6 show the evolution of the number of unde-
cided agents inside the multi-agent system. Those agents appeared to be a third choice
for the possible actions, even if no reward is their fate. Results show that when time
between two equilibrium changes increases, the number of undecided agents (y-axis)
decreases slightly with a gain of 20, 87% toward the ideal of 0 undecided agents. These
results clearly demonstrate that when agents have too small abilities due to the number
of individuals and rules that compose them, many of them are unable to answer the
problem. We now have a look to memorization measure.

Fig. 6. Frequency of equilibrium changes: Undecided agents.

When changing equilibrium from 50 to 250 generations, the memorization rate
slightly decreases from 50,58% to 44,43%. This counter-intuitive result can be ex-
plained by the agent structure. When time between two equilibrium changes increases,
agent has more time to adapt its individuals to the problem; but agent is unable to
keep strategic choices for the next same equilibrium phase due to its small abilities for
that experimentation. Complementary explanation is that undecided agents are taken
into account with the memorization measure i.e. if an agent is always undecided for
a specific phase, it is considered as having memorized a behavior for that phase. And
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we have seen that the number of undecided agents decreases when number of gener-
ation between changes increases. What is obvious after those experimentations is that
an equilibrium change each 250 generations is the best way to answer the bar problem
with an agent having a restricted capacity. This leads us to present next results with an
equilibrium change set to 250 generations.

Next results presents the influence of changing the number of individuals from 6 to
18 with a number of rules set to 6. Figure 7 shows evolution of the number of agents go-
ing to the bar (y-axis) for each equilibrium phase while number of individuals increases
on the x-axis. The more there are individuals, the better the problem is answered. The
gain from 12 individuals to 18 is lower than from 6 to 12. We expect that increasing
individuals tends slowly to reach the ideal expected number of attendees in the bar on
the average.

Fig. 7. Increasing individual number: Attendance evolution.

Next figure 8 displays how undecided agents (y-axis) evolves when individual num-
ber increases (x-axis). The number of agents left undecided is approximatively divided
by 2 while individual number grows from 6 to 18. The more the agents has individuals
composing it, the less agents stay undecided. The gain is more significant when indi-
vidual number increases from 6 to 12. It seems that the gain when changing number
of individuals from 12 to 18 is not worth the complexity cost when comparing it to the
gain from 6 to 12.

The memorization rate evolves positively that time, increasing from 44,43% to
55,74%. It seems that individuals influences the memory abilities of agent but not that
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Fig. 8. Increasing individual number: Undecided agents.

much. Regarding the classifier system architecture, we may think that the rule number
will be the clue to increase memorization abilities of agents.

The two next figures will show changing rule number influence with an individual
number set to 6. First figure 9 presents evolution of the number of agents going to bar
(y-axis) when increasing the number of rules per individual (x-axis). Gain is not as good
as gain obtained when the number of individuals per agent was increased.

The rule number influence upon undecided agents is shown in figure 10. The number
of undecided agents (y-axis) is divided by more than 3. As expected, the number of
rules per individual directly enhances the answering abilities of agents allowing them to
answer to a wider range of input. The gain is significant for both rule number increase.

Hence, memorization evolves from 44,43% to 62,70%. Number of rules directly
permits agents to have a behavior strategy for each available equilibrium. We now have
explanations of the good results of the experimentation using Equilibrium Change each
250 generations, 18 individuals and 18 rules per individual. For that experimentation,
memorization reaches 65,82% and the average number of undecided agents is 8.48.
Those results are encouraging and they lead us to measure how uniform is the agents
population within this ideal framework.

Figure 11 shows how population quickly stabilizes around 84% of uniformity in
agents. Thus around 16% of differences between individuals composing each agent
partially explain the 65,82% memorization rate: A different strategy can occur in 16%
of the classifiers of each individual.

When several rules match the signal, the rule that will be activated is chosen ran-
domly accordingly to our experimentation settings. This choice can lead to non-deter-
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Fig. 10. Increasing classifier number: Undecided agents.
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Fig. 9. Increasing classifier number: Attendance evolution.
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Fig. 11. Population uniformity.

ministic choice for a specific value or range of values. We measure the average non-
deterministicness of agents and we obtained a rate of 30,73% of non-deterministicness.
Thus about one third of the available input signal leads to a behavior change of our
agents. This result is interesting because on one hand 2

3 of the agents are able to have a
strategy to answer the problem and on the other hand they can change their mind nearly
1
3 of the time. Agents number 16 study (see fig. 12) shows this particular ability linked
to the Pitt-CS. This figures presents the average agent (y-axis) behavior (Go / Stay) in
percentage for each possible equilibrium.

Agent 16 clearly choose to go to the bar when equilibrium is 32; then its behavior
changes. Decision for other equilibrium is not clear-cut. We have an agent that globally
goes to the bar when equilibrium is 32 or 48. The agent stays most of the time when
equilibrium is above 48. Those observed rates confirm the non-deterministicness of
agents and explain the fact that only 2

3 of them are able to keep a strategy between two
identical equilibrium phases. While agents are non-deterministic upon their choices,
they are able to coordinate as figure 3 has shown.

4 Conclusion

We made experimentation on Pitt-CS without modifying the Genetic Algorithm param-
eters and we pointed out the following properties:

– The number of individuals increase allows first a better answer to the problem, sec-
ond less undecided signals and last a better strategy regarding dynamic problems.
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Fig. 12. Agents 16 study.

– The number of rules increase lets both less undecided signals and a better strategy.
– Population tends to become uniform.
– Non-deterministicness is nicely ruled by Adapted Pitt-CS.

The Adapted Pittsburgh style classifier system has shown a remarkable behavior in a
simple dynamic coordinating multi-agent problem. This work needs to be extended.
Fixing the number of classifiers per individual allows agent to be non-deterministic
if that number is greater than needed to solve problem, so we need to bound more
precisely this phenomenon. Further work need to be done implementing the inversion
GA operator.
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Abstract. Missing data pose a potential threat to learning and classification in 
that they may compromise the ability of a system to develop robust, generalized 
models of the environment in which they operate. This investigation reports on 
the effects of the various types of missing data, present in varying densities in a 
group of simulated datasets, on learning classifier system performance. It was 
found that missing data have an adverse effect on learning classifier system 
(LCS) learning and classification performance, the latter of which is not seen in 
See5, a robust decision tree inducer. Specific adverse effects include decreased 
learning rate, decreased accuracy of classification of novel data on testing, in-
creased proportions of testing cases that cannot be classified, and increased 
variability in these metrics. In addition, the effects are correlated with the den-
sity of missing values in a dataset, as well as the type of missing data, whether 
it is random and ignorable, or systematically missing and therefore non-ignor-
able.  

1   Introduction 

Learning Classifier Systems (LCS) are used for a number of functions, including 
agent control and data mining. All of the environments in which LCS operate are 
potentially plagued by the problem of incomplete, or missing, data. Missing data arise 
from a number of different scenarios. In databases, fields may have values that are 
missing because they weren’t collected, or they were lost or corrupted in some way 
during processing. In real-time autonomous agent environments, data may be missing 
due to the malfunctioning of a sensor. In any case, missing data can cause substantial 
inaccuracies due to their frequency, their distribution, or their association with fea-
tures that are important to learning and classification. As a result, missing data has 
attracted substantial attention in the data mining and machine learning communities 
[1, 12, 13, 21, 24]. 

Several well-known algorithms for knowledge discovery have been designed or 
augmented to deal with missing data. For example, naïve Bayes is known to deal well 
with missing data, [11]. The EM algorithm has been refined to create accurate pa-
rameter estimations in the face of missing data, and inductive logic programming, 
which has been notoriously poor in handling missing values has been augmented 
using a rough set approach [5]. Neural networks, another notoriously poor performer 
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in the face of missing data, have been targeted for improvement using a distance-
based metric  [16, 26]. The problem of missing data has also been investigated in the 
context of clustering [17] and evolutionary algorithms to learn Bayesian networks 
under incomplete data [20]. 

Although one study [14] has investigated the use of a genetic algorithm in analyz-
ing clinical data with missing values, and one other [10] has investigated their use in 
spectral estimation, the effects of missing data on LCS learning and classification 
performance have not yet been described.  

This paper reports on an investigation into the effects of missing data on the learn-
ing and classification performance of a stimulus-response LCS when it is applied to a 
simulated database with controllable numbers of missing values. As a result, this 
investigation focuses on the use of LCS in a simulated data mining task, rather than 
one in agent-based environments. However, the results of this investigation are appli-
cable to a variety of settings wherever missing data are present in the environment. 

1.1   Types of Missing Data 

The values of fields in a database can be considered as “responses” to a query, such 
that for a field such as gender, the value for any given record (or row) in the database 
reflects a response to the question “What is the gender of [what or whom is repre-
sented by the record]?” within the response domain {MALE, FEMALE}. Responses 
can be actual, that is, valid responses within the domain, or they can be missing, such 
that a response value does not exist for that field in the database. Note the important 
distinction between missing data and erroneous data: missing data are not responsive, 
while erroneous data are responsive, but not within the response domain.  

Missing responses, or more generally, missing data, are typically categorized into 
one of three types, depending on the pattern of the response [5] on a given field, x, 
and the other fields, y, in the database. The first type of missing data is characterized 
by responses to x that are statistically independent of responses to x or y. That is, the 
probability of a missing value for x is independent of the value of x, as well as of the 
values of the variables y. This type of missing data is referred to as missing com-
pletely at random (MCAR). An example of MCAR data would be where the value for 
gender is randomly missing for some cases, but the “missingness” of gender for any 
particular case is unrelated to the value of y, as well as the true, but unknown, value of 
x itself.  

A second type of missing data occurs when the probability of a response to x is de-
pendent on the response to y (or, more simply, the value of y). Data such as these are 
missing at random (MAR). An example of MAR data would be where the value for 
gender is missing when the value of y is at a certain value, or more specifically, if the 
probability of a missing value for gender is highest when another field, such as race, 
is equal to Asian. In this case, the missing values for gender are MAR. While the 
probability of a missing value for gender is essentially random, there is an implicit 
dependency on race which lessens the degree of randomness of response to the gender 
field. Thus, it can be seen that MAR data are qualitatively less desirable, and poten-
tially more problematic than MCAR, in analyses and possibly classification. 

The last type of missing data is not missing at random (NMAR), and these pose the 
greatest threat to data analysis. NMAR data are found where the probability of a re-
sponse to x is dependent on the value of x or a set of data which have not been meas-
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ured. An example of NMAR data would be where the probability of a missing value 
for gender is highest when gender is male. NMAR data are not ignorable in a statisti-
cal analysis, due to the possibility of extreme bias that may be introduced by them. 

In traditional statistical analyses, MCAR and MAR data may be ignorable, depend-
ing on the type of analysis to be performed. NMAR data, however, are not ignorable, 
and must be dealt with using a variety of procedures loosely grouped under the rubric 
of imputation, which calls for the replacement of missing data with statistically plau-
sible values created by means of one of numerous algorithmic approaches. This is the 
only viable option when there is a large fraction of missing data. However, for cases 
where the fraction of missing data is small, it may be reasonable to omit cases with 
missing data only for MCAR. For MAR or NMAR, omitting these cases will result in 
uncorrected bias. The problem of missing data has also been investigated in machine 
learning systems [2, 11]. This investigation focuses on the effects, rather than the 
treatment, of missing data on learning and classification performance in a LCS. Thus, 
discussions of imputation are deferred to a later report. 

2   Methods 

2.1   Data 

Generation of the Baseline Dataset. This investigation used datasets that were 
created with the DataGen [19] simulation dataset generator. This software facilitates 
the creation of datasets for use in testing data mining algorithms and is  freely 
available on the Web. The datasets were created in sequential fashion, all starting 
from the same baseline dataset. The baseline dataset contained 1,000 records 
consisting of 20 dichotomously coded predictor features and one dichotomously 
coded class feature. A future investigation will look at more complicated cases where 
the features could be ordinal or real-valued.  

The baseline data were created in such a way as to incorporate noise at a rate of 
20%; thus, over the 20,000 feature-record pairs, there were 4,000 features that con-
flicted or contradicted a putative association with the class feature. This was done to 
ensure that the dataset was sufficiently difficult in terms of learning and classification. 
No missing values were incorporated into the baseline dataset. In addition to incorpo-
rating noise, the user of DataGen has the capability of specifying the number of ex-
pected conjuncts per rule; the higher the number, the more complex the relationships 
between the predictor features and the class. For this investigation, the maximum 
number of conjuncts per rule was set at six. After examining the resulting conjuncts, 
two of the 20 predictor features were found to be prevalent in most, or all, of the 
rules. These two features were used as candidates for missing values, and thus corre-
spond to x and y that are discussed in Section 1.1. No other features were set to miss-
ing. 

Generation of Datasets with Missing Values. From the baseline dataset, separate 
versions were created to simulate five increasing proportions, or densities, of missing 
data: 5%, 10%, 15%, 20%, and 25%. The density of missing data was determined as a 
proportion of the possible feature-record pairs that result from multiplying the number 
of possible candidate features by the number of records (1,000). For the MCAR and 
NMAR protocols, there was only one feature that was a candidate to be replaced with 
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a missing value. However, under the MAR protocol, both x and y were candidates, 
with equal probability of alteration. Thus, a total of either 1,000 or 2,000 features 
(1,000 x, or 1,000 x and  1,000 y) could be candidates for a missing value. The actual 
number of feature values that were changed depended on the missing value density. 
For example, at the 5% density under the MCAR protocol, there were a total of 50 
missing values, all in feature x. Under MAR, however, there were 100 missing values, 
equally distributed between x and y. The protocol for setting a value to missing under 
MCAR is as follows: 

Do while not eof() 

  Repeat 

    If value of x is not missing 

      If rand(0,1)<=0.05  /* sampling fraction of 5% */ 

      Replace value with missing value 

  Until number of required number of features updated 

The sampling fraction was set to 0.05, as the datasets were created at 5% intervals in 
missing value density. Note that under MCAR, only feature x was a candidate to be 
replaced with a missing value. Variations were made to this protocol to create MAR, 
and NMAR datasets.  

Under MAR, both x and y were candidates for replacement with missing values, 
where the probability of setting the value of feature x value to missing was deter-
mined by the value of feature y. Specifically, x was set to missing, with a probability 
of 0.05, if the value of y in the same record was 1. Under NMAR, the value of x was 
set to missing, with a probability of 0.05, if its value was 1. 

Each of the protocols were applied to the baseline dataset to derive the dataset at 
5% density; then it was applied to the 5% dataset to derive the 10%, and so on, in 
succession, such that the missing values that were present in lower density datasets 
remained in datasets at higher densities. This was done to ensure comparability be-
tween the datasets at successively increasing densities within the same missing value 
type. 

In summary, separate datasets were created at five missing value densities for each 
of the three missing data types, for a total of 15 datasets, in addition to the baseline 
dataset. These datasets were labeled as shown in the table below. 

Table 1. Layout of datasets created for this study. All datasets at 5% density were derived from 
a single baseline dataset, which contained no missing data. Datasets at successive densities 
were created from the immediately preceding datasets. 

Missing Value 
Density 

 
5% 

 
10% 

 
15% 

 
20% 

 
25% 

MCAR data MCAR5 MCAR10 MCAR15 MCAR20 MCAR25 
MAR data MAR5 MAR10 MAR15 MAR20 MAR25 
NMAR data NMAR5 NMAR10 NMAR15 NMAR20 NMAR25 

Creation of Training and Testing Sets. Once created, the datasets were partitioned 
into training and testing sets by randomly selecting records without replacement at a 
sampling fraction of 0.50. Thus, each training and testing set contaned 500 mutually 
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exclusive records. Care was taken to sample the records so as to preserve the original 
class distribution, which was 52.8% positive and 47.2% negative cases. 

2.2   EpiCS 

System Description. EpiCS [8] is a stimulus-response LCS employing the NEW-
BOOLE model [3]. It was developed to meet the unique demands of classification and 
knowledge discovery in epidemiologic data. The distinctive features of EpiCS include 
algorithms for controlling under- and over-generalization of data, a methodology for 
determining risk as a measure of classification, and the ability to use differential nega-
tive reinforcement of false positive and false negative errors in classification during 
training. EpiCS was further modified to accommodate prevalence-based bootstrap-
ping [7] and to use predictive values as a means for driving the performance and rein-
forcement components [9]. 

Developed to work in clinical data environments for explanatory and predictive 
rule discovery, EpiCS includes a variety of features such as risk assessment and met-
rics for system performance that derive from those used commonly in clinical deci-
sion making. 

Classifier Representation and Handling of Missing Values in EpiCS. Classifiers 
were represented as 20-bit strings (taxon) with each bit coded as 0 or 1, with missing 
values represented as “*” characters. A single bit represented the action, coded as 0 or 
1; thus, the action was never missing. The “*” was also used internally in EpiCS to 
represent the “don’t care” or wild card value for a given feature in the macroclassifier 
representation. Other characters could easily be used for this purpose, as well, as long 
as the system is informed as to the type of missing value character, so that match sets 
can be created correctly. Match sets were created in the traditional way; that is, the 
taxon of an incoming training or testing case was compared to all members of the 
macroclassifier population. The comparison was performed on a bit-by-bit basis, 
where 0s (or “*”s) on a classifier had to match 0s on the input taxon and 1s (or “*”s) 
had to match 1s. However, if a bit on the input taxon was a “*” then this was 
considered a match at that locus on the classifier, regardless of its value. Population 
members with taxa completely matching the input taxon were added to the match set. 

2.3   Metrics and Analytic Issues 

Several metrics were used to evaluate the learning and classification performance of 
EpiCS in this investigation. First, the area under the receiver operating characteristic 
curve (AUC) was used to evaluate evolving classification accuracy during learning 
and accuracy on classifying novel data. The AUC is preferable to the traditional accu-
racy metric (usually expressed as percent correct), as it is not sensitive to imbalanced 
class distributions such as is found in the simulation data used in this investigation 
[6]. In addition, the AUC represents, as a single metric, the true positive and false 
positive rate, thereby taking into account the different types of error that can be meas-
ured in a two-choice decision problem. 

Second, learning rate was evaluated by means of a metric, λ, created specifically 
for this purpose. This metric was calculated as follows: 
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1000
Shoulder

AUC






= Shoulderλ  

(1) 

Shoulder is the iteration at which 95% of the maximum AUC obtained during 
training is first attained, and AUCShoulder is the AUC obtained at the shoulder. Thus, the 
higher the value of λ, the faster is the learning rate. As the first AUC is not measured 
until the 100th iteration, and the maximum AUC measurable is 1.0, the maximum 
value of λ is 10.0. The minimum λ  is 0.0.  

Third, the ability of the trained EpiCS system to classify previously unseen cases 
of similar genre to the training cases was assessed. This was done by comparing the 
AUCs obtained at testing across the range of missing value densities. In addition to 
classification accuracy, as measured by the AUC, it is important to assess the extent 
to which novel data is unclassifiable, and therefore doesn’t factor in to the calculation 
of the AUC. A metric designed for this purpose, the Indeterminant Rate (IR), was 
used to quantify the proportion of testing cases that could not be classified on testing: 

cases  testingofnumber  Total

leclassifiabnot   cases  testingofNumber 
Rateant Indetermin =  

(2) 

These metrics were used in a variety of statistical analyses. To evaluate the effects 
of missing data on learning performance, the λs were correlated by Spearman’s rho 
(ρ) the nonparametric equivalent of Pearson’s r. The nonparametric test was chosen 
because the independent variable in the correlation analyses, missing value density, is 
ordinal. The λs were compared, using the baseline dataset as the reference, across the 
range of missing value densities separately for each of the three types of missing data, 
MCAR, MAR, and NMAR. Finally, the variability of the observed values for AUC 
and λ is of considerable interest in this investigation, and this is reported as the coef-
ficient of variation (CV). The CV provides a simple metric that captures the mean and 
standard deviation in a single value. The CVs for λ obtained for each type of missing 
data were correlated with the missing value densities. 

To evaluate the effects of missing data on classification performance, the AUCs 
obtained separately by EpiCS and See5 on testing with novel data first were compared 
for significant differences using Wilcoxon’s nonparametric technique [18]. This was 
done to identify any significant differences in classification accuracy between EpiCS 
and See5, a well-known benchmark decision tree inducer. Second, the AUCs, IRs and 
their respective CVs, obtained on testing data from the two systems for the five miss-
ing value densities, were correlated separately for each of the three missing value 
types.  

2.4   Experimental Procedure 

Training. EpiCS was trained over 10,000 iterations, comprising a training epoch. At 
each iteration, the system was presented with a single training case. As training cases 
were drawn randomly from the training set with replacement, it could be assumed that 
the system would be exposed to all such cases with equal probability over the course 
of the 10,000 iterations of the training epoch. At the 0th and every 100th iteration 
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thereafter, the learning ability of EpiCS was evaluated by presenting the taxon of 
every case in the training set, in sequence, to the system for classification. As these 
iterations constituted a test of the training set, the reinforcement component and the 
genetic algorithm were disabled on these occasions.  The decision advocated by Ep-
iCS for a given training case was compared to the known classification of the training 
case. The decision type was classified in one of four categories: true positive, true 
negative, false positive, and false negative, and tallied for each classifier. From the 
four decision classifications, the AUC and IR were calculated and written to a file for 
analysis. 

 
Testing. After the completion of the designated number of iterations of the training 
epoch, EpiCS entered the testing epoch, in which the final learning state of the system 
was evaluated using every case in the testing set, each presented only once in se-
quence. As in the interim evaluation phase, the reinforcement component and the 
genetic algorithm, were disabled during the testing phase. At the completion of the 
testing phase, the AUC and IR were calculated and written to a file for analysis, as 
was done during the interim evaluations. The entire cycle of training and testing com-
prised a single trial; a total of 20 trials were performed for this investigation for each 
of the 16 datasets. 
 
Parameterization. The major EpiCS parameters used in this investigation were: 
crossover probability, 0.50; mutation probability, 0.001; invocations of the genetic 
algorithm at each iteration, 4; penalty factor, 0.95. The population sizes were fixed at 
2,000. All parameter settings were determined empirically to be the optimal settings 
for these data.  

 
Comparison Method. See5 [23], a decision tree inducer based on the C4.5 algorithm 
[22] was used as the comparison method for evaluating the classification performance 
of EpiCS. The same training and testing sets as used for the EpiCS trials were used 
for the See5 runs. To maintain comparability with EpiCS, no boosting or cross-
validation was used; in fact, empirical investigation proved these to be detrimental to 
classification performance using See5. The See5 system was parameterized to pro-
duce rule sets, and the AUC was calculated from the classification matrix produced 
by the software on the testing set. 

3   Results 

3.1  Effects of Missing Data on Learning Performance 

MCAR Data. The effects of MCAR data on learning are demonstrated in Figure 1, 
which compares the learning rate (λ) obtained at each of the missing value densities. 
A statistically significant inverse linear trend is evident between λ and the density of 
missing values (ρ=-1.0, p<0.0001). Generally, the variance in λ, expressed as CV, 
decreases with increasing density, but this is not statistically significant. 
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Fig. 1. Plot of learning rate (λ) for each density level of missing values, averaged over 20 trials. 
Error bars indicate one standard deviation. 
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Fig. 2. Plot of learning rate (λ) for each density level of missing values, averaged over 20 trials. 
Error bars indicate one standard deviation. 

MAR Data. The effects of MAR data on learning are demonstrated in Figure 2.  
Overall, the linear trend noted in MCAR data (Figure 1) appears to prevail, although 
there is a suggestion that at 25% density, the distribution becomes bimodal. Even so, 
this relationship is statistically significant (ρ=-0.83, p=0.03). The correlation of CV 
with density is not statistically significant for MAR data.  
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Fig. 3. Plot of learning rate (λ) for each density of missing values, averaged over 20 trials. 
Error bars indicate one standard deviation. 

NMAR Data. While the relationship of missing value density and λ  is not as linear 
as was seen for MCAR and MAR data (Figure 3), it is statistically significant (ρ= 
-0.89, p<0.05). The highest variance is still seen in the lowest densities of missing 
data, although the correlation of CV with missing value density is not statistically 
significant. 

Summary of Effects of Missing Data on Learning. As shown in Table 2, the learn-
ing rate, λ, was found to be highly negatively correlated with increasing missing value 
density for all three missing data types. In addition, the coefficient of variation of λ 
was found to be generally negatively correlated with increasing density, although 
these correlations failed to reach statistical significance. 

Table 2. Correlations (Spearman’s ρ)  of learning rate (λ) and its coefficient of variation with 
missing value density across the three missing value types. 

Learning Rate (λ) Coefficient of Variation of λ  
ρ p-value ρ p-value 

MCAR -1.0 <0.0001 -0.14 NS 
MAR -0.83 0.04 0.09 NS 

NMAR -0.89 0.02 -0.77 NS 

3.2   Effects of Missing Data on Classification Performance 

The evaluation of the effect of missing data on classification performance focused on 
several outcomes. First, the classification accuracy of EpiCS was compared with that 
of See5 individually for each missing value density and type. Second, the classifica-
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tion performance of EpiCS, measured by the AUC and its CV, was correlated with 
missing value density across the three types. Third, the density of testing cases that 
could not be classified, or IR, with its CV, was correlated with missing value density 
across the three types. 

Comparison of Classification Accuracy between EpiCS and See5. The AUCs 
obtained on testing data for EpiCS and See5 are shown below in Table 3. These 
AUCs were compared using the Wilcoxson nonparametric test to determine if there 
existed a significant difference between them at each missing value density and type.  

Note that only three AUC pairs were significantly different: MAR 25%, NMAR 
20% and NMAR 25%. This is remarkable only in that there may be a dose-response 
relationship (wherein performance is dependent on some way on the density of miss-
ing data) that would become evident only at higher missing value densities. It is also 
possible that this could be caused by artifact in the data, however. 

Table 3. Areas under the receiver operating characteristic curve obtained on testing with novel 
data at each missing value density and type, for EpiCS and See5. 

 AUC  

Density EpiCS See5 p-value 

 

Baseline 
(0%) 0.9575 0.9421 NS 

5% 0.922 0.93 NS 

10% 0.896 0.898 NS 

15% 0.9097 0.904 NS 

20% 0.8995 0.904 NS M
C

A
R

 

25% 0.9016 0.87 NS 

5% 0.9406 0.942 NS 

10% 0.9267 0.946 NS 

15% 0.9158 0.926 NS 

20% 0.8993 0.9322 NS 

M
A

R
 

25% 0.8912 0.946 <0.005 

5% 0.9245 0.936 NS 

10% 0.9128 0.924 NS 

15% 0.906 0.932 NS 

20% 0.8598 0.94 <0.001 N
M

A
R

 

25% 0.8942 0.942 <0.001 
 

Correlation of Classification Accuracy with Missing Value Density. Overall, both 
EpiCS and See5 demonstrated classification accuracies, expressed as AUC, that were 
highly negatively correlated with missing value density. However, as shown in Ta-
ble 4, three of these were not statistically significant, MCAR data for EpiCS and 
MAR and NMAR for See5. It is interesting to note that the trends in correlation for 
EpiCS and See5 were in opposite directions; it is unclear why this would be the case. 
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Table 4. Correlations (Speaman’s ρ) between missing value density and AUC on testing for 
EpiCS and See5 across the three missing value types.  

EpiCS See5  
ρ p-value ρ p-value 

MCAR -0.60 NS -0.94 <0.05 
MAR -1.0 <0.0000 -0.73 NS 

NMAR -.94 <0.005 -0.38 NS 
 

Within the EpiCS runs, the coefficient of variation for the AUC obtained at testing 
showed a linear trend across the three types of missing data, as one moved from 
MCAR to MAR to NMAR. That is, as the missing values became increasingly non-
ignorable, the variation in AUC became increasingly dependent on missing value 
density, and these correlations became increasingly statistically significant, as shown 
in Table 5. This indicates that the classification performance of EpiCS is dependent 
on the density of missing values, and that as one moves toward non-ignorable missing 
data, classification accuracy, as measured by the AUC, becomes increasingly variable 
and unstable.  

 

Table 5. Correlations (Speaman’s ρ) between the coefficient of variation of the AUC obtained 
on testing for EpiCS and missing value density. 

 ρ p-value 
MCAR -0.09 NS 

MAR 0.60 NS 
NMAR 0.83 <0.05 

 

Effects of Missing Data on Testing Case Classifiability. The Indeterminant Rate 
(IR) was calculated for the EpiCS runs to indicate the proportion of novel testing 
cases that could not be classified, that is, not matchable within a trained macroclassi-
fier population. The IR could not be calculated for the See5 runs, as all testing data 
were seemingly classifiable, according to the classification matrix provided by the 
software. Table 6 demonstrates that the IR was highly positively correlated with in-
creasing missing value density, although the coefficient of variation for IR was not at 
all not correlated. Thus, the IR was adversely affected by the density of missing val-
ues across the three missing data types, and there is no significant variability in this 
phenomenon. 

 

Table 6. Effect of missing data on the Indeterminant Rate and its coefficient of variation. Cor-
relations (Spearman’s ρ) are between the IR (or its coefficient of variation) obtained on testing 
for EpiCS and missing value density. 

Indeterminant Rate (IR) Coefficient of Variation of IR  
ρ p-value ρ p-value 

MCAR 1.0 <0.001 0.41 NS 
MAR 1.0 <0.001 -0.85 NS 

NMAR 0.95 <0.005 0.46 NS 
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4   Discussion 

Effects of Missing Data on Learning. Figures 1-3 clearly demonstrate that missing 
data has a deleterious effect on the learning performance of EpiCS. This effect is 
dependent on the density of missing data, implying a dose-response relationship. In 
addition, learning is negatively affected according to the type of missing data, with 
NMAR data having the most serious effect. However, there was no statistically sig-
nificant correlation of the CV of λ with increasing missing value density across the 
three types of missing data, as shown in Table 2.  

A decrease in the variance of λ  was observed in higher missing value densities, 
and it is not clear why this should be the case. One possible explanation could be that 
there is intrinsically less variance in a missing value (which can take on only a single 
value) than in non-missing data, which can take on either a 0 or 1 in these data. With 
increasing densities of missing data, there are fewer data points with the opportunity 
for two values. 

Effects of Missing Data on Classification Accuracy. The classification accuracy, as 
AUC, of EpiCS was compared with that of See5 at each of the five missing value 
densities and for each of the three missing value types. Both systems performed very 
well on classification, with AUCs typically above 0.90. With the exception of three  
of the 16 instances, no statistically significant difference was observed between the 
respective AUCs. These results indicate that EpiCS classified these data as well as 
See5, an accepted gold standard for inducing decision rules for classification. The 
three occasions where they were significantly different, on 25% MAR data and at the 
20% and 25% density of NMAR data, indicate that there might be a dose-response 
relationship in the difference between EpiCS and See5, as this pertains to the classifi-
cation accuracy and density. One potentially troubling conclusion would be that Ep-
iCS becomes less robust than See5 on classification tasks at higher missing value 
densities, especially for NMAR data. This could be evaluated only on pursuing an 
investigation similar to the current one that includes all densities up to 100%. 

It was found that classification accuracy was negatively correlated with increasing 
density for both EpiCS and See5. The correlation for EpiCS was not significant for 
MCAR data, but was very high and strongly significant for MAR and NMAR data, 
indicating that EpiCS was extremely sensitive to the density of missing data overall, 
especially for data which are not MCAR. The correlation of density and AUC on 
testing for See5 was found to be not significant, except for MCAR data. Even so, the 
correlations were very high (although lowest for NMAR data), suggesting that See5 
may also be sensitive to increasing missing value density across the three types. This 
question could be resolved by performing this investigation with a suite of many data-
sets, representing random samples from a large universe of data, similar to a boot-
strap. Unfortunately, it is not possible in this investigation to draw any firm conclu-
sions about the effects of missing value density on classification accuracy for See5, 
given that the correlations are not significant. 

In looking at the CVs for the AUC data obtained on testing EpiCS with novel data, 
one finds a pattern of correlations suggestive of a dose-response relationship, where 
“dose” is the density of missing data. At this juncture, the relationship is merely sug-
gested, owing to the lack of significant correlations for MCAR and MAR data. How-
ever, the trend toward increasing correlation of variation with increasing missing 
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value density seems to indicate that the classification performance of EpiCS may be 
increasingly unstable at higher densities of missing data, and that this relationship 
may be strongest (and statistically significant) in NMAR data.  This suggests that 
increasing the number of runs when using data with high densities of missing data, 
especially NMAR, would be a sound strategy for improving classification perform-
ance. Unfortunately, there is no way to compare EpiCS with See5 on CV, as See5 
isn’t an evolutionary approach and therefore doesn’t give varying results from run to 
run on the same data. It would be interesting to compare the CVs obtained on testing 
with other evolutionary-based approaches, however. 

The IR is extremely dependent on missing value density, suggesting that unless the 
classification metrics obtained for EpiCS on missing data are corrected for IR, they 
may overestimate the classification accuracy of the system. Another remarkable ob-
servation is that the correlation of CV for the IR with missing value density is not 
statistically significant for any of the three missing data types. This seems to suggest 
that the IR is very stable (albeit positively correlated), regardless of missing value 
density. Again, a larger, bootstrap-style study using many different datasets with 
many different missing value patterns would help to confirm this. 

Limitations of This Study. While there is much in this investigation to suggest that 
EpiCS is sensitive to missing data in terms of learning rate and classification accu-
racy, there are several ways to confirm these conclusions. First, only two features in 
the data were used as candidates for missing data. It would be very interesting to ex-
tend the patterns of missing data to sets of features that included more than one each, 
such that x and/or y would have many features contained within them. It should be 
noted, however, that doing so would substantially increase the complexity of the 
analysis, due to the possibility for interactions, so these would have to be handled 
carefully in creating the datasets. 

Second, this investigation focused on only one LCS, EpiCS. Although there is no 
reason to assume that they would perform significantly differently, XCS [27] and 
ACS [4, 25] should also be examined, as should other evolutionary computing ap-
proaches to data mining and autonomous control, such genetic programming and 
evolutionary strategies. 

Finally, the system chosen for comparing EpiCS on classification, See5, is appar-
ently not as robust in the presence of missing data as many have previously thought. 
Clearly, See5 does quite well on classification in general, yet it shows some sensitiv-
ity to the density of missing data in this regard. Further investigation should of course 
include See5 on the use of bootstrapped datasets, but it should also include other 
comparator methods, such as naïve Bayes classification, which are used extensively in 
data mining. 

5   Conclusions 

This investigation is the first report into the effects of missing data on the learning and 
classification performance in a learning classifier system. In general, EpiCS, and 
possibly other LCS paradigms as well, is sensitive to missing data, and this sensitivity 
is related to the degree to which such data is present in a dataset (or other environ-
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ment), as well as the type of missing data. With that in mind, LCS researchers should 
consider these effects, and determine if missing data are a problem in their environ-
ment, whether it is a database or a real-time agent-based setting.  

A future task, in addition to researching the effects of a wider range of missing 
value densities and patterns in a variety of dataset sizes, is to study the effects of im-
putation on LCS performance. Now that it is clear that missing data have a deleterious 
effect on LCS performance, and given that missing data are nearly always present in 
databases and other environments, that doesn’t mean that LCS researchers are con-
signed to acceptance of poor performance. It has been shown in statistics that the 
application of various imputation methods, in an effort to reduce the density of miss-
ing data, has been a very successful endeavor in improving the accuracy and robust-
ness of statistical inferences. Further investigation into these techniques and their 
possible application to the LCS may reveal a similar benefit. 
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Abstract. Wilson’s XCS has rapidly become the most popular classifier system
of all time, and is a major focus of current research. XCS’s primary distinguish-
ing feature is that it bases rule fitness on the accuracy with which rules predict
reward, rather than the magnitude of the reward predicted (as traditional, strength-
based systems do). XCS is a complex system and differs from other systems in a
number of ways. In order to isolate the source of XCS’s adaptive power, and, in
particular to study the difference between strength and accuracy-based fitness, we
introduce a system called Strength-Based XCS (SB–XCS), which is as similar to
the accuracy-based XCS as we could make it, apart from being strength-based.
This work provides a specification of SB–XCS and initial results for it and XCS
on the 6 multiplexer and woods2 tasks. It then analyses the solutions found by
the two systems and finds that each prefers a particular type of solution. A sequel
paper provides further analysis.

1 Introduction

This work presents part of an ongoing comparison of strength and accuracy-based ap-
proaches to fitness calculation in Learning Classifier Systems (LCS). In order to com-
pare strength and accuracy-based fitness, we defined Strength-Based XCS (SB–XCS),
which differs as little as possible from the accuracy-based XCS, and which has been in
use since [21]1. SB–XCS was used rather than some existing strength-based LCS be-
cause the similarity of XCS and SB–XCS allows us to isolate the effects of the fitness
calculation on performance in a way we cannot with any other strength LCS. Other
strength-based systems differ from XCS in many ways, such as how rule strength is
calculated and how actions are selected, in addition to the obvious difference in fitness
calculation.

SB–XCS is not simply a straw man for XCS to outperform. It is a functional LCS,
and is capable of finding optimal solutions to some tasks. SB–XCS is competitive
with, for example, Wilson’s Boole [32] and ZCS [35] systems, at least on the 6 multi-
plexer task we will use in §3. Having said this, SB–XCS lacks the fitness sharing other
strength-based systems (e.g. ZCS) have, and this is bound to limit the tasks to which it
can adapt. Indeed, we will see that SB–XCS cannot perform optimally on the Woods2
task.

1 At one stage SB–XCS was called Goliath [22].

P.L. Lanzi et al. (Eds.): IWLCS 2002, LNAI 2661, pp. 61–80, 2003.
c© Springer-Verlag Berlin Heidelberg 2003



62 Tim Kovacs

Why study SB–XCS when we expect it to have such limitations? SB–XCS’s is
intended as a tool for studying LCS, rather than as a practical alternative to XCS. SB–
XCS’s value is that we can study when and why it fails, and can attribute any difference
between its performance and that of XCS to the difference in fitness calculation. One
consequence is that we are more interested in comparing the qualitative performance
on the two than their quantitative performance, and few attempts have been made to
optimise SB–XCS.

Why not add fitness sharing to SB–XCS? Fitness sharing complicates the behaviour
of a classifier system greatly, which limits the analysis we can perform on it. This would
limit the results we have obtained with it, both those presented here and those in [24],
and make their presentation far more difficult. However, the work presented here is
ongoing, and the intention is to add fitness sharing to SB–XCS and to compare the
resulting system to the original.

This work is organised as follows. Section 2 provides a specification of SB–XCS,
and compares it to ZCS. Section 3 tests XCS, SB–XCS, and tabular Q-learning on the
6 multiplexer and Woods2 tasks. Section 4 analyses the populations evolved by XCS
and SB–XCS for the 6 multiplexer. Finally, section 5 summarises the work so far, and
a subsequent paper picks up with an analysis of the populations evolved by the two
systems, and of the types of representations towards which they tend.

2 Specification of SB–XCS

XCS is described elsewhere [9] and we will not duplicate this material here. Instead,
we assume some familiarity with XCS, and specify SB–XCS by referring to its differ-
ences with XCS. (For specification of both XCS and SB–XCS see [24].) The following
sections describe the modifications made to XCS to produce SB–XCS.

2.1 Rule Fitness

To update rule strength, SB–XCS uses the same Q-learning update XCS uses to calcu-
late a rule’s prediction:

pj ← pj + β(P − pj) (1)

where pj is the prediction of rule j, and 0 < β ≤ 1 is a value controlling the learning
rate. For non-sequential tasks:

P = rt (2)

where rt is the reward at time t. For sequential tasks:

P = rt−1 + γ max
i

P (ai) (3)

where 0 ≤ γ ≤ 1 is the discount rate which weights the contribution of the next time
step to the value of P , and P (ai) is the system prediction for action ai (see §2.2). Note
that (3) reduces to (2) when γ = 0.

That is, the strength of a rule in SB–XCS is identical to the prediction of a rule
in XCS; only the name differs. However, whereas XCS goes on to calculate prediction
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error and other parameters involved in fitness calculation, SB–XCS simply uses strength
as the rule’s fitness. This simplification of the XCS updates is in fact the only major
difference between XCS and SB–XCS; a number of other modifications are necessary
to make SB–XCS a functional system, but all are minor.

Note 1. Since (3) is the tabular Q-learning update, SB–XCS uses Q-values for both
action selection and as rule fitness in the GA.

Note 2. XCS factors a rule’s numerosity into its fitness using the relative accuracy
update. Since SB–XCS does not use this update, its strength/fitness does not take nu-
merosity into account. Consequently, we must explicitly factor numerosity into fitness,
unlike in XCS.

Note 3. XCS’s relative accuracy update provides fitness sharing. Since SB–XCS does
not use this update, it does not implement fitness sharing. SB–XCS could, of course, be
modified to add fitness sharing.

2.2 System Prediction and System Strength Calculations

In XCS, a rule’s contribution to the system prediction2 for its action is a function of
both its prediction and fitness:

P (ai) =

∑

c∈[M]ai

Fc · pc

∑

c∈[M]ai

Fc
(4)

where [M]ai
is the subset of the match set [M] advocating action ai, Fc is the fitness of

rule c and pc is its prediction.
In SB–XCS, however, a rule’s fitness is its strength, so there is no separate fitness

parameter to factor into the calculation. We do, however, need to explicitly factor nu-
merosity into the prediction, as explained in note 2 above.

Removing fitness from equation (4) and factoring in numerosity we obtain the Sys-
tem Strength:

S(ai) =
∑

c∈[M]ai

pc · numerosity(c) (5)

In preparation for action selection, SB–XCS constructs a system strength array us-
ing (5), just as XCS constructs a system prediction array using (4). Note, however,
that the two differ in that the system strength (5) for an action is not a prediction of
the reward to be received for taking it. For example, suppose that in a given state ac-
tion 1 receives a reward of 1000, and that the only matching macroclassifier advocat-
ing action 1 has strength 1000 and numerosity 2. The system strength for action 1 is
P (a1) = 1000 · 2 = 2000, twice the actual reward since there are two copies of the
rule.

2 The system’s estimate of the return it will receive if it takes a given action.
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In order to estimate the return for an action, we must divide the system prediction
by the numerosity of the rules which advocate it. For this purpose, we define the System
Prediction in SB–XCS as:

P (ai) =
S(ai)∑

c∈[M]ai

numerosity(c)

=

∑

c∈[M]ai

pc · numerosity(c)

∑

c∈[M]ai

numerosity(c)
(6)

The system prediction is needed to calculate the target for the Q-update in sequential
tasks (3).

In summary, whereas XCS uses system prediction for both action selection and the
Q-update, SB–XCS uses system strength for the former and system prediction only for
the latter.

2.3 Subsumption Deletion

SB–XCS does not use either form of subsumption deletion [9], since these techniques
make reference to a rule’s accuracy. Although it might be possible to develop useful
forms of subsumption deletion for strength-based systems, we will not investigate this
here.

2.4 Selection for Reproduction

In preliminary tests with the 6 multiplexer function (to be introduced in §3.1) it was
found that SB–XCS’s rule population was swamped with overgeneral rules, and that the
rules with the greatest numerosity were those with fully general conditions. Reasoning
that the generalisation pressure due to the niche GA was overwhelming the selective
pressure in reproduction, the roulette wheel selection inherited from XCS was replaced
with tournament selection (see [2]), in which the degree of selective pressure is param-
eterised by the size of the tournament. Figure 1 shows SB–XCS’s performance using
roulette wheel selection and tournament selection with tournament sizes of 2, 4, and
16. Curves are averages of 10 runs, and a full explanation of the experimental proce-
dure (including the performance metric P) is given in §3.1. Figure 1 clearly shows that
greater selective pressure (resulting from larger tournament sizes) results in better per-
formance, in accord with the hypothesis that generalisation pressure swamps selective
pressure using roulette selection.

It should be noted that in both roulette and tournament selection, SB–XCS factors a
rule’s numerosity into its probability of selection.
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Fig. 1. SB–XCS with roulette and tournament selection on the 6 multiplexer.

2.5 Selection for Deletion

Using tournament selection SB–XCS evolved accurate, general rules for the 6 multi-
plexer, and achieved good performance. It was noted, however, that numerous overgen-
eral rules survived in the population, despite the selective pressure against them. For
simplicity the preliminary tests employed random deletion, and, in order to introduce
further pressure against overgeneral rules, this was replaced with tournament selection.
The rule with the lowest strength of those in the tournament was deleted. This mod-
ification reduced the number of overgenerals in SB–XCS’s population and improved
performance on the 6 multiplexer slightly.

2.6 Comments on SB–XCS’s Specification

These minor differences make the implementation of SB–XCS very close to that of
XCS, which allows us to easily convert an implementation of XCS into SB–XCS. More
importantly, the near identity of the algorithms allows us to attribute differences in
their capacities to the difference in the fitness calculation. We will see that these minor
differences – mainly the change in fitness calculation – have a major effect on how the
system operates and on its capacities.

2.7 Comparison of SB–XCS and Other Strength LCS

SB–XCS makes no attempt to encourage the formation or survival of default hierar-
chies, although it is not unique among strength LCS in this respect. (Wilson’s ZCS [35]
and Boole [32] systems, for example, do not encourage them either.) The resemblance
of SB–XCS and Wilson’s ZCS is particularly strong, as we outline below.

ZCS was intended as a minimalist strength-based LCS, but was in many ways a
precursor to XCS, which accounts for its similarity to SB–XCS. Nonetheless, the two
differ in a number of ways:
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– Most significantly, SB–XCS does not (currently) employ fitness sharing, whereas
ZCS does.

– ZCS employs a different strength update rule ([35] p. 6)3.
– ZCS does not employ a niche GA ([35] p. 7), though Wilson suggests a niche GA

as an extension ([35] p. 21).
– ZCS employs a deletion scheme in which deletion probability is proportional to

the inverse of a rule’s strength ([35] p. 7), which is similar but not identical to
SB–XCS’s tournament deletion.

– ZCS employs a tax intended to encourage it to choose the same action consistently
in a given state ([35] p. 6).

– In ZCS, GA invocation occurs with a fixed probability on each cycle ([35] p. 7).
– In ZCS, parents give half their strength to their offspring when they are created

([35] p. 7).

3 Initial Tests of XCS and SB–XCS

In this section we briefly apply XCS and SB–XCS to two problems from the LCS
literature: the 6 multiplexer (a non-sequential task), and Woods2 (a sequential task).
Neither the 6 multiplexer nor Woods2 is very difficult, but they are the primary tasks to
which XCS has been applied in the literature, and, in any case, they provide a basic test
of SB–XCS and an opportunity to compare it to XCS.

3.1 The 6 Multiplexer

The first task to which we apply the two systems is the venerable 6 multiplexer function,
the most widely used test in the LCS literature [32, 29, 33, 6, 13, 5, 31, 25, 12, 14, 15, 11,
36, 16, 18, 19, 38, 10, 20, 3, 7, 8, 23]. It has also been used with other machine learning
systems including neural networks [4, 1, 17, 5, 30], perceptrons [34], decision trees [28,
27], and the GPAC algorithm [26]. See [25] for a review of some of the earlier work
using the multiplexer.

Definition. The 6 multiplexer is one of a family of Boolean multiplexer functions de-
fined for strings of length L = k + 2k where k is an integer > 0. The series begins
L = 3, 6, 11, 20, 37, 70, 135, 264, 521 . . . . The first k bits are used to encode an address
into the remaining 2k bits, and the value of the function is the value of the addressed
bit. In the 6 multiplexer (k = 2, L = 6), the input to the system consists of a string of
six binary digits, of which the first k = 2 bits (the address) represent an index into the
remaining 2k = 4 bits (the data). E.g., the value of 101101 is 0 as the first two bits 10
represent the index 2 (in base ten) which is the third bit following the address. Similarly,
the value of 001000 is 1 as the 0th bit after the address is indexed.

Use as an RL Task. To use the 6 multiplexer as a test, on each time step we generate
a random binary string of 6 digits which we present as input to the LCS. The LCS
responds with either a 0 or 1, and receives a high reward (1000) if its output is that of
the multiplexer function on the same string, and a low reward (0) otherwise.

3 Page numbers refer to the electronic version of [35] which is available on the net.
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Measuring Performance. We use Wilson’s explore/exploit framework [36, 24], in
which training and testing interleave, so the learner is evaluated on-line, that is, as it
is learning, rather than after it has been trained. Each time the system is presented with
a new input we take the opportunity of evaluating its response and updating our statis-
tics regarding its performance. In fact, we alternate between exploit trials (in which the
system selects the action it thinks is best) and explore trials (in which it choose an ac-
tion at random). Learning only occurs on explore trials, and performance statistics are
generated only on exploit trials.

Wilson defines a measure of performance which he refers to simply as “perfor-
mance” [36], but which we’ll refer to as P in order to distinguish it from the more
general notion of performance. P is defined as a moving average of the proportion of
the last n trials in which the system has responded with the correct action, where n is
customarily 50. That is, on each time step, we determine the proportion of the last n
time steps on which the LCS has taken the correct action. The P curve is scaled so that
when the system has acted correctly on all of the last 50 time steps it reaches the top of
the figure, and when it has acted incorrectly on all these time steps it reaches the bottom
of the figure.

In addition to P , we’ll monitor the number of macroclassifiers in the population on
each time step, which gives us an indication of the diversity in the rule population. In
the following tests, this value is divided by 1000 in order to display it simultaneously
with the P curve.

The macroclassifier curve initially starts at 0 since we start the LCS with an empty
rule population and use covering ([36]) to generate initial rules. This curve can at most
reach the population size limit, which would occur when each rule in the population
had a unique condition/action pair.

Parameter Value
Subsumption threshold θsub 20
GA threshold θGA 25
t3 deletion threshold θdel 25
Covering threshold θmna 1
Low-fitness deletion threshold δ 0.1
Population size limit N 400
Learning rate β 0.2
Accuracy falloff rate α 0.1
Accuracy criterion εo 0.01
Crossover rate χ 0.8
Mutation rate µ 0.04
Hash probability P# 0.33

Fig. 2. Standard XCS parameter settings for the 6 multiplexer.

Parameter Settings. The standard XCS parameter settings for the 6 multiplexer used
since [36, 38] were used with XCS. See figure 2. SB–XCS used the relevant subset of
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these settings, and used tournament sizes of 32 for selecting parents and 4 for selecting
rules to delete. These two values were chosen after a brief comparison of alternative
settings – no serious attempt was made to optimise them.

For this test, neither system used action set covering, instead using the original
match set covering ([24]). XCS was in fact tested twice, once with neither form of
subsumption, and once with GA subsumption only. SB–XCS used neither form of sub-
sumption deletion since it is incapable of doing so (§2.3).

Results and Discussion. Figure 3 shows the P and population size curves for XCS
and SB–XCS on the 6 multiplexer, averaged over 10 runs. The number of exploit trials
is shown on the X-axis; recall that using Wilson’s explore/exploit scheme we alternate
explore and exploit trials so that the LCS has actually seen twice as many inputs as
indicated, although it has only used the indicated number for learning.

Performance: P . We can see that the P curves converge stably to the top of the figure
in all three cases, suggesting the entire input/output mapping was successfully learnt.
Although SB–XCS takes somewhat longer than XCS to initially reach the top, and even
longer to stabilise there, we are not concerned with slight differences in performance
here. What does concern us is that they both solve the problem, and do so in roughly
the same amount of time.

Macroclassifiers. SB–XCS’s macroclassifiers curve is the most steady of the three,
showing a very gradual downward trend following the initial steep increase. With GA
subsumption, XCS’s curve shows a much steeper decline following the initial increase,
and towards the end it has a much smaller population size than SB–XCS. Without sub-
sumption, however, XCS’s curve declines only very gradually, and its population size
eventually almost exactly equals SB–XCS’s.

These results suggest that while XCS with GA subsumption quickly converges on
a relatively small number of useful rules, in the other two cases the population con-
tains a large number of redundant (overly specific) and overgeneral rules. Inspection of
the populations evolved by SB–XCS and XCS with subsumption bears this out. (The
evolved populations are shown in §4.)

Conclusions. There are two points to note. First, XCS’s ability to represent the solution
with few rules is due to subsumption deletion rather than to its accuracy-based fitness.
Second, XCS’s P is somewhat better than that of SB–XCS. We might hypothesise that
this is due to the larger population it allows itself in the early phase of the test. How-
ever, we’ll see an argument in §4.3 that XCS’s fitness update leads to more effective
evolutionary search than SB–XCS’s.

No major attempt was made to optimise SB–XCS, and improvements to it are likely
possible. However, the results of this test indicate that it is a functional classifier system,
and in fact compares favourably with other strength-based LCS on this task. Its perfor-
mance on the 6 multiplexer is much superior to that of SCS ([13] p. 256), and superior
to Wilson’s BOOLE [32], which reached approximately 94% performance after a little
more than 5000 time steps.
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Fig. 3. XCS and SB–XCS on the 6 multiplexer.

Bonelli et al.’s NEWBOOLE [5] outperformed SB–XCS on this task, but NEW-
BOOLE is a supervised learning system, so it faces an easier task than SB–XCS does.
Non-LCS approaches, e.g., C4 [28] and GPAC [26], have been shown to solve this task
more quickly than either XCS or SB–XCS (see [25] for a survey).

3.2 Woods2

Woods2 is a Markov sequential decision task introduced in [36], designed to allow gen-
eralisation over parts of the input space. The environment consists of a two-dimensional
gridworld containing two types of rock (Q and O), two types of food (F and G) and
empty cells (.). Its top and bottom and left and right edges are connected (i.e., it is
toroidal).

The classifier system is used as the control system for an animat which acts in this
environment, and whose goal is to reach food in as few steps as possible. On each time
step, input to the classifier system consists of a 24-bit string representing the contents
of the 8 cells immediately adjacent to the animat, starting with the cell to the North
and moving clockwise. Each cell is coded using 3 bits as follows: F = 110, G = 111,
O = 010, Q = 011, and empty cells = 000. The agent can move by 1 cell in one of 8
directions, with action 0 taking it to the North, 1 to the North East, and so on clockwise
through action 7 to the North West. Actions are coded as 3-bit binary strings.

State transitions are deterministic and the animat’s actions always have the intended
effect, except that attempts to move into rock result in no change in position. An episode
consists of placing the animat in a randomly chosen blank space (.) and allowing it to
move until it reaches food, at which point the episode ends. Woods2 is shown in figure 4.

The animat receives a reward of 1000 when it takes an action which brings it to
a food state (F or G), and 0 at all other times. Wilson discusses Woods2 and XCS’s
performance in it at some length in [36].
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..............................

.QQF..QQF..OQF..QQG..OQG..QQF.

.OOO..QOO..OQO..OOQ..QQO..QQQ.

.OOQ..OQQ..OQQ..QQO..OOO..QQO.

..............................

..............................

.QOF..QOG..QOF..OOF..OOG..QOG.

.QQO..QOO..OOO..OQO..QQO..QOO.
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.QOG..QOF..OOG..OQF..OOG..OOF.

.OOQ..OQQ..QQO..OQQ..QQO..OQQ.

.QQO..OOO..OQO..OOQ..OQQ..QQQ.

..............................

Fig. 4. The layout of Woods2.

How Hard is Woods2? The animat is only ever at most 3 steps from food, so long
sequences of actions are not needed to solve the problem; although it is a sequential
task, the sequences which must be learnt are quite modest! Acting randomly, the mean
number of steps to reach food is 27, while acting optimally the mean is approximately
1.7 steps.

In order to provide a baseline for comparison, a tabular Q-learning system was
also tested on Woods2. (See ([24] for details of how the Q-learner was implemented.)
Results for all three appear later in this section.

Measuring Performance. Although it is less than fully satisfactory for sequential tasks
in general, we again use Wilson’s explore/exploit framework as it has been used with
XCS and Woods2 in the past [36]. The framework’s inefficient exploration should not
be a major problem as the number of steps to the goal tend to be relatively small, and
the problem of getting stuck in loops is dealt with by simply ending episodes if they
reach 100 time steps.

As Woods2 is sequential we alternate between explore and exploit episodes rather
than trials. That is, we either select actions randomly for the entire episode, or we select
the best action for the entire episode. Following Wilson [36], for Woods2 we monitor
the number of macroclassifiers in the population on each time step and record a moving
average of the number of time steps taken to reach food during the last 50 exploit
episodes.

Parameter Settings. The settings for XCS in Woods2 [37] from the original XCS
paper [36] were used for all three systems; XCS, SB–XCS and tabular Q-learning,
although the last only uses a small subset of them. See figure 5. In addition, SB–XCS
used tournament sizes of 16 for reproduction and 4 for deletion. XCS and SB–XCS
both used action set covering [24], although more covering and less improvement result
when it is used with SB–XCS than with XCS. XCS used GA subsumption but did not
use action set subsumption as this was found to reduce performance on this task.
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Parameter Value
Subsumption threshold θsub 20
GA threshold θGA 25
t3 deletion threshold θdel 25
Covering threshold θmna 1
Low-fitness deletion threshold δ 0.1
Population size limit N 800
Learning rate β 0.2
Accuracy falloff rate α 0.1
Accuracy exponent v 5
Accuracy criterion εo 0.01
Crossover rate χ 0.5
Mutation rate µ 0.01
Hash probability P# 0.5

Fig. 5. Standard XCS parameter settings for Woods2.

Fig. 6. Performance of XCS and tabular Q-learning on Woods2.

Results and Discussion

XCS and Q-learning. Figure 6 shows the mean steps to food for XCS and tabular Q-
learning, averaged over 10 runs. Both converge to optimal performance (≈ 1.7 steps),
although XCS takes longer to do so. Figure 7 shows the number of macroclassifiers
in XCS’s population, and the number of state-action pairs for which the Q-learner es-
timated Q-values. (Because the input space was immense (224 syntactically possible
strings), the Q-learner only allocated state-action pairs as they were needed, account-
ing for the initial rise in the curve.) XCS is quite effective at generalising in this task,
and after 2000 episodes has less than a third as many macroclassifiers as the tabular
Q-learner has state-actions.
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Fig. 7. Population size of XCS and tabular Q-learning on Woods2.

SB–XCS. It was found that SB–XCS’s performance was very poor on Woods2. How-
ever, after some investigation this was attributed to the use of Wilson’s explore/exploit
framework. On exploit episodes, when the most highly advocated action is always se-
lected, the system often gets stuck in loops and only ends the episode when it times out
after 100 time steps. Because the steps-to-food curve is a moving average of the last 50
exploit episodes, and because results are averaged over 10 runs, this makes performance
appear very poor, although the system in fact often behaves optimally for considerable
periods.

Although XCS and the tabular Q-learner also often timed out after 100 time steps,
they did so only at the outset so later performance was not affected by this problem.
Because SB–XCS continued to time out throughout the run, its performance appeared
worse than it really was.

To avoid the confounding effect of loops, Wilson’s framework was abandoned and
much better results were obtained using ε-greedy action selection, in which the system
selects a random action with probability ε and the most highly advocated action oth-
erwise. For the first 10,000 episodes ε was 0.1, during which the occasional random
actions allowed SB–XCS to break out of loops and avoid timing out (apart from during
after the initial period of adaptation). As shown in figure 8, SB–XCS achieved an aver-
age of approximately 3 steps to food, which is just how ZCS performed on the related
Woods1 task [35], and a little less than twice the optimal≈ 1.7 steps to food.

Unfortunately, the occasional random actions increase SB–XCS’s average steps to
food and so slightly complicate the assessment of the quality of its policy. However, we
can estimate that since the random actions only added, on average, approximately 1 step
to every 10 (since ε = 0.1), and since SB–XCS averaged approximately 3 steps to food,
the contribution of occasional random actions should be approximately 1/3 of a step per
episode. (This estimate is approximate since when actions are chosen at random, 1/8th

of the time the same action will be chosen as when the best action is chosen. Also, in
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Fig. 8. SB–XCS on Woods2 with ε = 0.1 for 10,000 episodes and ε = 0 thereafter.

this task some actions are equally good, so choosing a random action is not necessarily
inferior.)

In order to evaluate the policy learnt by SB–XCS without the effect of exploration,
after 10,000 time steps ε was set to 0, meaning it never acted randomly. Although SB–
XCS was still able to complete episodes in a few steps on some occasions, it also some-
times got stuck in loops, with episodes timing out after 100 time steps. With ε = 0 the
average steps to food jumped to approximately 28, as a result of averaging episodes
which timed out with those on which SB–XCS was more successful. This indicates that
SB–XCS was relying on the occasional random actions to get it out of loops, and that
it had not learnt a suitable policy over the entire environment.

SB–XCS was also evaluated on Woods1, in which its performance was almost iden-
tical to that in Woods2. It would be interesting to see if ZCS performed as badly in
Woods1 if we removed the non-determinism afforded by ZCS’s roulette action selec-
tion.

4 Analysis of Populations Evolved by XCS and SB–XCS

In this section we return to the 6 multiplexer experiment from §3.1 and inspect sam-
ple rule populations evolved by XCS and SB–XCS. Although both systems solved the
problem, and did so given a similar number of inputs, their evolved populations differ,
and the differences are revealing.

4.1 SB–XCS

Figure 9 shows an extract of 26 rules from a population evolved by SB–XCS in the
experiment in §3. The rules have been sorted in order of descending numerosity, and,
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Rule Strength Numerosity Experience
0 0 0 # # # →0 1000 43 726
1 0 # # 1 # →1 1000 40 900
0 1 # 0 # # →0 1000 38 865
1 0 # # 0 # →0 1000 37 833
1 1 # # # 1→1 1000 33 954
1 1 # # # 0→0 1000 33 675
0 0 1 # # # →1 1000 32 971
0 1 # 1 # # →1 1000 25 898
1 1 # 1 # 1→1 1000 7 112
1 1 1 # # 0→0 1000 6 362
1 # # # 1 # →1 645 5 12
0 0 1 1 # # →1 1000 4 88
1 0 0 # 0 # →0 1000 4 40
# # 1 # # # →1 668 4 288
# # 0 # # # →0 640 4 96
1 # # # # 1→0 401 4 39
0 1 1 0 # # →0 1000 3 54
0 # 1 1 # # →1 1000 3 83
0 # # # # # →1 508 3 253
# 0 # 1 0 # →0 569 3 61
0 0 0 # 1 # →0 1000 3 29
0 0 0 # # 1→0 1000 3 24
1 1 # # 0 1→1 1000 3 27
0 0 1 0 # # →1 1000 3 13
0 1 1 1 # # →1 1000 3 8
1 0 # 1 0 # →0 1000 3 5

Fig. 9. A subset of the rules evolved by SB–XCS for the 6 multiplexer. Those above the horizontal
line have high numerosity while those below have low numerosity.

to save space, only those with 3 or more copies are shown. The total number of macro-
classifiers in the population was 64. What can we learn from inspecting this population
of rules?

The Solution. Perhaps the first thing we might notice is that the population is split
between rules with high numerosity (numerosity ≥ 25) and rules with low numerosity
(numerosity ≤ 7). A horizontal line has been inserted between the two sets in order to
highlight the division. Let’s consider the high numerosity rules. All have high experi-
ence, reflecting both their generality and the length of time they have been in use. All
have strengths of 1000, and, given their high experience, we can expect this to be an
accurate estimate of the reward they will receive on use.

Clearly SB–XCS has found a number of good, general rules, produced many copies
of them, and retained them in the population. In fact, these particular 8 rules constitute
the unique minimal representation of the 6 multiplexer in the standard ternary language
[24] (discounting the use of default hierarchies, which SB–XCS does not support). So
SB–XCS has not only solved the problem, but found a representation of it which is
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optimal in that it consists of a minimal number of rules. Following an earlier convention
[18], let us refer to this set of 8 rules as SB–XCS’s optimal solution for the 6 multiplexer,
and denote the set [O].

Subsumed Rules. If the first 8 rules suffice to solve the problem, what about the rest
of the population? The remainder consists mainly of rules which also have a strength
of 1000, some of which have considerable experience, and some of which do not. In-
spection reveals that these rules are more specific versions of the first 8. Since each is
subsumed by some more general, but not overgeneral, rule, these rules are redundant.
Although they do not have as much numerosity as the first 8 rules, some of them have
considerable numerosity, suggesting that SB–XCS might benefit from the introduction
of pressure against such subsumed rules.

Overgeneral Rules. In addition, the population contains a number of rules whose
strength is neither 1000 nor 0, which tells us they are overgeneral. The strength of
these rules is alternately updated towards 1000 (when they take the correct action) and
0 (when they take the incorrect action), and so lies somewhere between the two values.
Such rules are unreliable and of little or no value to the system. It would seem that
SB–XCS would benefit from the introduction of further pressure against them, in order
to reduce the population size. Nonetheless, SB–XCS has succeeded in finding the set of
rules which represent the problem minimally, and has learnt to select the correct action
for each input.

4.2 XCS

Figure 10 shows an extract of 21 rules from a population evolved by XCS for the 6 mul-
tiplexer in the experiment in §3. As before, the rules are sorted in order of numerosity
and to save space only those with 2 or more copies are shown, except for the last rule,
which is shown despite its numerosity of 1 because it is of special interest. The total
number of macroclassifiers in the population was 44.

The Solution. Like SB–XCS’s population, XCS’s population is split between high and
low numerosity rules, and again the two groups are separated by a horizontal line. Two
points are worth noting. First, the difference in numerosity between the last member
of the top group and the first member of the bottom group is greater in XCS than in
SB–XCS, suggesting that XCS is better able to distinguish elements of the solution.
Second, XCS has allocated high numerosity to 16 rules while SB–XCS allocated high
numerosity to only 8.

Consideration of the 16 high numerosity rules reveals that they consist of the 8 rules
in SB–XCS’s solution and their complements, that is, the rule with the same condition
but the other action. These additional 8 rules all have a prediction of 0, since they all
advocate the incorrect action for the inputs they match. Why has XCS allocated high
numerosity to these consistently incorrect rules? Precisely because they are consistently
incorrect, that is, they accurately predict the reward they will receive, and so have low



76 Tim Kovacs

Rule Prediction Accuracy Fit. Numerosity Exp.
0 1 # 0 # # →0 1000 1.0 0.981 27 839
1 0 # # 1 # →1 1000 1.0 0.986 26 937
0 1 # 1 # # →0 0 1.0 0.998 26 759
0 0 1 # # # →1 1000 1.0 0.980 25 851
0 0 0 # # # →0 1000 1.0 0.991 25 841
1 0 # # 0 # →1 0 1.0 0.976 24 917
1 1 # # # 0→0 1000 1.0 0.949 24 857
0 1 # 0 # # →1 0 1.0 0.984 24 842
0 0 0 # # # →1 0 1.0 0.986 24 735
1 1 # # # 0→1 0 1.0 0.994 23 889
0 1 # 1 # # →1 1000 1.0 0.999 23 740
1 1 # # # 1→0 0 1.0 0.990 21 795
1 0 # # 1 # →0 0 1.0 0.956 20 958
1 0 # # 0 # →0 1000 1.0 0.934 19 913
1 1 # # # 1→1 1000 1.0 0.989 18 823
0 0 1 # # # →0 0 1.0 0.999 18 715
0 0 # 0 # # →1 591 0.0 0.004 3 15
1 1 # 1 # # →0 600 0.0 0.005 2 5
1 1 # # # # →1 460 0.0 0.000 2 23
# 0 1 # # # →1 804 0.0 0.000 2 19
1 # # # 0 0→0 1000 1.0 0.120 1 118

Fig. 10. A subset of the rules evolved by XCS for the 6 multiplexer. Those above the horizontal
line have high numerosity while those below have low numerosity.

prediction errors and high prediction accuracy and fitness (as the reader can verify from
consulting figure 10). To XCS it is irrelevant that these rules advocate the incorrect
action and should never be used in action selection; they are accurate and so have high
fitness regardless of their utility in action selection.

Following convention, let us refer to these 16 rules as XCS’s optimal solution [O]
to the 6 multiplexer. (Note that [O] differs depending on whether we refer to XCS or to
SB–XCS.) We will investigate the difference in the two representations in the sequel to
this paper.

Subsumed Rules. There is a notable lack of subsumed rules in the population evolved
by XCS, suggesting it is effective at removing them. Of course, many of the rules not
shown were subsumed, but they all have numerosity of only 1.

XCS’s superior ability to rid its population of subsumed rules is likely due mainly
to its use of GA subsumption, since without GA subsumption XCS’s macroclassifier
curve converged to approximately the same level as SB–XCS’s (see §3). There may,
however, be a small effect due to the deletion scheme (t3) XCS used, in which the
deletion probability of a rule depends partly on the number of rules in the action sets in
which it participates [24]. This places pressure on subsumed rules, since the rules which
subsume them necessarily occur in their action sets, mutually increasing their odds of
deletion. SB–XCS could easily be modified to use a similar deletion scheme and if so
would likely have somewhat fewer subsumed rules in its population.
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Overgeneral Rules. In addition to the high numerosity rules, XCS’s population con-
tains some overgeneral rules (whose predictions are somewhere between 1000 and 0).
As figure 10 shows, these rules have low fitness and low numerosity. Furthermore, they
have low experience despite their generality, indicating they have been generated rel-
atively recently. From this we can conclude that these rules represent (inaccurate) hy-
potheses which XCS has recently generated and which it will likely delete in the near
future.

An Extra Rule. The last rule shown in figure 10, 1 # # # 0 0→0 , is an interesting case.
It does not belong to the optimal population, nor is it subsumed by any of them. Nor is
it overgeneral.

This is an accurate, general rule. In fact, it is just as accurate and general as the
rules in [O]. Why is such a good rule only barely represented in the population, with
a numerosity of only 1? Why has XCS given this good, general rule a fitness of only
0.12, when elements of [O] have fitness greater than 0.9? The answer is that this rule
overlaps with elements of [O], and so competes with them for reproductive trials, and
suffers as a result. For more on the subject of competition between overlapping rules in
XCS see [24].

4.3 Learning Rate

One reason why XCS’s P is better than SB–XCS’s in figure 3 might be that it has a
larger population in the early phase of the test. Another explanation is suggested by the
rule fitness values shown in figures 9 and 10. The XCS rules either have fitness very
close to 1 or very close to 0. In SB–XCS, in contrast, strength/fitness is often 1000, but
a number of rules with fitness between 400 and 700 exist. This reflects XCS’s sharp
distinction between fully accurate and inaccurate rules. The accuracy kj of rule j is
given by:

κj =
{

1 if εj < εo

α(εj/εo)−v otherwise
(7)

where εj is the prediction error of j, and 0 < εo is the accuracy criterion, a constant
controlling the tolerance for prediction error. Any rules with ε < εo are considered to
be equally (and fully) accurate. The accuracy falloff rate 0 < α < 1 and accuracy
exponent 0 < v are constants controlling the rate of decline in accuracy when εo is
exceeded. (See [36] for details.)

In XCS, fitness drops off very quickly when the accuracy criterion is exceeded. In
SB–XCS, however, overgeneral rules can maintain reasonable fitness, and hence slow
the convergence of P . This explains the need for greater selection pressure in SB–
XCS than XCS in order to achieve good performance (see figure 1). Adding even more
selective pressure to SB–XCS might improve its performance.

5 Summary

This paper has given a detailed specification of a system called SB–XCS, which is as
similar as possible to XCS while using strength-based fitness.
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Empirical evaluation of the two found that although both can solve the non-se-
quential 6 multiplexer task, only XCS was able to achieve optimal performance on
the sequential Woods2 task. Results such as these have long plagued classifier systems
research. Why was SB–XCS much more able to adapt to one task than the other? That
is, what is it about Woods2 that SB–XCS finds difficult? What part or parts of SB–XCS
have this difficulty?

Unfortunately there is no broad theory which predicts when a given classifier system
will be able to adapt to a given task. In the absence of theory, the only way to find out
how (and if) a classifier system will solve a given task is to try it out. To provide such
theory, we need an understanding of what types of task and what types of classifier
system are possible, and how they interact. Although we have already distinguished
strength and accuracy-based classifier systems, and categorised the tasks to which we
might apply them as either sequential or non-sequential, we need to go deeper to provide
a predictive theory. Such issues are addressed to some extent in [24].

In the sequel to this paper we will analyse XCS and SB–XCS, the populations they
evolve, and the representations towards which they tend in some detail in an attempt to
understand the differences between strength and accuracy-based fitness.
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Abstract. This sequel continues the comparison of the twins XCS and SB–XCS.
We find they tend towards different representations of the solution and distin-
guish three types of representations which rule populations can form, namely
complete maps, partial maps, and default hierarchies. Following this we evaluate
the respective advantages and disadvantages of complete and partial maps at some
length. We conclude that complete maps are likely to be superior for sequential
tasks. For non-sequential tasks, partial maps have the advantage of parsimony
whereas complete maps can take advantage of subsumption deletion. It is unclear
which is more significant. We also conclude that partial maps are likely to be
suitable for Pittsburgh classifier systems and supervised learning systems.

1 Introduction

This paper continues the comparison of strength and accuracy-based Learning Classifier
Systems (LCS) presented in part I, using XCS and its strength-based twin SB–XCS.
Section 2 distinguishes three types of representations which rule populations can form,
namely complete maps, partial maps, and default hierarchies, using the 6 multiplexer as
an example. We will see that while XCS evolves a complete map for the 6 multiplexer,
SB–XCS evolves a partial map. Section 3 evaluates the advantages and disadvantages
of complete and partial maps, and, finally, section 4 concludes.

2 Different Goals, Different Representations

Although the difference in fitness calculation between XCS and SB–XCS may seem
minor – after all, most of their machinery is still identical – it has profound implications.
One is the form of the covering map of classifiers the system maintains, that is, the set
of state-actions which are matched (mapped to a strength) by some rule.

When we inspected the rule populations evolved by XCS and SB–XCS for the 6
multiplexer in the previous paper we saw that they converged on two different represen-
tations. This section explains in more detail that strength and accuracy-based systems
tend towards different representations of their environment and suggests this difference
indicates that the systems have different representational goals.

Like any RL system, a classifier system needs a policy which tells it how to act in
any state it encounters. This means that, for each state, an LCS must contain at least

P.L. Lanzi et al. (Eds.): IWLCS 2002, LNAI 2661, pp. 81–98, 2003.
c© Springer-Verlag Berlin Heidelberg 2003
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one rule which matches that state. Otherwise, how can it know what to do? Different
classifier systems represent their policies, and information related to them, in different
ways. The following sections investigate three ways.

2.1 Default Hierarchies

Default hierarchies [19, 24, 7, 20, 21, 5] are sets of rules in which more specific rules
provide exceptions to more general default rules. Figure 1 shows a default hierarchy
for the 6 multiplexer, in which the default rule # # # # # # →1 matches all inputs, but
is overruled by the other more specific rules in half of these cases. This hierarchy is
notable as it is the one which represents this function with the fewest rules.

Default hierarchies were not part of Holland’s original LCS formulation [10, 14],
appearing only later [6, 11]. Default hierarchies have been praised as a means of in-
creasing the number of solutions to a problem without increasing the size of the search
space, and as a way of allowing LCS to adapt gradually to a problem. Consequently,
they have been seen by many as an important part of the representational capacity of
classifier systems, although they seem never to have been considered central to the idea
of LCS. However, despite much early work, the problems of encouraging their forma-
tion and survival remain unsolved, and they have attracted little attention in recent years.
(But see [12] p. 6.)

Because XCS evaluates the accuracy of each rule individually, default rules, which
on their own are sometimes incorrect, are assigned low accuracy and hence low fitness.
Consequently, XCS does not support default hierarchies. Although SB–XCS does not
have this obstacle, it does not encourage them and indeed should not support them as it
does not bias action selection towards more specific rules, as default hierarchies require.

Because of difficulties with default hierarchies, and the lack of support for them
in XCS and SB–XCS, we mention them only in passing and now proceed to consider
other representations.

2.2 Partial and Best Action Maps

Strength-based systems – which reproduce higher-strength rules – tend to allocate more
rules to states with higher values, and to higher-valued actions within a state. In effect
they attempt to find rules which advocate the best (i.e. highest valued) action for each
state and in the extreme case each state would only have a single action (its best) ad-
vocated by some rule(s). Let’s call this extreme case a best action map. Let’s introduce
some notation to express things more formally.

– A Boolean target function f is a total function on a binary bit string, that is f :
{0, 1}n → {0, 1}.

– Classifiers are constant partial functions, that is, they map some subset of the do-
main of f to either 0 or 1. Classifiers are constant because, using the standard
ternary language, they always advocate the same action regardless of their input.

Note that f merely defines the state-action space. The learning task a reinforcement
learning LCS faces is defined by a reward function defined over this state-action space.
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Default Best Action Complete
Hierarchy Map Map

0 0 0 # # # →0 0 0 0 # # # →0 0 0 0 # # # →0
0 1 # 0 # # →0 0 0 1 # # # →1 0 0 1 # # # →0
1 0 # # 0 # →0 0 1 # 0 # # →0 0 1 # 0 # # →0
1 1 # # # 0→0 0 1 # 1 # # →1 0 1 # 1 # # →0
# # # # # # →1 1 0 # # 0 # →0 1 0 # # 0 # →0

1 0 # # 1 # →1 1 0 # # 1 # →0
1 1 # # # 0→0 1 1 # # # 0→0
1 1 # # # 1→1 1 1 # # # 1→0

0 0 0 # # # →1
0 0 1 # # # →1
0 1 # 0 # # →1
0 1 # 1 # # →1
1 0 # # 0 # →1
1 0 # # 1 # →1
1 1 # # # 0→1
1 1 # # # 1→1

Fig. 1. Three representations of the 6 multiplexer.

As a shorthand, and to approximate Sutton and Barto’s reinforcement learning no-
tation [22], we define S = domain and A = range when dealing with classifiers and
target functions. That is, a task’s state is an element of S(f) and a classifier system’s
action is an element of A(f), where f is a target function. The states matched by a
classifier c are elements of S(c), and the action advocated by c is A(c).

A set of rules C constitutes a best action map for some function f iff:

∀s ∈ S(f) ∃c ∈ C such that s ∈ S(c)

and where ∀c ∈ C, ∀s′ ∈ S(c) f(s′) = c(s′)

Figure 1 shows a best action map for the 6 multiplexer. It should be familiar, since
it is SB–XCS’s [O] for this function from §4 of the previous paper, and, in fact, the
solution SB–XCS evolved (see figure 9 of the previous paper). Other best action maps
can represent this function; a larger one consists of 32 rules each of which is fully
specific, i.e., has no # s. The right side of figure 2 shows a best action map for a fragment
of a sequential task – note that of all the transitions from the current state, only the state-
action with the highest prediction (Pj = 100) is represented. Further examples of best
action maps in sequential tasks are shown in §3.2.

In practice strength-based systems only tend towards best action maps – often for a
given state there is more than one action advocated. We could say they maintain par-
tial maps. (See, for example, SB–XCS’s population in figure 9 of the previous paper.)
The important point is that there tend to be states with (typically low-valued) actions
unadvocated by any classifier.

Since the action selection mechanism can only make an informed choice between
advocated actions, the tendency towards a best action map means the rule allocation
mechanism has a hand in action selection. Best action maps are in a sense an ideal
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Fig. 2. Complete and partial map representations of a state transition. In the best action map, only
the highest valued transition is represented.

representation of the solution as they use a minimal number of rules (without using
default hierarchies), but this does not imply partial maps are an ideal representation for
finding solutions, as we’ll see in section 3.

2.3 Complete Maps

In contrast to the partial maps of strength-based systems, the combination of XCS’s
accuracy-based fitness and various mechanisms which promote diversity result in a
strong tendency to find a population of rules such that each action in each state is advo-
cated by at least one rule1. Wilson calls this a complete map, and has noted that it resem-
bles the representation of mainstream reinforcement learning systems more closely than
does a partial map ([25] p. 5). More formally, a set of rules C constitutes a complete
map for some function f iff:

∀s ∈ S(f), ∀a ∈ A(f) ∃c ∈ C such that s ∈ S(c), a ∈ A(c)

Figure 1 shows a complete map for the 6 multiplexer, which is like the best action
map in that figure except that for each condition there is a rule for each of the two
actions. This set of rules should look familiar as it is XCS’s [O] for this function from
§4 of the previous paper, and, in fact, it is the solution which XCS evolved (see figure
10 of the previous paper). An example of a complete map in a sequential tasks is shown
on the left of figure 2.

When all actions are advocated, it is left entirely to the action selection mechanism
to decide which action to take; the rule allocation mechanism is dissociated from action
selection. This is consistent with the role of the GA in XCS, which is only to search for
useful generalisations over states.

1 Booker’s endogenous fitness LCS favours the same representation as XCS for the 6 multi-
plexer [1].

Complete Map Best Action Only Map

?

?

?

Pj=90

Pj=40

Pj=100

Pj=80

Pj=100
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Fig. 3. Proportion of optimal solutions found by XCS and SB–XCS on the 6 multiplexer.

2.4 What Do XCS and SB–XCS Really Learn?

In the preceding sections it was argued that XCS and SB–XCS will respectively tend to-
wards complete and partial maps, and the sample populations inspected in the previous
paper support this. But how strong is this tendency?

Figure 3 was generated during evaluation of XCS (with and without GA subsump-
tion) and SB–XCS on the 6 multiplexer and shows the percentage of the optimal so-
lution found by each system on the current time step (denoted %[O]). A %[O] of 0
indicates that no rules from this set were present in the rule population, while %[O] of
100 indicates that all were present.

The curves are averages of 10 runs. That both systems converge to 100% of [O] in-
dicates that in all runs the complete optimal set of rules is present in the rule population.
This suggests XCS and SB–XCS reliably find their respective optimal solutions to the
6 multiplexer. Note that XCS finds all 16 rules in its [O] more quickly than SB–XCS
finds the 8 rules in its [O]. The difference is similar to that in P , and may be due to the
same effect (see section 4.3 of the first paper).

Although the results in figure 3 were averaged over only 10 runs, XCS’s ability to
find [O] is highly reliable. Figure 4 shows XCS’s %[O] for a set of 7 functions from the
hidden parity test suite [17], each averaged over 1000 runs. Parameter settings were the
standard ones for XCS [16] except that uniform crossover was used and the population
size limit was 2000. That XCS found the complete [O] in all 7000 runs is indicated by
the convergence of all curves to %100.

XCS is also able to find the complete [O] for much larger Boolean functions, for
example the 37-bit multiplexer, for which [O] consists of 128 rules. XCS’s %[O] and P
for this test are shown in figure 5 and the population size in macroclassifiers is shown
in figure 6. Parameter settings were as for the 6 multiplexer except for the following:
θsub = 100, θGA = 80, P# = 0.66, and uniform crossover was used. Curves were
averaged over 10 runs.
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Fig. 4. Proportion of optimal solutions found by XCS on the 6-bit hidden parity suite. The number
beside each curve indicates the number of rules in the [O] for that function.

In both figures, XCS was run with three different population size limits (20,000,
30,000 and 50,000 rules) to examine the effect of population size. As with other test
functions performance improves with population size, although it is a case of diminish-
ing returns. At the same time, the computational load on the system increases greatly as
the population size limit increases.

With the help of a special form of reward function XCS has also learnt the 70-bit
multiplexer [4], for which [O] consists of 256 rules.

3 Complete and Partial Maps Compared

In this section we weigh the pros and cons of complete and partial maps. Little is known
about how they compare – the literature has nothing to say on the subject, apart from
the speculation in ([25] p. 5) that complete maps may help avoid convergence to subop-
timal actions, and our speculations in [15]. This is a complex subject which will require
considerable effort to unravel, and this section is of necessity a basic treatment.

3.1 Advantages of Partial Maps

Partial maps use fewer rules than complete maps to represent the same input/output
function, which may prove advantageous in the following ways. First, fewer rules re-
quire less memory and computing power, since fewer rules need to be stored and
matched against inputs. Second, since fewer rules are involved, it may be possible to
learn partial maps given less experience with the environment (although in our compar-
ison of XCS and SB–XCS in §2.4, SB–XCS actually took longer to learn its partial map
than XCS did to learn its complete map).

%
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Fig. 5. P and %[O] for XCS on the 37-bit multiplexer for three population size limits.

How Parsimonious Are Partial Maps? Any benefit due to parsimony depends on
the degree of that parsimony. So how much more parsimonious are partial maps than
complete maps? We could try to compare the number of rules required in each case,
but we note that the learning task used is relevant as it determines what useful gener-
alisations, and thus what accurate rules, are possible. This makes a comparison of the
number of rules needed difficult because we may be able to generalise more over one
action than another, depending on the learning task. One way to deal with the relevance
of the learning task is to consider a particular space of possible tasks, and give average
or worst-case results for the space. We’ll do this shortly, but for the moment let’s ignore
the issue of generalisation and, instead of considering the number of rules needed, let’s
consider the number of state-actions which must be represented. Using the standard
ternary language this depends heavily on the number of actions available. If a actions
are possible in each state, a best action map requires the value of 1/a state-actions be
estimated per state, while a complete map requires all a actions be estimated. That is, a
complete map requires the representation of a times more state-actions.

To illustrate this point, consider figure 7 which shows the reward function for a
non-sequential task. Four actions are possible in each state, and each action always
receives the same reward, regardless of which state it is taken in. (Consequently, the
lines showing reward are flat.) Because in all states action A obtains the most reward, a
best action map must represent only state-actions with action A. To emphasise this the
line for action A has been drawn solid, while those for the other actions are dashed.

While a best action map represents only the most rewarding action in each state, a
complete map must represent all four actions. Consequently, a complete map represents
a = 4 times as many state-actions for this task.

The Degree of Parsimony in Representing State-Actions. For tasks with binary actions
(a = 2), the savings of using a best action map are not terribly impressive. In many cases
a will not be much larger. However, as a rises the savings of a partial map become more
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Fig. 6. Population size in macroclassifiers for XCS on the 37-bit multiplexer, using three different
population size limits (20,000, 30,000 and 50,000 rules).

significant. When the action space is continuous and a = ∞ a partial map (or some
alternative representation) is a necessity.

How Many Rules Are Needed? Now that we’ve considered how many state-actions
must be represented let’s return to the question of how many rules are needed to repre-
sent these state-actions. As an example of the difference in the number of rules needed,
let’s consider the function in figure 7, which requires exactly a times as many rules for
a complete map as a partial map. Note that fully general rules can accurately predict the
value of the state-actions they match, which is why the ratio of rules needed is exactly
the same as the ratio of state-actions to be represented. For example, the following rule
constitutes a (minimal) best action map:

# # # →A

and the following four rules constitute a (minimal) complete map2:

# # # →A
# # # →B
# # # →C
# # # →D

The rules in both maps will be fit according to either XCS’s or SB–XCS’s fitness cal-
culation.

2 This map is not strictly in the standard ternary language, since its actions are not from {0, 1}l.
However, {A, B,C, D} is effectively equivalent to {00, 01, 10, 11}.
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Fig. 7. A reward function for a non-sequential task with 4 actions.

Rules Needed for Binary Reward Functions. Since the learning task determines how
much generalisation is possible and hence how many rules are needed, we can only
compare the number of rules needed by complete and partial maps in reference to
some learning task, or set of tasks. To begin, let’s consider the restricted class of non-
sequential tasks in which the reward function is binary, that is, ranges over only two
values. (This space corresponds precisely to the space of Boolean functions when the
reward function’s state-action space is defined by Boolean functions, as we specified in
§2.2.) In this space, the ratio of state-actions to be represented is also the ratio of rules
needed, since we can generalise equally over all actions, on average. (We do not give a
proof, but the space of Boolean functions has a form of symmetry which allows this.)
That is, for this space, a complete map will require on average a times more rules.

Whereas the ratios for the average case depend on the number of actions possible,
the worst case ratios depend on both the number of states and actions. It is possible to
construct a worst case for a complete map in which a partial map requires only 1 rule
while a complete map requires one rule for each state-action, although this may depend
on the accuracy criterion being set unhelpfully in order to limit XCS’s generalisation.
In the worst case for a partial map, there is only 1 action and both maps require only 1
rule.

Rules Needed for Arbitrary Reward Functions. Now let’s return to the more general
class of non-sequential tasks defined by arbitrary reward functions. XCS has a diffi-
culty generalising in this domain which SB–XCS does not, because XCS represents all
actions while SB–XCS does not (as, for example, in figure 7). If an action SB–XCS
does not represent results in quite different rewards in different states, XCS will have
difficulty generalising over it, whereas, of course, SB–XCS will not. See [16], chapter
3 for an example. Thus, although XCS requires on average a times more rules for bi-
nary reward functions (and, as it happens, for the example in figure 7), XCS requires
on average more than a times as many rules for arbitrary reward functions. We will not
attempt average or worst case bounds for this class of functions.

Rules Needed for Real World Problems. Finally, let’s consider “real world” problems
rather than the abstract spaces of Boolean and reward functions. In the real world, the
parsimony advantage of partial maps is reduced (in terms of rules needed, though not



90 Tim Kovacs

state-actions). Real-world problems generally have abundant regularity and, in practice,
representations are used which can exploit this regularity. For example, the parity func-
tion is maximally difficult to represent using the standard ternary language. However,
the parity function is very regular, and a little domain knowledge allows us to choose
another representation which can capture this regularity.

3.2 Disadvantages of Partial Maps

The disadvantages of partial maps are that they may interfere with action selection (and
exploration control more generally), and credit assignment. We discuss each of these in
turn.

Partial Maps and Exploration. This section suggests that managing the explore/ex-
ploit dilemma [22] will be more difficult using a partial map since it does not allow us
to record as much information on exploration as a complete map. If partial maps make
exploration control more difficult, then the more difficult the exploration problem, the
more of a disadvantage a partial map will be. In the following we consider exploration
control using a partial map in non-sequential and sequential tasks, following which we
briefly discuss non-stationary environments.

Non-sequential Tasks. In many LCS an action cannot be taken if it is not advocated
by some rule, which means a partial map limits the range of actions the LCS can take
and hence its ability to explore its environment. Even if we allow an LCS to take an
unadvocated action, we cannot record the result (the resulting immediate reward) since
we have no matching rule.

Let’s return to the non-sequential task of figure 7, but now suppose that the reward
function is stochastic so that the true mean reward for taking a given action in a given
state must be estimated by sampling it many times. How many times should we sample
a state-action?

Some simple exploration strategies, for example taking a random action 10% of the
time and the highest-valued one otherwise, do not require us to keep track of the number
of visits made to a given state-action. Other more sophisticated strategies, however,
require us to record information such as the number of visits, the mean reward, and the
variance in it. Such information is easily added to rules.

However, a problem obviously occurs in a best action map representation of this re-
ward function, in that we have no rule which can record information concerning actions
B, C, or D. Consequently we cannot use such exploration control strategies. An alterna-
tive to storing exploration control information in the rules is to use a look-up table, but
if we make use of such tables there seems no point in using a classifier system rather
than a tabular Q-learner. In summary, partial maps would seem to restrict us to the use
of less sophisticated, and less efficient, exploration strategies.

Sequential Tasks. In sequential tasks we face the problem that we must explore not
only the actions available in the current state, but the states and actions we may visit
as a result of selecting an action in the current state, which makes exploration control
much more difficult.
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Fig. 8. Complete and partial map representations of a sequential task.

If we wish to implement distal exploration control schemes [26], in which we propa-
gate information about exploration from state-action to state-action, we need a complete
map in order to propagate exploration information properly (just as with propagating
Q-values) and to record any statistics (e.g., on the number of times a state-action has
been taken).

Partial maps tend to allocate rules to higher-valued state-actions, but an LCS must
estimate the value of state-actions and can easily get their relative values wrong. Sup-
pose an LCS is learning the task in figure 8, and initially has a complete map of the
transitions from state S, as shown on the left. This corresponds to the left of figure 2,
except that this time the rewards (r = . . .) associated with each transition are shown,
and each transition is labelled with the action (a,b,c,d) which produces it. Now suppose
the LCS tries each of the actions in state S and determines that d generates the highest
immediate reward. If it deletes some of the rules which cover the other transitions to
obtain a partial map, it may not represent the transition due to action c. As long as this
action is unadvocated many LCS will never further explore the consequences of taking
it. Now consider the right of figure 8, which shows more of the task, including the four
terminal states (shown as squares). The dots (· · ·) are meant to suggest that part of the
environment is not shown. Suppose the optimal policy involves taking action c in order
to reach the terminal state with a reward of 1000. It may be difficult for the learner to
find this terminal state (and the optimal policy) if it maintains a partial map, since action
c may not be represented.

Globally optimal behaviour often requires that the learner take locally suboptimal
actions, i.e., actions which do not return the highest possible immediate reward, like
action c. Even if the system does find the highest rewarding terminal state once, it will
have difficulty propagating value back from it if state-actions along the path to it are
missing.

Non-stationary Environments. Hartley [8, 9] trained two classifier systems, XCS (which
maintains a complete map) and NEWBOOLE (which maintains a partial map) on a bi-
nary categorisation task, then abruptly switched the category to which each stimulus
belonged. XCS quickly recovered from these changes by simply adjusting the strengths
of the rules involved: consistently correct rules suddenly became consistently incorrect
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and vice versa. NEWBOOLE, in contrast, found that its rules suddenly all had low
strength, and had to engage the genetic algorithm to generate new ones as it does not
maintain low strength rules.

It is important to note, however, that the changes made in this experiment were
very regular, as all the inputs belonging to one category were changed to the same new
category. It is unknown whether a complete map offers any advantages in adapting to
less systematic changes in the environment. In fact, given the suggestion in §3.1 that it
may be possible to learn partial maps more quickly, we might expect partial maps to
adapt more quickly to non-stationary environments.

In Hartley’s experiment the rewards were non-stationary. It is also possible for the
variance in the rewards to be non-stationary, a situation which has yet to be examined.

Partial Maps and Sequential Credit Assignment. With the Temporal Difference al-
gorithms [22] commonly used with sequential tasks we update the estimate of a state-
action’s value based partly on the estimated value of a state-action which is visited later.
That is, we propagate value from one estimator to another. However, if the estimator for
the successor state is missing (e.g., if an action is not advocated by any rule) we cannot
apply the basic 1-step Temporal Difference updates (e.g., the strength/prediction update
used with XCS and SB–XCS). (Of course, if we do not allow the system to take un-
advocated actions this problem does not occur.) We could apply n-step versions of our
updates [22] and propagate value from state-actions visited farther in the future (i.e., n
time steps in the future), but as far as the author is aware such updates have never been
used with an LCS, and they are certainly not part of standard descriptions of the bucket
brigade (e.g., [11, 13, 2, 7]).

Gridworld Examples. To further illustrate how partial maps can make sequential credit
assignment difficult, let us consider a number of simple gridworlds, and partial maps of
them maintained by some hypothetical learning agent. In each of the following exam-
ples, the start state is marked S and the two terminal states are marked T. Upon entering
a terminal state the agent receives an immediate reward and is returned to the start state
to commence the next episode. The immediate reward received upon entering a state
is shown in the bottom right corner of that state, or is 0 if not shown. It is possible to
take the actions {North, South, East, West} in any state, although actions which would
move the agent out of the maze have no effect. Let us set the discount rate to γ = 0.9.

The state-actions of the agent’s partial map are shown as arrows, e.g., in example 1,
in the start state the agent’s map represents the values of moving North and of moving
East only.

Example 1: Incomplete Paths. The gridworld in figure 9 has two terminal states, with
rewards of 50 and 100 respectively. The optimal policy for the learning agent (given
γ = 0.9) is to follow one of several minimal paths to the terminal state in the upper
right hand corner. We’ll denote this state T100.

Note that the partial map for this gridworld does not form a complete path from T100

to S. The first problem this causes is that some systems, XCS and SB–XCS included,
cannot reach T100 if no path leads to it, since they cannot select unadvocated actions.



XCS’s Strength-Based Twin: Part II 93

S

T T

50 100

Fig. 9. A partial map forming incomplete paths.

A second problem is that even if the agent was able to reach T100, an incomplete
path means it is not possible to propagate value from T100 to S using the standard 1-
step updates. Consequently, the credit assignment process will not be able to update the
value estimates for moving North and East from S to take into account the existence
of T100, and the agent will not be aware of it. (All 1-step algorithms, including 1-step
Q-learning and Bucket Brigades, will have the same problem.)

Furthermore, even if a path from T100 to S existed, the use of partial maps means
an unfortunate deletion of a rule anywhere along the path would break it and disrupt the
flow of value.

S

T T

50 100

Fig. 10. A partial map with interfering local optima.

Example 2: Interfering Local Optima. The example in figure 10 is the same as the last,
except that the agent’s partial map differs. Now it has complete paths from S to both
terminal states. Nonetheless, there are a number of problems with this scenario. For one,
it is more difficult to reach T100 than T50 from S because the former is farther from it.
This means both that more exploration is required to reach T100, and that propagating
value from T100 to S will take longer than propagating value from T50 to S, using 1-step
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updates. Both factors make it harder for the agent to learn to use a path to T100 and may
cause it to converge instead on a suboptimal policy leading it to T50.

Both these problems occur using complete maps, but an extra problem with the use
of partial maps compounds them: since rules leading to T50 are likely to gain value
more quickly than those leading instead to T100, the latter may die out resulting in
incomplete paths to T100.

Example 3: Discounting and Convergence to Suboptimal Policies. A further problem
in the same scenario as the last example is that the path to T100 is suboptimal (there
exist shorter paths between S and T100). With γ = 0.9, the value of T100 using this
circuitous route is actually less than that of T50 (using a direct path), which may lead
the system to converge on a policy which leads it to T50. This is more likely to occur
when the agent is limited to a subset of paths by a partial map.

Example 4: Interfering Negative Rewards. As a final example of how partial maps can
interact harmfully with sequential credit assignment consider the maze in figure 11, in
which a column of negatively rewarding states isolates T50 from S. The agent’s partial
map is not shown in this example.

S

T

100-10

-10

-10

T

50

Fig. 11. A gridworld with interfering negative rewards.

The undesirable states may tend to hide T100 from the learning agent, since it must
pass through them to reach it. This makes the task of exploring the gridworld more
difficult, since the agent may prematurely learn to avoid the unpleasant states.

Although this may happen with complete maps too, an extra difficulty in using
partial maps is that they may tend to become sparser around the unpleasant states, ex-
acerbating the difficulty of reaching T100 and propagating value back from it.

Summary of Partial Maps and Sequential Credit Assignment. It is unclear just what
the effects of partial maps are on the propagation of value, but it seems likely that
any effects will be deleterious. The simplest and safest course would appear to be the
maintenance of a complete map.
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3.3 Complete Maps and Strength

If complete maps are useful, can we get a strength-based system like SB–XCS to main-
tain them? We could give rewards of 90 for incorrect actions and 100 for correct actions.
If selective pressure is not too strong SB–XCS should be able to maintain classifiers for
both correct and incorrect actions (i.e., a complete map). However, overgeneral rules
would always have more strength (i.e., fitness) than accurate-but-incorrect rules, so the
latter will be more likely to die out than the overgenerals. Such a system seems unlikely
to adapt well as the overgenerals will interfere with action selection (and, of course,
reproduction).

Distinguishing between Strength and Fitness. Alternatively, we could modify SB–
XCS to distinguish between strength and fitness, and define a rule’s fitness as:

∣
∣Sj − max − min

2

∣
∣

where Sj is the strength of rule j, and max and min are the maximum and minimum
possible rule strengths for the task. This system would give high fitness to both consis-
tently correct and consistently incorrect rules. This system should be able to maintain
complete maps for tasks which have only 2 rewards, but it will not work with arbitrary
reward functions because of the problem of strong overgenerals [16].

Fitness Sharing. Another option is to introduce fitness sharing into SB–XCS. Because
the strength of all rules tends towards equilibrium under fitness sharing [23, 3], the map
produced with fitness sharing should be more complete. It is not clear, however, how
complete it will be.

Steps towards Accuracy. The maintenance of complete maps is one of XCS’s distinc-
tive features, and attempts to get SB–XCS to maintain complete maps are steps towards
making SB–XCS more XCS-like.

3.4 Contrasting Complete and Partial Maps in RL Terminology

In Reinforcement Learning terminology, while XCS maintains a complete action-value
function (i.e., Q-function), SB–XCS maintains an incomplete action-value function.
Best action maps map states to actions – thus, in RL terminology they represent a policy,
although since they are implemented with classifiers they contain information (e.g.,
strength values) which policies do not. SB–XCS does not search directly in the space
of complete policies, but rather in the space of policy fragments – the fragments are
(generalisations over) state-action pairs (i.e., classifiers).

3.5 Summary of Comparison

Partial maps have the advantage that, in principle, they require fewer rules, and so less
processing. The degree of advantage depends on the particular task being learnt, and on
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the number of actions available; as the number of available actions increases, so does
the advantage of a partial map.

Although they require more rules, complete maps may offer advantages with se-
quential credit assignment and exploration control, particularly in sequential tasks. Note
that tabular Q-learners employ complete maps, and that convergence proofs for them
involve infinite revisits to each state-action. Complete maps also have the advantage of
using subsumption deletion, which may outweigh the parsimony of partial maps even
on non-sequential tasks.

At present it is unclear whether complete or partial maps are superior for non-
sequential tasks. It remains to be seen whether subsumption deletion can be adapted
to strength-based systems, and whether it matches the advantage of the parsimony of
partial maps. For sequential tasks the picture is clearer; complete maps certainly seem
more suitable for these tasks.

We can summarise the difference between the two by noting that partial maps pro-
vide a solution to a problem whereas complete maps, in contrast, provide a representa-
tion upon which Q-learning can operate in order to find a solution. Looked at this way,
partial maps seem more suitable for systems which rely more on the GA to find solu-
tions, i.e., those which fit the GA-view of classifier systems [16]. Consequently partial
maps should suit Pittsburgh classifier systems very well. Partial maps should also suit
supervised learning LCS.

Further study is needed to confirm and quantify the merits of each type of map.

4 Conclusion

This work is part of an ongoing comparison of strength and accuracy-based fitness in
Michigan classifier systems.

We saw that SB–XCS is capable of learning the optimal solution to the 6 mul-
tiplexer, and is thus a non-trivial learning system. Furthermore, we saw that XCS’s
ability to evolve smaller populations than SB–XCS to represent Boolean functions is
due to its subsumption deletion rather than its accuracy-based fitness. This also clearly
demonstrated that XCS’s much-valued ability to generalise on Boolean functions is not
unique among classifier systems, since SB–XCS was also able to reliably find optimally
general rules and optimal solutions.

XCS learned the 6 multiplexer more quickly both in terms of P (figure 3 of part I)
and [O] (figure 3), suggesting its fitness calculation is more effective at distinguishing
fit and unfit rules than that of SB–XCS (see section 4.3 of part I). We note, however,
that little attempt has been made to optimise SB–XCS.

We also saw that SB–XCS was unable to obtain optimal performance on Woods2,
a sequential decision task. In [16] we provide further analysis which indicates this is
due to strong and fit overgeneral rules, and attempt to give an account of when these
rules occur. It seems fitness sharing is needed by strength-based systems to address this
problem. Although the niche GA should counter strong and fit overgenerals to some
extent [16], we note that SB–XCS employs a niche GA, and so it is clearly not a solution
to this problem.
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We also note, however, that fitness sharing was not needed by SB–XCS to find the
optimal solution for the 6 multiplexer. The next stage in our comparison of strength
and accuracy will be to add fitness sharing to SB–XCS and see whether this enables
it to solve sequential tasks such as Woods2, why this might be so in terms of strong
and fit overgeneral rules, and what the effect of fitness sharing is on the representation
favoured by the system.

The ongoing work towards which this paper has contributed is slowly building a
broad characterisation of the types of classifier systems and classes of problems it is
useful to distinguish for them. It is hoped that this sort of theory will lead to a better
understanding of the utility of various types of classifier systems.
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Abstract. In this paper we present ATNoSFERES, a new framework based on
an indirect encoding Genetic Algorithm which builds finite-state automata con-
trollers able to deal with perceptual aliazing. In the context of our ongoing line
of research, we compare it with XCSM, a memory-based extension of the most
studied Learning Classifier System, XCS, through two benchmark experiments.
We focus in particular on internal state generalization, and add special purpose
features to ATNoSFERES to fulfill that comparison. We then discuss the role
played by internal state generalization in the experiments studied.

Keywords: Evolutionary Algorithms, Learning Classifier Systems, perceptual
aliazing, internal state generalization, ATN1

1 Introduction

Most Learning Classifier Systems (LCS) [5] are used to tackle problems where situ-
ated and adaptive agents are involved in a sensori-motor loop with their environment.
Such agents perceive situations through their sensors as vectors of several attributes,
each representing a perceived feature of the environment. The task of the agents is to
learn the optimal policy – i.e. which action to perform in every situation, in order to
fulfill their goals the best way they can. As in the general Reinforcement Learning (RL)
framework [18], the goal of a LCS-based agent is to maximize the scalar rewards it
receives from its environment. The policy is defined by a set of rules – or classifiers –
specifying the action to choose according to some conditions concerning the perceived
situations.

In real world environments, it may happen that agents perceive the same situation
in several different locations, some requiring different optimal actions, giving rise to a

1 ATN stands for “Augmented Transition Networks”
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perceptual aliazing problem. In such a case, the environment is said non-Markov, and
agents cannot perform optimally if their decision at a given time step only depends
on their perceptions at the same time step. Though they are more often used to solve
Markov problems, there are several attempts to apply LCS to non-Markov problems
([19, 12] for instance).

Within this framework, explicit internal states were added to the classical (condi-
tion, action) pair of the classifiers, e.g. in XCSM [12, 21]. These internal states pro-
vide the additional information required to choose an action when the problem is non-
Markov. The problem of properly setting the classifiers is generally devoted to Genetic
Algorithms (GA).

In this paper, we extend our first comparison presented in [11] between XCSM and
“ATNoSFERES”. The latter is a new system that also uses GA to automatically design
the behavior of agents facing problems in which they perceive situations as vectors of
attributes, and have to select actions in order to fulfill their goals. We show in [11]
that such an evolutionary approach is able to cope with non-Markov environments; in
ATNoSFERES, the goals are represented by a fitness measure (instead of classical LCS
learning techniques).

In the first section, we present the features and properties of the ATNoSFERES
model. It relies upon oriented, labeled graphs (§ 2.1) for describing the behavior and
the action selection procedure. The specificity of the model consists in building this
graph from a bitstring (§ 2.2) that can be handled exactly like any other bitstring of a
GA, with additional operators. Then we show that the graph-based representation is for-
mally very close to LCS representations, and, in particular, to XCSM (§ 3.1). We remind
the results of our previous experiments presented in [11] (§4), and the comparison we
made (§5), that led us to assume that the lack of internal state generalization in ATNoS-
FERES explained the sub-optimality of the solutions that were found. A comparison of
the performance of ATNoSFERES with and without a way to represent internal state
generalization (§ 6) allows us to discuss in detail the validity of this assumption (§7). In
the conclusion, we present further additions that could be made to our model so as to
reach an even higher performance (§8).

2 Description of the ATNoSFERES Model

2.1 Graph-Based Expression of Behaviors

The architecture provided by the ATNoSFERES model [10, 16] involves an ATN graph
[22] which is basically an oriented, labeled graph with a Start (or initial) node and an
End (or final) node (see figure 5). Nodes represent states and edges represent transitions
of an automaton.

Like LCSs, ATNoSFERES binds conditions expressed as a set of attributes to ac-
tions, and is endowed with the ability to generalize conditions by ignoring some at-
tributes. But in ATNoSFERES , the conditions and actions are used in a graph structure
that provides internal states. Such graphs have already been used by [10] for describ-
ing the behavior of agents. The labels on edges consist in a set of conditions (e.g. c1
c3 ?) that have to be fulfilled to enable the edge, and in a sequence of actions (e.g. a5
a2 a4!) that are performed when the edge is chosen. We use those graphs as follows:
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– At the beginning (when the agent is initialized), the agent is at the Start node (S).
– At each time step, the agent crosses an edge:

1. It computes the set of eligible edges among those starting from the current
node. An edge is eligible when either it has no condition label or all the condi-
tions on its label are simultaneously true.

2. An edge is randomly chosen in this set. If the set is empty, then an action is cho-
sen randomly over all possible actions, the current node remains unchanged,
and we do not perform the next two steps.

3. The actions on the label of the current edge are sequentially performed by the
system. Assuming that only one action can be performed by time step, only the
last action is actually performed. When the action part of the label is empty, an
action is chosen randomly.

4. The new current node becomes the destination of the edge.
– The agent stops when it is at the End node (E). This node is a general feature of our

model and may never be reached. This appears to be the case in all the following
experiments (since agents reaching the End node stop moving and thus have a very
low fitness, see § 4).

Having described how the graphs are used, we now present how they are built.

2.2 The Graph-Building Process

The graph describing the behaviors is built from a genotype by adding nodes and edges
to a basic structure containing only the Start and End nodes.

There are many different evolutionary techniques to automatically design structures
such as circuits [8], finite-state machines [2], neural networks [23] or program trees [7].
Very roughly, we can sketch an opposition between, on the one hand, approaches that
use the genotype as an encoding of a set of parameters (like Genetic Algorithms [5, 1,
3] or Evolutionary Strategies [17]) and, on the other hand, approaches that use a single
structure both as the genotype and the phenotype (such as Genetic Programming [7,
15], Evolutionary Programming [2], L-systems [13], developmental program trees, e.g.
[6, 4, 14]).

In the ATNoSFERES model [9], we try to conciliate advantages from both kind
of approaches: on the one hand, since the behavioral phenotype is produced by the
interpretation of a graph, we want it to be of any complexity; on the other hand, we use
a fine-grain genotype (a bitstring) to produce it, in order to allow a gradual exploration
of the solution space through “blind” genetic operators.

Therefore, we follow a two-step process (see figure 1):

1. The bitstring (genotype) is translated into a sequence of tokens.
2. The tokens are interpreted as instructions of a robust programming language, dedi-

cated to graph building.

Translation. Translation is a simple process that reads the bitstring genotype and de-
codes it into a sequence of tokens (symbols). It uses therefore a genetic code, i.e. a
function G : {0, 1}n −→ T (|T | ≤ 2n) where T is the set of possible tokens (the dif-
ferent roles of which will be described in the next paragraph). Depending on the number
of available tokens, the genetic code might be more or less redundant. Binary substrings
of size n (decoded into a token each) are called “codons”.
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Fig. 1. Principles of the genetic expression we use to produce the behavioral graph from the
bitstring genotype. The string is first decoded into tokens (a), which are interpreted in a second
step as instructions (b) to create nodes, edges, and labels (c).

Interpretation. Tokens are instructions of the ATNoSFERES graph-building language
(see table 1). They are interpreted one by one, while the interpreter is fed with the token
stream produced by the translator. The interpretation of each successive token operates
on a stack in which parts of the future graph are stored. The construction of the graph
takes place during this interpretation process, by creating nodes and connections, and
connecting them to the initial Start and End nodes. As in other stack-based languages
(e.g. Forth, PostScript), the data in the stack can also be directly accessed by some in-
structions (e.g. connect, dup: see table 1), by other means that only push/pop operations.

In order to cope with a “blind” evolutionary process (i.e. based on random mutations
on a fine-grain genotype), the graph built by the tokens sequence has to be robust to
mutations [16]. For instance, the replacement of a token by another, or its deletion,
should only have a local impact, rather than transforming the whole graph.

Therefore, if an instruction cannot be executed successfully, it is simply ignored,
and when all tokens have been interpreted, the graph is made consistent, e.g. by linking
Start to nodes without input edges (other than self-connected), or nodes without output
edges to End.

Since any sequence of tokens is meaningful, the graph-building language is highly
robust to any variations affecting the genotype, thus there is no specific syntactical or
semantical constraint on the genetic operators. In addition, the sequence of tokens is to
some extent order-independent and a given graph can be produced from very different
genotypes.

The Graph-Building Language. Table 1 details the tokens that are used to build the
graphs. There are three categories of token:

– stack tokens (swap, dup, ...), that manipulate the stack. They are independent from
the agent abilities or the structure that is built.

– structure tokens (node, connect, ...), that perform atomic structure building steps.
Here they are designed to build graphs. They are also independent from the agent
abilities. Some of these tokens use tokens already in the stack.

a

bitstring

b
tokens

translator

c

structure

interpreter

stack
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Table 1. The graph building language. Here “first” (node, action or condition) refers to the first
(node, action or condition) token encountered while going down the stack.

token resulting actions
stack tokens manipulate the stack

nop no action, the token is just discarded
swap swap the two first tokens

dup push a copy of the first action or condition token
del delete the first action or condition token

dupNode push a copy of the first node token
delNode delete the first node tokena

popRoll pop the token, and puts it on the bottom of the stack
pushRoll take the token from the bottom of the stack, and push it

structure tokens create nodes and connect them with edges
node create a new node and push it

connect create an edge from the first to the second node tokenb,
label the edge with the set of conditions token and the list
of actions token until the second node,
delete the action and condition tokens that were used

startConnect create an edge from the Start node to the first node token,
label the edge with the set of conditions token and the list
of actions token until the node,
delete the action and condition tokens that were used

endConnect create an edge from the first node token to the End node,
label the edge with the set of conditions token and the list
of actions token until the node,
delete the action and condition tokens that were used

agent tokens actions and conditions tokens, specific to the agent
condition? push the condition on the stack
action! push the action on the stack

a it may be a copy: possible other copies of the node still remain in the stack
b they could both be copies of the same node, so it would be a self-connected edge

– agent tokens (actions, conditions), that are specific to an agent, and describe its
abilities. These token are just pushed onto the stack.

2.3 Integration into an Evolutionary Framework

In this paper, the ATNoSFERES model has been applied inside an evolutionary algo-
rithm to produce controllers for agents.

Therefore, each agent has a bitstring genotype from which it can produce a graph
(the genetic code depends on the perception abilities of the agent and on the actions
it can perform). The fitness of each agent is computed by evaluating its behavior in
an environment. Then individuals are selected depending on their fitness and bred to
produce offspring.

The genotype of the offspring is produced by a classical crossover operation be-
tween the genotypes of the parents. Additionally, we use two different mutation strate-
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Fig. 2. In this example, the agent, located in a cell of the maze, perceives the presence/absence of
blocks in each of the eight surrounding cells. It has to decide towards which of the eight adjacent
cells it should move. From its current location, the agent perceives [E ¬NE N ¬NW ¬W ¬SW
S ¬SE] (token E is true when the east cell is empty). From the current state (node) of its graph,
two edges (in bold) are eligible, since the condition part of their label match the perceptions.
One is randomly selected, then its action part (move east) is performed and the current state is
updated.

gies to introduce variations into the genotype of new individuals: classical bit-flipping
mutations, and random insertions or deletions of one codon. This modifies the sequence
of tokens produced by translation, so that the complexity of the graph itself may change.
Nodes or edges can in fact be added or removed by the evolutionary process, as can con-
dition/action labels.

3 Learning Classifier Systems

As explained in the introduction, the problems tackled by LCS are characterized by the
fact that situations are defined by several attributes representing perceivable properties
of the environment. A LCS has to build classifiers, which define the behavior of the
system as shown in figure 3. Within the LCS framework, the use of “#” symbols in
the condition parts of the classifiers results in generalization, since don’t care symbols
make it possible to use a single description to describe several situations. Indeed, a don’t
care symbol matches any particular value of the considered attribute.
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Fig. 3. The agent perceives the presence/absence (resp. 1/0) of blocks in each of the eight sur-
rounding cells (considered clockwise, starting with the north cell). Thus from its current location,
the agent perceives [01010111]. Within the list of classifiers characterizing it, the LCS first
selects those matching the current situation. Then, it selects one of the matching classifiers and
the corresponding action is performed.

The main issue with generalization is to figure out on which conditions can the don’t
care symbols be used so that the actions keep accurate. To do so, LCS usually call upon
a GA.

In the Pittsburg style, the GA evolves a population of LCS with their whole lists
of classifiers. The lists of classifiers are combined thanks to crossover operators and
modified with mutations. The LCS are evaluated according to a fitness measure and the
more efficient ones – with respect to the fitness – are kept. Thus, as in the ATNoSFERES
model, a Pittsburg style LCS evolves a population of controllers.

On the contrary, in the Michigan style, the GA evolves a population of classifiers
within the list of classifiers of a single agent. Here, this is the classifiers which are
combined and modified. A fitness is associated to each classifier and the best ones are
kept. Thus Michigan style LCS use GA to perform online learning: the classifiers are
improved during the life time of the agent. Usually, such LCS rely on utility functions
that depend on scalar rewards given by the environment, as defined in the RL framework
[18].

In most of the early LCS [5], the fitness was defined directly according to the utility
associated to the classifier. After having defined a very simple LCS called ZCS in [20],
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Wilson found much more efficient to define the fitness according to the accuracy of the
utility prediction. The resulting system, XCS [21], is now the most widely used LCS to
solve Markov problems.

3.1 XCSM

Dealing with simple Condition-Action classifiers does not endow an agent with
the ability to behave optimally in perceptually aliazed problems. In this kind of prob-
lems, it may happen that the current perception does not provide enough information to
always choose the optimal action: as soon as the agent perceives the same situation in
different states, it will choose the same action though this action may be inappropriate
in some of these states (see figure 4).

For such problems, it is necessary to introduce internal states in the LCS. [19] pro-
posed a way to probalistically link classifiers in order to bridge aliazed situations. In
contrast, Lanzi [12] proposed XCSM, where M stands for Memory, as an extension of
XCS with explicit internal states. XCSM manages an internal memory register com-
posed of several bits that explicitly represent the internal state of the LCS. The mem-
ory register provides XCSM with more than just the environmental perceptions. Thus,
dealing with perceptual aliazing is made possible by adding information from the past
experience of the agent. As a result of this addition, a classifier contains four parts
(see table 6): an external condition about the situation, an internal condition about the
internal state, an external action to perform in the environment and an internal action
that may modify the internal state.

The internal condition and the internal action contain as many attributes as there
are bits in the memory register. In order to be selected by the LCS, a classifier has
to match with both the external and internal conditions. When it is selected, the LCS
performs the corresponding action in the environment and modifies the internal state
if the internal action is not composed only of “#” symbols. When a classifier is fired,
a don’t change symbol in the internal action results in not changing the corresponding
bit in the memory register. Like XCS, XCSM draws benefits from generalization in the
external condition, but also in the internal condition and the internal action.

As explained in more details in [11], an ATN such as those evolved by ATNoS-
FERES can be translated into a list of classifiers. The nodes of the ATN play the role
of internal states in XCSM and make ATNoSFERES able to deal with perceptual aliaz-
ing. Thus it is natural to compare ATNoSFERES with XCSM. The edges of the ATN
are characterized by several informations which can also be represented in classifiers:
the source and destination nodes of the edge are respectively equivalent to the internal
condition and the internal action; the conditions associated to the edges correspond to
the external conditions of the classifiers; the actions associated to the edges correspond
to the external actions of the classifiers.

4 First Experiments

4.1 The Perceptual Aliazing Problem

In [11], our purpose was to compare the evolutionary use of ATNoSFERES with XCSM
with respect to their ability to deal with non-Markov problems. In order to provide that
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FS1_1 S1_2 S1_4

S2_1 S2_2 S2_3 S2_4

S3_1 S3_2

S4_1 S4_2S5_1 S5_2

S7

S8 S9

S6

S4_3

Fig. 4. The Maze10 environment. F represents the goal to reach (food). The agent starts from
any cell of the maze; a few cells are unambiguous (Si) but in the other ones the same perceptual
situations may require either similar actions or different ones (e.g. go north in S2 {1,2,4} but go
south in S2 3).

comparison, we experimented our model in the Maze10 environment, for which [12]
provides empirical results obtained with XCSM.

4.2 Experimental Setup

We tried to reproduce an experimental setup close to that used in [12] with the Maze10
environment, with regards to the specificities of our model.

The agents used for the experiments are able to perceive the presence/absence of
blocks in the eight adjacent cells of the grid. They can move in those adjacent cells
(the move will be effective when the cell is empty or contains food). Thus the genetic
code includes 16 condition and 8 action tokens. In order to encode 24 condition-action
tokens together with 7 stack manipulation and 4 node creation/connection tokens, we
need at least 6 bits to define a token (26 = 64 tokens, which means that some tokens
are encoded twice).

Each experiment involves the following steps:

1. Initialize the population with N = 300 agents with random bitstrings.
2. For each generation, build the graph of each agent and evaluate it in the environ-

ment.
3. Select the individuals with higher fitness (namely, 20 % of the population) and

produce new ones by crossing over the parents. The system performs probabilistic
mutations (with a 1% rate) and insertions or deletions of codons (with a 0.5% rate)
on the bitstring of the offspring.

4. Iterate the process with the new generation.

In order to evaluate the individuals, they are put into the environment, starting on a
blank cell in the grid, and they have to find the food within a limited amount of time.
The agent cannot perceive the food, and it can perform only one action per time step;
when this action is incompatible with the environment (e.g. go west when the west cell
contains an obstacle), it is simply discarded (the agent loses one time step and stays on
the same cell). Its fitness for each run is: F = D − K + B + 2 ∗ R (F : fitness for the
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S (00) 01

~E ?
N!

E ~NW ?
E!

NE ?
NE!

N ~NE ?
N!

NE ?
NE!

E ?
E!
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~E ~N ?
W!

N ?
S!

~NW ~N ?
SW!

E (11)

Fig. 5. Graph of the best individual in a representative experiment.

EC IC EA IA
E NE N NW W SW S SE
1 # # # # # # # 00 N 01
0 # # 1 # # # # 00 E 01
# 0 # # # # # # 00 NE 01
# 1 0 # # # # # 01 N ##
# 0 # # # # # # 01 NE ##
0 # # # # # # # 01 E ##
1 # 1 # # # # # 01 W 10
# 0 # # # # # # 10 S ##
# # 1 1 # # # # 10 SW ##

Fig. 6. A LCS-like representation of the graph on figure 5. EC: external conditions, IC: internal
conditions, EA: external actions, IA: internal actions.

run; D: number of blank cells that have been discovered during the run; K: time steps
spent on already known cells; B: bonus when the food is found; R: remaining time if
the food has been found within the time limit). Thus, the selection pressure encourages
short paths to food and exploration. At each time step, the current cell is added to the
set of already-known cells (in order do compute D and K). The term 2 ∗R ensures that
a short path including an already-known cell is still preferred to a a longer path with
only distinct cells. Each agent is evaluated 4 times starting on each empty cell, then its
total fitness is the sum of the fitnesses computed for each run. In the optimal case, with
B = 30 and a 20 time steps limit, the fitness is 4500.

The experiments reported here were carried out on various initial genotype sizes,
from 300 to 540 bits. The original population genotype sizes change during evolution.
Each experiment has been bounded by 10,000 generations, which is sufficient in most
cases to reach high enough fitness values.

4.3 Results

Figure 5 presents a behavioral graph obtained by the best individual in a representative
experiment. It has also been represented in a LCS-like formalism (fig. 6).
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The agent whose graph is described in figure 5 has the following behavior: from
any vertical corridor, it first reaches the horizontal corridor, then the NE corner, and
finally goes straight to the food. This is a nearly optimal solution. Especially, there
are clear distinctions between the bottom of vertical corridors (N ¬NE identifies cells
S{1,2} n), the top of vertical corridors (NE → S6, S7, S3 n), the horizontal corridor (E
→ S8, S{4,5} n) and the crucial NE corner (S9 is identified by ¬E ¬N ¬NW).

5 Discussion of the First Experiments

In [11], we presented a discussion resulting from the comparison between our model
and XCSM. The main points we made were the following.

Minimality of Representation: While XCSM produces a constant size list of classifiers
into which the size of the external conditions part and of the memory register must be
chosen in advance, ATNoSFERES builds a graph whose number of nodes, edges, and
labels on the edges can be minimal to solve the given problem (agreed that we focus
on the best agent only). Hence the graph built by ATNoSFERES can be minimal while
XCSM model cannot.

Reinforcement Learning and Classifier Selection: One important advantage of LCS
with respect to ATNoSFERES is that the forces of classifiers are learnt through a RL
algorithm. In order to remedy the fact that ATNoSFERES does not use RL, it is neces-
sary to include into the fitness function elements that carry some information about the
actual behavior of the agent (see §4.2).

Readability: As we showed in [11], one important advantage of ATNoSFERES with
respect to XCSM is that the ATN resulting from the evolution is very easy to understand.
Another key difference is that, in XCSM, the sequence of internal states of the agent
during one run is not explicitly stated and must be derived by hand through careful
examination. On the contrary, this sequence is perfectly clear when one reads an ATN.
Furthermore, the internal state is very stable in ATNoSFERES. But this advantage of
ATNoSFERES has its counterpart that will be discussed next: ATNoSFERES cannot
easily represent Condition-Action rules that can be fired whatever the internal
state is, as it is the case in XCSM with an internal condition composed of “#” only.

Generalization: In XCSM, a # in the internal condition allows the classifier to be ap-
plied whatever the internal state represented by the memory register is. This mechanism
permits action regardless of the internal state. On the contrary, the tokens that have been
chosen in those first experiments (see tab. 1) prevent ATNoSFERES from dealing with
a default behavior, since connection tokens create edges (i.e. rules) between two nodes
(i.e. two internal states). We investigate this point further in §6.

Optimality: Results given in [11] showed that the behavior obtained on Maze10 with
ATNoSFERES was not completely optimal, and that obtaining the optimal graph would
require a major structural change in the graph with respect to the low selective advan-
tage.
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6 New Experiments

6.1 Evaluating the Need for State Generalization

In [11], we concluded from the previous discussion by assuming that the ability of
XCSM classifiers to deal with a default behavior, regardless of the internal state was a
key advantage of XCSM over our model. Therefore we will now present our attempt
to add an internal state generalization property to our model by extending the graph
building language, with a new defaultSelfConnect token (see table 2).

Table 2. Extension to the graph building language (see table 1). Here “first” node refers to the
first node token encountered while going down the stack.

token resulting actions
. . .

structure tokens create nodes and connect them with edges
. . .

defaultSelfConnect creates an edge from all the already present nodes to themselves,
labels the edges with the set of conditions token and the list
of actions token until the first node,
deletes the action and condition tokens that were used

00 c?
a!

01 c?
a!

10 c?
a!

self transitions
IC IA

present on states:
00 00 ##

00, 01 0# ##
00, 01, 10 ## ##

Fig. 7. Different self-connection combinations and their translation in the XCSM formalism. IC:
internal condition, IA: internal action.

We emphasize that, since only the already created nodes will be self-connected, the
level of state generalization depends on the time when this token gets interpreted. For
example, if a defaultSelfConnect comes before all the internal nodes of the graph are
created, then the next nodes will not be affected by this self-connecting instruction.

As shown in figure 7, self-connecting transitions on nodes is equivalent to the pres-
ence of # in internal condition and/or internal action parts in XCSM. More precisely, as
the figure shows, if only the transition in node 00 is present, it is equivalent to a com-
pletely specified internal condition, while if the same transition is present in all nodes,
it is equivalent to a completely unspecified internal condition and internal action.

6.2 12-Candlestick Experimental Setup

In our previous experiments on Maze10, the best fitness was about 98% of the maximum
theoretic fitness. Since these results are very close to optimality, Maze10 experiments
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do not provide a large enough opportunity for improvement to clearly probe the effi-
ciency of the new encoding. Therefore, we propose a new candlestick-like maze (see
figure 8) where the advantage of the defaultSelfConnect enabled language should be
more significant with respect to the one without that token.

The agent starts from the top cells of any of the vertical corridors. We consider those
starting locations only, because we are focusing on the generalization abilities, rather
than searching for a general behavior to solve that maze from any starting cell. While
going south along the “candles” from the 12 top cells, thanks to an empty cell on the
side, the agent can determine which direction to take afterwards once it reaches the
bottom of the candles. Indeed there is no ambiguity for far-right and far-left candles.

F

S1_1 S1_2 S1_3 S1_4 S1_5 S1_6 S1_6 S1_7 S1_8 S1_9 S1_a S1_b

S2_1 S2_2 S2_3 S2_4 S2_5 S2_6 S3_1 S3_2 S3_4S3_3 S3_5 S3_6

S2_7 S3_7

S4_1 S4_2 S4_3 S4_4 S4_5 S4_6 S5_1 S5_2 S5_3 S5_4 S5_5 S5_6S6_1 S6_2 S6_3 S6_4 S6_5 S6_6 S7_1 S7_2 S7_3 S7_4 S7_5 S7_6

S8_1 S8_2 S8_3 S8_4 S8_5 S8_6 S9_1 S9_2 S9_3 S9_4 S9_5 S9_6

Sa_1 Sa_2 Sa_3 Sa_4 Sa_5 Sa_6 Sa_7 Sa_8 Sa_aSa_9 Sa_b Sa_c

Sa_d

Sb_1 Sb_2 Sb_3 Sb_4 Sb_5 Sb_6 Sb_7 Sb_8 Sb_9 Sb_a

Sc SdSe_1 Se_2 Se_3 Se_4 Se_5Sf_1 Sf_2 Sf_3 Sf_4 Sf_5 Se_6 Sf_6 Se_7 Sf_7 Se_8 Sf_8 Se_9 Sf_9 Se_a Sf_aSg_1 Sg_2 Sg_3 Sg_4 Sg_5 Sg_6 Sg_7 Sg_8 Sg_9 Sg_aSh SiSj

Sk

Fig. 8. The 12-Candlestick environment. F represents the goal to reach (food) from the 12 higher
squares; 5 cells are unambiguous (Si). In the other ones the same perceptual situations may
require either similar actions or different ones (e.g. go west in Sg {1,2,3,4,5} but go east in
Sg {6,7,8,9,a}).

The internal state management strategy we have envisioned in designing this exper-
iment is the following. The agent just needs one bit of memory. This bit is set when the
agent sees an empty space on its left hand side or on its right hand side, and represents
whether it is in the left part or the right part of the candlestick. This informations suf-
fices to choose the right direction when it reaches the bottom of the candles. Given this
internal state management strategy, the necessity to generalize on the internal state val-
ues becomes clear when one considers all the {Sa i} cells. In all those cells, which are
represented by the same perceptual conditions, the agent must go south, i.e. choose the
same action, whether it is in the left part or the right part of the candlestick. In the for-
malism of ATNoSFERES, this means that it must follow the same transition whatever
the internal state is.

As a result of this property of the 12-Candlestick maze, only the agents following
the internal state management strategy presented above can obtain an optimal perfor-
mance. Any other strategy implies that the agents make additional steps in order to
choose the correct directions. Indeed, disambiguating by visiting the far-left or far-right
corners like the strategy obtained in Maze10 would imply a too costly detour with re-
spect to the optimal path. But, as it will become clear in the remainder of that paper,
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even if this optimal behavior can be eventually obtained without using the defaultSelf-
Connect token, it is nevertheless achieved more often with it.

The experimental setup is similar to the one in our previous Maze10 experiments,
except for the genetic encoding and the fact that the agent does not start from all the
empty cells. Like before, we need at least 6 bits to define a token, but this time in
order to observe the influence of our special token, we use two genetic encodings. In
the first encoding, we use the nop token, while in the second, it is replaced by the
defaultSelfConnect token.

The agent is evaluated 6 times starting in each of the 12 top blank cells. The fitness
function is the one of Maze10 experiments. In the optimal case, with B = 50 and
a 30 time steps limit, the fitness is 6732. As for the Maze10 experiments, we made
the experiments for 5 different initial genotypes length (300, 360, 420, 480 and 540
bits). During the experiments, the genetic operators might change the lengths of the
genotypes.

6.3 12-Candlestick Experiment Results

Figures 9 and 11 respectively show the best solutions found with and without the de-
faultSelfConnect token. The fitness of both these individuals is 6726 for a maximum of
6732. The missing points are lost when the agent passes through the corner at the foot
of the far-right candle (see figure 8, cell Sd), instead of going directly from S3 7 to Sf a.
Since there are 6 evaluation per “candle”, it loses 6 times 1 point.

S (00)

01

~E?
S!

N ~NW S ~SE?
S!

SW ~S?
SW!

SE?
SE!

~SE ~SW ~S?
E!

10

~E NW S?
S!

~S ~SW?
W!

~E SW ~W?
SW!

N ~NW S ~SE?
S!

SW ~S?
SW!

SE?
SE!

S?
S!

E (11)

Fig. 9. 12-Candlestick. Graph of the best indi-
vidual using the defaultSelfConnect token. The
token appears 3 times, after the 2 nodes were
created, so there are 3 identical self-connecting
edges for both nodes.

EC IC EA IA
E NE N NW W SW S SE
0 # # # # # # # 00 S 01
# # # # # 0 0 0 01 E ##
0 # # 1 # # 1 # 01 S 10
# # # # # # 1 # 10 S ##
# # # # # 0 0 # 10 W ##
0 # # # 0 1 # # 10 SW ##
# # 1 0 # # 1 0 ## S ##
# # # # # 1 0 # ## SW ##
# # # # # # # 1 ## SE ##

Fig. 10. A LCS-like representation of the graph
on figure 9. The three last classifiers correspond
to self-connecting edges in the graph. EC, IC,
EA, IA: see figure 6.

6.4 Discussion of 12-Candlestick Results

As figure 13 shows, the average fitness obtained with the defaultSelfConnect token in
the 12-Candlestick experiment is significantly better than the one obtained without that
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Fig. 11. 12-Candlestick. Graph of the best indi-
vidual not using the defaultSelfConnect token.

EC IC EA IA
E NE N NW W SW S SE
# # # # # # # # 00 S 01
# # # # # 0 0 # 01 W ##
# # # # # # 1 0 01 S ##
# # 0 # # 1 # # 01 SW ##
# # 1 0 # 1 # 1 01 SW ##
# # # # # 0 # 1 01 S 10
0 0 # # 0 # 1 1 10 SE ##
# # # # # 0 # 1 10 SE ##
# # 1 # # # 1 0 10 S ##
# # # # # # 0 0 10 S ##

Fig. 12. A LCS-like representation of the graph
on figure 11. EC, IC, EA, IA: see figure 6.
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Fig. 13. 12-Candlestick. Average fitness with
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Fig. 14. Maze10. Average fitness with and with-
out self token.

token. The difference between the performances in both cases according to the different
initial lengths of the bitstrings is given on figure 15 and 16. We can clearly see from
these figures that the defaultSelfConnect token conveys a selective advantage to our
agents.

The purpose of making these experiments on the 12-Candlestick maze is to check
that the defaultSelfConnect token is working well and provides the property for which
it was designed. But, since the 12-Candlestick maze is specially designed to favor the
use of the defaultSelfConnect token, it is also necessary to check whether or not this
property can be generalized to Maze10, even if we expect less significant results.

6.5 Second Maze10 Experimental Setup

The experimental setup is that of our previous Maze10 experiments (see section 4.2),
except for the genetic encoding. Like in the previous experiments, in order to observe
the influence of our defaultSelfConnect token, both genetic encoding tested differed
only by one codon: nop for the first, and defaultSelfConnect for the second, as we did
in section 6.2
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Fig. 15. 12-Candlestick. Fitness without de-
faultSelfConnect token.
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Fig. 16. 12-Candlestick. Fitness with default-
SelfConnect token.
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Fig. 17. Maze10. Graph of the best individual
using the defaultSelfConnect token for Maze
10. The token appears 1 time, and is applied on
one node only.

EC IC EA IA
E NE N NW W SW S SE
1 # 0 # # # # # 00 E 01
0 # # # # 0 # # 00 N 01
# 1 # # # # # # 01 NE ##
0 0 # # 0 0 # # 01 N ##
1 # # # # # # # 01 E ##
0 # 0 # # # # # 01 W 10
0 # # # # # # # 10 S ##
# # 0 # # 0 # # 10 # ##
1 # # # 1 # # # 10 SW ##

Fig. 18. A LCS-like representation of the graph
on figure 17. EC, IC, EA, IA: see figure 6.

6.6 Second Maze10 Experiment Results

The best solutions, respectively with and without the defaultSelfConnect token, are
shown in figures 17 and 19. The best fitness for both genetic encodings (with and with-
out the defaultSelfConnect token) are close to each other, respectively 4448 and 4436
for a maximum of 4500. This best fitness was found in 3 experiments for the first, and
only one time for the second, over the 50 experiments run for each genetic encoding. As
in our previous Maze10 experiments, most of the points are lost when reaching the NE
corner when coming from the west of the maze, and other points are also lost when the
agent goes in or out of some columns by passing through the cell on top of it, instead
of using a diagonal move.

7 Further Discussion

From figures 13 and 14, it is clear that ATNoSFERES obtains better performance both
on 12-Candlestick and on Maze10 with the defaultSelfConnect token than without it.
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Fig. 19. Maze10. Graph of the best individ-
ual not using the defaultSelfConnect token.
The edge between 010 and 100 is actually
never crossed.

EC IC EA IA
E NE N NW W SW S SE
# # 0 # # # # # 000 E 001
# # 1 # # # # # 000 N 001
1 # 0 # # # # # 001 E ###
# # 1 # # # 1 # 001 N ###
# 0 # 1 # # # 0 001 NW 011
0 # 0 # # # # 0 001 W 011
1 # 0 # # # # # 011 SW 010
# # # # # # # # 010 S ###
# # 1 # # 1 # 1 010 NW 100

Fig. 20. A LCS-like representation of the graph on
figure 19.EC, IC, EA, IA: see figure 6.

The optimal behavior is never reached, however (the best solution is 0.1% below
this optimum). The best individual on the 12-Candlestick, presented on figure 9, uses
the defaultSelfConnect token as expected, so as to represent a completely unspecified
internal state. This result seems to support our initial assumption according to which
being able to generalize on the internal state is important to solve such behavioral prob-
lems, and results on Maze10 seem to confirm the generality of the assumption.

But a closer examination of the best individuals obtained through other experi-
ments reveals that our assumption must be refined. In particular, the best individual
on Maze10, presented in figure 17, uses the defaultSelfConnect token when there is
only one node in the stack. More generally, it appears that the defaultSelfConnect token
has been used many times to add only one self-connecting transition in the graph, or
none at all (if no node is present when defaultSelfConnect is interpreted).

As explained in figure 7, since the interpretation of that token results in the addition
of self-connecting transitions only to the nodes already present in the stack, it does not
always result in the equivalent of full generalization on the internal state. In particular,
when there is only one self-connecting transition in the graph, the interpretation of the
defaultSelfConnect token results in the equivalent of a fully specified internal condition
part followed by an unspecified internal action part.

Interestingly, however ATNoSFERES can obtain one self-connected node without
using the defaultSelfConnect token. But doing so requires that much more constraints
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on the bitstring are fulfilled. Thus a self-connected node is much less likely to happen
without the defaultSelfConnect token.

So it may be that ATNoSFERES gets a better performance with the defaultSelfCon-
nect token than without it just because having self-connecting transitions is a beneficial
property and having that token significantly increases the probability to have that prop-
erty.

Hence, what this more detailled study seems to reveal is that, when several internal
states are necessary to solve a non-Markov problem, it is important that the system
keep the possibility to specify (condition, action) transitions without being compelled
to change its internal state.

As a result of these new findings, we still cannot definitively conclude yet on whether
it is having the ability to generalize on the internal state or having the ability to represent
stable internal state that is the most beneficial property in the problems studied in this
paper.

8 Conclusion and Future Work

In the context of a comparison between XCSM and ATNoSFERES, we have studied
in this paper the importance of the ability to represent generalized internal states. In
order to do so, we have introduced a new defaultSelfConnect token which adds a self-
connecting transition to all the nodes already present in the stack. We have also pre-
sented a new maze experiment specially designed to advantage systems able to gener-
alize on the internal state.

Our experiments have shown that the performance of our system is significantly bet-
ter with this addition. But, while this result seems to support the conclusion that being
able to generalize on the internal state is a significant property of adaptive algorithms, a
closer examination of what really happened during the experiments reveals that our de-
faultSelfConnect token has also been used for a different purpose than just generalizing
on the internal state. That token seems to have another interesting property than the one
for which it was designed.

In order to be able to conclude more accurately on the relative role played by the
internal state generalization property and the stable internal state property, more exper-
iments will be necessary. We believe that going into an even more detailled comparison
between XCSM and ATNoSFERES on the two experiments presented above will help
identifying further what is really necessary to reach an optimal behavior. In particular,
we should try to assess the distinctive roles of generalization on the internal condition
and on the internal action parts, by adding one or two specialized tokens representing
each property independently of the other.
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Abstract. Evolutionary learning systems (also known as Pittsburgh learning
classifier systems) need to balance accuracy and parsimony for evolving high
quality general hypotheses. The learning process used in evolutionary learning
systems is based on a set of training instances that sample the target concept to
be learned. Thus, the learning process may overfit the learned hypothesis to the
given set of training instances. In order to address some of these issues, this paper
introduces a multiobjective approach to evolutionary learning systems. Thus, we
translate the selection of promising hypotheses into a two-objective problem that
looks for: (1) accurate (low error), and (2) compact (low complexity) solutions.
Using the proposed multiobjective approach a set of compromise hypotheses are
spread along the Pareto front. We also introduce a theory of the impact of noise
when sampling the target concept to be learned, as well as the appearance of
overfitted hypotheses as the result of perturbations on high quality generalization
hypotheses in the Pareto front.

1 Introduction

This paper deals with a learning classifier system (LCS) [1–4] known as an evolutionary
learning system (ELS), or Pittsburgh classifier system [5–8]. Among other character-
istics, evolutionary learning systems use variable-size individuals. The main reason for
using this kind of individual is because an individual must be a complete solution to
the classification problem. That is, an individual codifies an hypothesis of the target
concept to be learned. In order to perform the learning, ELSs use a set of instances
that are a sample of the target concept to be learned. Thus, like other machine learn-
ing algorithms, ELSs assume that the target concept do not change over time. Some
variable-size knowledge representation of hypotheses often used in ELSs include rule
sets, instance sets, or decision trees [9].
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Traditionally, the evolutionary-driven learning process of ELSs has focused on the
evolution of accurate hypotheses that correctly classify the available training instances.
However, this approach does not solve some relevant issues of machine learning algo-
rithms [10]. The first one is described by Occam’s razor. Given two equally accurate
hypotheses, we prefer the simplest one. Thus, if the hypotheses are represented as a set
of rules, we prefer the one with fewer rules, or in other words, the most general and
accurate hypothesis that describes the target concept. The second issue is the quality of
the evolved hypothesis in terms of generalization accuracy (accuracy of an hypothesis
given unseen instances of the target concept). Since ELSs use a training set that is a
sample set of the target concept, an ELS may evolve an overfitted hypotheses to the
given training data set. This is a critical issue in real-world learning problems. There-
fore, the evolved hypotheses, in order to achieve a high quality generalized accuracy on
the target concept, must avoid over-adapted solutions. If not, the hypotheses may have
poor performance when tested on unseen instances of the target concept.

Another problem that ELSs have to address is the bloat phenomenon. Bloat can
be defined as the individual size growth without fitness improvement. This problem is
well-known in the genetic programming (GP) community [11–22], as well as in ELSs
[23–25], especially when the ELSs are used for solving data-mining tasks.

Some efforts to address Occam’s razor and bloat introduce direct penalties also
known as parsimony pressure. The goal of parsimony pressure is to bias the evolution
of the hypotheses toward solutions that balance accuracy and size. Introducing explicit
selection bias toward generalization, a common parsimony pressure introduces a static
(or adaptive) tradeoff between the accuracy and the size of the evolved hypotheses,
constraining the search path of the evolutionary algorithm. This fact often guides the
learning algorithm toward a collapsed population where all the individuals represent
the most general hypothesis. In other words, if the hypotheses are represented using a
set of rules, the individuals codify hypotheses that contain only one rule that matches
everything.

In order to address the generalization issues discussed previously, here we address
parsimony and generality by transforming an ELS into a two-objective problem. This
multiobjective approach uses two different objectives for a given hypothesis: (1) accu-
racy (low error), and (2) compactness (low complexity hypotheses under the Occam’s
razor). The first one guarantees that we solve the problem accurately, whereas the sec-
ond introduces generalization pressure toward compact solutions. Our proposal is based
on the concept of a Pareto optimal set [26–29]. Roughly explained, we want to spread
the evolved hypotheses over the Pareto front of the learning problem. Thus, the multiob-
jective selection pressure coevolves different solutions with different tradeoffs between
accuracy and complexity. Therefore, once the evolutionary learning process is done, we
will be able to choose among the different hypotheses (and their associated tradeoff).
Moreover, the Pareto front of the evolved population lets us gain some theoretical in-
sights on the behavior of the proposed multiobjective ELSs. Our analysis is twofold. On
one hand, we study the effect of noise when sampling the target concept. On the other
hand, we also make some considerations about the overfitting of the evolved hypothesis
in terms of the Pareto front of the population.
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The paper is structured as follows. Section 2 presents some related work from GP
and ELSs efforts for controlling bloat, as well as some work done using multiobjec-
tive optimization. Then, section 3 presents a description of the multiobjective fitness
evaluation proposed to achieve the goals of this paper. Section 4 describes how the
multiobjective fitness evaluation is used in two learning systems (the first one based
on genetic algorithms (GA), whereas the second relies on evolution strategies (ES)).
Some experiments using both algorithms are summarized in section 5. Finally, section
6 discusses the conclusions of this work, as well as some future work.

2 Related Work

One of the main problems that arises with the evolution of variable-size individuals is
the bloat phenomenon [30]. Bloat is usually defined (in GP terms) as the code growth of
individuals without any fitness improvement. Unfortunately ELSs that use variable-size
representations also suffer from bloat. In ELSs, this phenomenon may appear in two
different forms: (1) the addition of useless rules, or (2) the evolution of over-specific
rules.

Early works in GP reported unexpected code growth of individuals that did not im-
prove fitness [11–13, 30]. This phenomenon was called bloat [30]. Banzhaf and Lang-
don [21] categorize being of bloat as two disputed types. The first is known as “fitness
causes bloat” [16], whereas the second is referred as “natural code is protective” [15].
Fitness selection bias favors individuals with the same fitness regardless of their size.
This means that given an individual, there is a set of individuals (almost infinite) that
share the same fitness value, but with a larger code. Therefore, once a given fitness value
has been reached, the search becomes a random walk among these bigger individuals
without an improvement in fitness. On the other hand, bloat also appears as neutral code
that does not take part in fitness computation. This neutral code increases the size of the
individual and as a consequence it reduces the probability that the genetic operators
disrupt useful code.

Many different approaches and studies to control code growth have been developed
in the GP community [14, 17–19, 22]. Some of them impose a parsimony pressure to-
ward compact individuals by varying fitness or through specially tailored operators,
among others. Recently, an approach has been proposed by Bleuler, Brack, Thiele, and
Zitzler [20] in which they address bloat as a multiobjective optimization problem. The
two objectives are to: (1) maximize fitness, and (2) minimize size. In order to achieve
this goal, they used a multiobjective evolutionary algorithm known as SPEA2 [31–33].

Several authors have studied the growth of individuals in Pittsburgh classifier sys-
tems, but they have not addressed this problem from a multiobjective point of view. The
most common approach is to introduce a parsimony pressure in the fitness function, in
such a way that the fitness of larger individuals is decreased [24, 25, 23]. For example,
in [23] the bloat is controlled by a step fitness function: when the number of rules of an
individual exceeds a certain maximum, its fitness is decreased abruptly. One problem
of this approach is to set this threshols value appropriately. Bacardit and Garrell [25]
define a similar fitness function, as well as a set of operators for the deletion of introns1

1 Non-coding segments. In GP literature this concept has also been termed non-effective code
[21].
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[34] (rules that are not used in the classification) and a tournament-based selection op-
erator that considers the size of individuals. The authors argue that the bloat control has
an influence over the generalization capability of the solutions. It has been observed
that shorter rule sets tend to have more generalization capabilities [35, 25, 34].

Therefore, the use of a parsimony pressure has beneficial effects: it controls the un-
limited growth of individuals, increases the efficiency in the search process and leads
to solutions with better generalization. Nevertheless, the parsimony pressure must be
balanced appropriately. An excessive pressure toward small individuals could result in
premature convergence leading to compact solutions but with suboptimal fitness [34],
or even in a total population failure (population collapses with individuals of minimal
size). Soule and Foster [17] showed that the effect of parsimony pressure can be mea-
sured by calculating explicitly the relationship between the size and the performance of
individuals within the population. Based on these results, it seems that a multiobjective
approach may overcome some of these difficulties. Instead of balancing the parsimony
pressure, a multiobjective approach based on the concept of the Pareto front [26–29] can
coevolve a set of solutions with different tradeoffs between size and accuracy. Spread-
ing these solutions among the Pareto front implicitly balances the relationship between
the generality and the performance of individuals within the population. Doing so may
also have the benefit of providing a richer set of diverse rules to enhance the search
capability of the scheme.

In the field of evolutionary fuzzy models, there have been some proposals with
the use of multiobjective techniques. Gómez-Skarmeta, Jiménez, and Ibáez [36] use a
multiobjective evolutionary algorithm to generate and tune fuzzy models. The system
obtains a collection of fuzzy rule sets along the discovered Pareto front, which is defined
by the minimization of two objectives: the quadratic mean error and the number of
rules. Although the minimization of the number of rules is an objective included in
the evolutionary search, the number of rules is previously limited by a parameter tuned
by the user. In their work, the multiobjective algorithm is used as a tool for providing
multiple solutions to the decision maker, who has to decide a posteriori the best solution
according to the problem environment. Jiménez, Gómez-Skarmeta, Roubos, and Robert
[37] also define a multiobjective evolutionary algorithm to obtain fuzzy models. They
identify several objectives such as the accuracy, the similarity between fuzzy sets, and
the number of rules, but their final approach does not include the number of rules as an
objective to minimize because, according to the authors, it led to sub-optimal solutions.

Our proposal uses a multiobjective evolutionary approach which minimizes the clas-
sification accuracy and the size (number of rules). Besides controlling the number of
rules (bloat) dynamically, this would allow the formation of compromise hypotheses.
This explicit tradeoff formation let us explore the generalization capabilities of the hy-
potheses that form the Pareto front. In certain environments like data mining, where the
extraction of explanatory models is desirable, high quality general solutions (in terms
of accuracy out of sample, or compactness of hypotheses) are useful. For instance, the
presence of noise in the data set may lead to accurate but overfitted solutions. Maintain-
ing a Pareto front of compromise solutions we can identify the overfitted perturbations
of high quality general hypotheses. Therefore, evolving a set of different compromise
solutions between accuracy and generalization, we can postpone the decision of picking
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the “best rule set” to the final user (decision maker), or combine them all using some
bagging technique [38, 39, 9].

3 Multiobjective Evolution and Evolutionary Learning Systems

Since multiobjective optimization plays a central role in the work presented here, this
section summarizes some relevant issues. First, we briefly summarize some multiobjec-
tive optimization definitions in subsection 3.1. Then, subsection 3.2 presents how we
can use a multiobjective approach to address the bloat phenomenon that usually appears
on variable-size individuals evolved in some learning systems. Finally, subsection 3.3
discusses the usefulness of evolving a classification front in a learning system.

3.1 Multiobjective Optimization

In a multiobjective optimization problem (MOP) [29] a solution �x ∈ Ω is repre-
sented as a vector of n decision variables �x = (x1, . . . , xn), where Ω is the deci-
sion variable space. We want to optimize k objectives which are defined as fi(�x), with
i = 1 . . . k. These objectives are grouped in a vector function denoted as F (�x) =
(f1(�x), . . . , fk(�x)), where F (�x) ∈ Λ. F is a function which maps points from the
decision variable space Ω to the objective function space Λ:

F : Ω �−→ Λ
�x �−→ �y = F (�x) (1)

Without loss of generality, we can define a MOP as the problem of minimizing a
set of objectives F (�x) = (f1(�x), . . . , fk(�x)), subject to some constraints gi(�x) ≤ 0,
i = 1, . . . , m. These constraints are necessary for problems where there are invalid so-
lutions in Ω. Although the MOP’s definition addresses a minimization problem, MOP
is not limited exclusively to minimization. MOP can be applied to maximization prob-
lems as well as to problems where some objectives must be minimized and some others
maximized. Nevertheless, in the rest of this section we will assume a minimization
MOP.

A solution that minimizes all the objectives and satisfies all constraints may not ex-
ist. Sometimes, the minimization of a certain objective implies a degradation in another
objective. Then, there is not a global optimum that minimizes all the objectives simul-
taneously. In this context, the concept of optimality must be redefined. Vilfredo Pareto
[26] introduced the concept of dominance and Pareto optimum to deal with this issue.

In general terms, a vector �u dominates another vector �v, written as �u � �v, if and only
if every component ui is less or equal than vi, and at least there is one component in �u
which is strictly less than the corresponding component in �v. This can be formulated as
follows:

�u � �v ⇐⇒ ∀i ∈ 1, . . . , k , ui ≤ vi ∧ ∃i ∈ 1, . . . , k : ui < vi (2)

For example, given a MOP with three objectives and the vectors �u = F (�x1) =
(1, 1, 2) and �v = F (�x2) = (1, 2, 2), we notice that �u � �v. However, if �u = (1, 1, 2)
and �v = (1, 2, 1), neither �u dominates �v nor �v dominates �u.
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Fig. 1. In this hypothetical example we have a two objective problem with two decision variables.
Solutions are mapped from the decision variable space to the objective function space. The shad-
owed area in decision variable space represents the Pareto optimal set and the continuous line in
objective function space the Pareto front. A simple mathematical example of this kind of behavior
can be displayed using f1(x1) = (x1 − 2)2 and f2(x2) = (x2 − 4)2.

The concept of Pareto optimality is based on the dominance definition. Thus, a
solution �x ∈ Ω is Pareto optimal if there is not any other solution �x′ ∈ Ω whose
objective vector �u′ = F (�x′) dominates �u = F (�x). In other words, a solution whose
objectives can not be improved simultaneously by any other solution is Pareto optimum.

The set of all solutions whose objective vectors are not dominated by any other
objective vector is called the Pareto optimal set P∗:

P∗ :=
{
�x1 | � �x2 : �F (�x2) � �F (�x1)

}
(3)

Analogously, the set of all vectors �u = F (�x) such that �x belongs to the Pareto
optimal set is called the Pareto Front PF∗:

PF∗ :=
{
�u = �F (�x) = (f1(�x), . . . , fk(�x)) | �x ∈ P∗

}
(4)

Figure 1 represents a two objective problem in the decision space (left) and the ob-
jective space (right). The shadowed area on the left represents the optimal solutions
in the decision space, also called as Pareto optimal set. The thick curve in the objec-
tive function space represents the Pareto Front. It is constituted by the objective vectors
which are not dominated by any other objective vectors. These solutions represent com-
promise solutions, i.e., solutions with different tradeoffs between the objectives. We
cannot improve an objective without penalizing the other one. Among these compro-
mise solutions, we have to choose the desired tradeoff between the different objectives
in order to take the best solution to the problem. This decision is done by a decision
maker, a human or an expert system with some knowledge about the problem.

3.2 Classification and Multiobjective Optimization

The goal of our multiobjective approach introduced in ELSs is to trade off two objec-
tives: (1) the accuracy of an individual, and (2) its size. In particular, we are interested
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in evolving accurate (with a reduced classification error) general solutions to the classi-
fication problem. This means that we prefer maximally general solutions [3] describing
the knowledge pattern behind that classification data. In an ELS where an individual
is a complete solution to the classification problem, this can be achieved biasing the
evolution toward compact (small sized) individuals. Therefore, we have two different
objectives to optimize at the same time, accuracy and size.

Let’s define �x as an individual that is a complete solution to the classification prob-
lem; D the training data set for the given problem; |D| number of instances in D;
miss(�x,D) the number of incorrectly classified instances of D performed by �x; and
finally, size(�x) a measure of the current size of �x (e.g. the number of rules it contains).
Using this notation, a simple multiobjective approach can be defined as follows:

min F (�x) = (fe(�x), fs(�x)) (5)

fe(�x) =
miss(�x,D)

|D| (6)

fs(�x) = size(�x) (7)

Thus, our multiobjective approach minimizes F (�x)2. With this simple multiobjec-
tive definition, the evolution is biased toward the hypotheses that form the Pareto opti-
mal set. Therefore, the population may evolve hypotheses with different tradeoffs be-
tween accuracy and generality. Besides, the bloat phenomenon is also addressed due to
the bias toward the Pareto front. For implementation purposes fs was divided by the
data set size (number of available instances).

3.3 What Is the Purpose of the Classification Front?

The main purpose of the evolved Pareto front (or classification front) is to keep solu-
tions with different tradeoffs between accuracy and size. Coevolving these compromise
solutions, we can delay the need of choosing a solution until the evolution is over and
the classification front is provided. However, this decision is critical for achieving a
high quality accuracy generalization when tested with unseen instances of the target
concept.

The decision maker has several hypotheses among which to choose, all provided by
the classification front. The decision maker can be a human or an expert system with
some knowledge about the problem. However, there are other approaches already ex-
plored in the ML and GBML community. Among others, some interesting approaches
are based on the bagging technique [38, 39]. The goal is to combine different hypotheses
(e.g. the ones that form the classification front) into a new single classification hypoth-
esis. The goal is to obtain a new combined hypothesis that reduce the impact of the
overfitting of the used hypotheses, producing a high quality general hypothesis. This
technique tends to reduce the deviation among runs, and it often improves the general-
ization capability of the combined solution [9].

However, in this paper we use a simpler approach. In order to test unseen instances,
we pick only one solution from the evolved classification front. This solution may be

2 We used error instead of accuracy for simplifying the implementation details.
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Fig. 2. Selected hypotheses, using two different strategies, among the Pareto front compromise
solutions for testing unseen instances.

chosen using one of the two different strategies, shown in figure 2. The first one (best-
accuracy) chooses the solution �x of the front with the best accuracy, that is, the one
that minimizes fe(�x). On the other hand, the second one (best-compromise) picks the
hypothesis of the front that minimizes the objective vector �u = F (�x). Thus, the selected
solution is the one that balances equally both objectives. In other words, the solution �x
that minimizes |F (�x)| =

√
fe(�x)2 + fs(�x)2. For further insight about this approach is

provided on section 5.3.

4 Multiobjective Learning Systems

There are several approaches to LCSs [2, 8, 9]. Among the different alternatives, we
chose to implement our multiobjective approach, presented in section 3, using two dif-
ferent ELSs. The first one uses an evolutionary model based on genetic algorithms
(MOLS-GA), whereas the second exploits an evolutionary learning approach based
on evolution strategies (MOLS-ES) [40]. Both ELSs share some common elements,
mainly related to the multiobjective mechanisms. This section describes briefly the two
systems, and afterwards it focuses on the evaluation phase where the multiobjective
techniques are introduced.

4.1 MOLS-GA

MOLS-GA is a learning system based on genetic algorithms. The knowledge represen-
tation is based on rule sets or instance sets [9, 41, 42]. If the problem’s attributes are
nominal, MOLS-GA uses rule sets, represented by the ternary alphabet (0, 1, #) often
used in other LCSs [1–3]. Otherwise, if the problem is defined by continuous-valued
attributes, instance sets—based on a nearest neighbor classification—are used.

The GA learning cycle works as follows. First, the fitness of each individual in the
population is computed. This is done on a multiobjective basis, taking into account the
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misclassification error and the size of each individual. This phase is explained in details
in section 4.3. Then, selection is applied using a tournament selection algorithm [43–
45] with elitism. Elitism is often applied in evolutionary multiobjective optimization
algorithms and it usually consists in keeping the solutions of the Pareto Front evolved
in each generation [29]. MOLS-GA performs similarly: it keeps all the distinct solutions
of the evolved Pareto Front, and also a 30% of the individuals with the lowest error. This
guarantees that the best compromise solutions evolved so far are not lost, as well as the
best low-error solutions which are important to drive the evolution toward accurate
solutions.

After selection, crossover and mutation are applied. The crossover operator is based
on the operator described in [6]. It is a variant of the classical two-point crossover,
adapted to deal with variable-size individuals. It works in the following way. The
crossover point can occur anywhere (i.e., both on the rule/instance boundaries as well as
within a rule/instance). The only requirement is that the crossover points in the two par-
ents must be equivalent in order to produce valid solutions. That is, if one parent is cut
on a rule/instance boundary, then the other parent must also be cut on a rule/instance
boundary. Similarly, if one parent is cut within a rule/instance, then the other parent
must be cut in a similar spot. The mutation consists in generating a random new gene
value.

4.2 MOLS-ES

MOLS-ES [40] is a learning system that uses an evolution strategy scheme [46–48]
instead of a genetic algorithm. Each individual of the population codifies a set of rules.
The rules are represented in the ternary alphabet if the attributes are binary, and in a
(n+1)-alphabet if the attributes are nominal (where n is the number of nominal values).
If the attributes are real-valued, the hyper-rectangle codification proposed by Wilson
[49] is used.

The multiobjective approach has been introduced in MOLS-ES in the same way as
in MOLS-GA. It is described in the following section. Besides the fitness computation
stage, the other phases of MOLS-ES differ from MOLS-GA, since MOLS-ES is based
on an Evolution Strategy approach. MOLS-ES uses a (µ + λ) selection scheme, which
means that from the recombination and mutation of µ parents λ children are obtained.
From the resulting overlapping population, the best µ individuals are selected for the
next generation, where the concept of best is defined according to the multiobjective
evaluation algorithm. It can be noticed that this selection also induces a kind of elitism.

The crossover operator applied to the solutions is the same as in MOLS-GA, which
is a two-point crossover adapted to the variable size of individuals. The mutation is
applied according to Evolution Strategies. For each gen xi, there is a standard deviation
σi associated with it which is used to mutate the gen. Both the solutions and the standard
deviations are mutated as follows:

σ′
i = σi · exp(τ ′ · N(0, 1) + τ · Ni(0, 1)) (8)

x′
i = xi + σ′

i · Ni(0, 1) (9)

where N(0, 1) and Ni(0, 1) are random numbers distributed normally with mean 0 and
standard deviation 1 and τ and τ ′ are set as recommended in [47]. Thus, the solutions
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Fig. 3. Sorted population fronts at a given iteration of MOLS in the mux problem.

and their standard deviations are adapted along the evolution process. For real-valued
attributes, this scheme fits perfectly. Nevertheless, for nominal attributes the mutation
of xi has to be modified. In this case, σi is proportional to the mutation probability. The
new mutated xi value is chosen randomly among the available symbols.

4.3 Multiobjective Fitness in MOLS-GA and MOLS-ES

In both systems, the multiobjective fitness scheme is introduced in the same way. The
procedure is inspired by NSGA [50, 51] and NSGA-II [52] and it works as follows.

The individuals of the population are sorted in equivalent classes. These classes are
determined by the Pareto Fronts that can be defined among the population. That is, given
a population of individuals I, the first equivalence class I0 is the set of individuals
which belongs to the evolved Pareto optimal set I0 = P∗(I). The next equivalence
class I1 is computed without considering the individuals in I0, as I1 = P∗(I \ I0),
and so forth. Figure 3 shows an example of the different equivalence classes, presented
using the fronts that appear in a population at a given iteration. This plot is obtained with
the mux problem. In this example, the population is classified into nine different fronts.
The left front is I0, which corresponds to the non-dominated vectors of the population.
The next front to the right represents I1 and so on.

Once the population of individuals I is sorted, fitness values are assigned. Since
the evolution must bias the population toward non-dominated solutions, we impose the
constraint:

fitness(Ii) > fitness(Ii+1) (10)
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Thus, the evolution will try to guide the population toward the left part of the plot, i.e.,
the real Pareto Front. The fitness of each individual depends on the front where the
individual belongs. That is, all the individuals of the same equivalence class Ii receive
the same constant value (n− i)δ, where n is the number of equivalence classes and δ is
a constant. Moreover, in order to spread the population along the Pareto Front, a sharing
function is applied. Thus, the final fitness of an individual j in a given equivalence class
Ii is:

fitness(Ii
j) =

(n − i)δ∑
k∈I φ(dIi

jIk
)

(11)

where φ(dIi
jIk

) is the sharing function [53]. The sharing function is computed using the
phenotipical distance between the individuals; that is, the Euclidean distance between
their multiobjective vectors. The radius of the sharing function σsh was set to σsh =
0.1.

5 Experiments

This section discusses the results obtained using the multiobjective ELSs presented in
section 4. The experiments explore different facets of the behavior of the proposed
ELSs. Both ELSs were used to solve artificial and real-world problems, paying special
attention to their performance in terms of the evolved Pareto fronts. The section starts
describing briefly the data sets and algorithms used in the experiments (subsection 5.1).
Then subsection 5.2 presents the fronts obtained on two artificial problems where the
optimal Pareto front is known. After presenting these results, subsection 5.3 shows some
interesting properties of the Pareto front evolved by the proposed ELS in the presence
of noise in the data set. These results let us justify the results obtained in real-world
problems. Thus, subsection 5.4 analyzes some interesting facets of the behavior of both
ELSs on these real-world problems.

5.1 Test Suite

In order to evaluate the performances of the proposed multiobjective ELSs on different
domains, we performed experiments on nine data sets. These data sets can be grouped
into two different categories: artificial and real-world. Table 1 describes their character-
istics.

We used two artificial data sets to tune both ELSs, because we knew their solutions
in advance. Mux is the eleven input multiplexer, widely used by the LCS community
[3]. Led is the seven-segments problem [54]. Given seven light emitting diodes that rep-
resent a digit (seven binary input attributes), the goal of the led problem is to identify
the digit represented by the active diodes (the ten available classes). The data set used
in the Led problem was generated using the program provided by the UCI repository
[55].

The public data sets were obtained from the UCI repository [55]. We chose seven
data sets: Bupa Liver Disorders (bpa), Wisconsin Breast Cancer (bre), Glass (gls),
Ionosphere (ion), Iris (irs), Primary Tumor (prt), and Sonar (son). These data sets
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contain categorical and numeric attributes, as well as binary and n-ary classification
tasks.

We also run several evolutionary and non-evolutionary classifier schemes on the
previous data sets. The evolutionary classifier schemes were GALE [39, 41, 42, 9] and
XCS [3, 56], whereas the non-evolutionary ones were IB1 [57], C4.5 [58, 59], and PART
[60]. The non-evolutionary schemes were obtained from the Weka package [61] devel-
oped at the University of Waikato in New Zealand. The code is available from the http
address: http://www.cs.waikato.ac.nz/ml/weka. These algorithms were
run with the default configuration provided by their authors.

In order to allow the replication of the results presented in this section, we briefly
summarize the settings used in MOLS-GA and MOLS-ES. The parameter values used
in MOLS-GA were: σsh=0.1, δ=1000, pop size=285, crossover probability pχ=0.4,
probability of mutation of an individual pmut=0.25, and the gene perturbation proba-
bility pgen=0.02. On the other hand, the parameter values used in MOLS-ES as follows:
σsh=0.1, δ=1000, µ=50, λ=250, and εσ=0.01 (in the son εσ=0.0001). In the led, mux
and prt, pχ=0.5, σ0=0.75, whereas in the rest of the problems pχ=1, σ0=1. The max-
imum number of iterations allowed in both ELSs were 250 iterations, exception made
in the led, mux and prt problems where it was extended to 1000.

Table 1. Summary of the data sets used in the experiments.

id Data set Size Missing Numeric Nominal Classes
values(%) Attributes Attributes

bpa Bupa Liver Disorders 345 0.0 6 - 2
bre Wisconsin Breast Cancer 699 0.3 9 - 2
gls Glass 214 0.0 9 - 6
ion Ionosphere 351 0.0 34 - 2
irs Iris 150 0.0 4 - 3
led Led (10% noise) 2000 0.0 - 7 10
mux Multiplexer (11 inputs) 2048 0.0 - 1 2
prt Primary Tumor 339 3.9 - 17 22
son Sonar 208 0.0 60 - 2

5.2 Spreading the Population along the Pareto Front

The first results we present are obtained using both multiobjective ELSs on the two
artificial data sets (mux and led). Initially, we used a version of the led data set free
of noise, leaving noise considerations for the next subsection. In order to identify the
optimal Pareto front, we analyze first the optimal solutions that should be obtained in
each problem. These optimal solutions are shown in figure 4. For each problem, the op-
timal Pareto front can be obtained removing one rule iteratively. Each time we remove a
rule, we compute the accuracy of the resulting rule set. Therefore the resulting objective
vector F (�x) is represented as a point in the optimal Pareto front. The computed optimal
Pareto fronts are printed in figure 5.
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s0 s1 s2 s3 s4 s5 s6 Class
1 1 1 1 1 1 0 : 0
0 0 0 0 1 1 0 : 1
1 0 1 1 0 1 1 : 2
1 0 0 1 1 1 1 : 3
0 1 0 0 1 1 1 : 4
1 1 0 1 1 0 1 : 5
1 1 1 1 1 0 1 : 6
1 0 0 0 1 1 0 : 7
1 1 1 1 1 1 1 : 8
1 1 0 0 1 1 1 : 9

(a) led problem

a2 a1 a0 i0 i1 i2 i3 i4 i5 i6 i7 o
0 0 0 0 # # # # # # # : 0
0 0 1 # 0 # # # # # # : 0
0 1 0 # # 0 # # # # # : 0
0 1 1 # # # 0 # # # # : 0
1 0 0 # # # # 0 # # # : 0
1 0 1 # # # # # 0 # # : 0
1 1 0 # # # # # # 0 # : 0
1 1 1 # # # # # # # 0 : 0
# # # # # # # # # # # : 1

(b) mux problem

Fig. 4. Optimal solutions for the led and mux problems. The mux problem has two optimal
solutions using ordered activation of classifiers. We only show one of these solutions; the other
can be obtained swapping the 0s for 1s of the ij and o attributes.

Figure 5 also shows the results obtained using both multiobjective ELSs. As it can
be seen, both ELSs evolve the perfect Pareto front in the noise-free led problem. How-
ever, the results obtained in the mux problem are slightly different. The evolved Pareto
fronts clearly approximate the optimal front. The evolved fronts differ in their top-left
part, showing that some generalization of the solutions trapped in that part of the front
are still needed. Inspecting the evolved solutions contained in the front, the differences
are the result of still having (see the optimal solution in figure 4) more than one rule cod-
ifying class 1. These extra rules can be removed if we increase the number of iterations
of both ELSs.

Figure 6 shows the evolution of the learning performed by both multiobjective
ELSs, averaged across five different runs. The error is the best-so-far obtained at a given
iteration, whereas the size of the individuals (number of rules) is the average size of the
population along the different runs. As it can be seen, the multiobjective approach easily
balances the pressure toward accurate and compact (general) solutions. This approach
can efficiently reduce at the same time both objectives.

5.3 Noise in the Data Set

Recently, Llorà and Goldberg [62, 63] have shown the relevance of performing accurate
noise analyses in ELSs theoretically. This kind of theoretical analyses helps in bound-
ing the performance of ELSs. The remainder of this section introduces these results,
focussing on the ELSs presented in this paper. This background becomes useful in the
later analysis of the results obtained by the proposed ELSs when solving real-world
problems.

The next experiment done introduced 10% noise in the led problem. Noise was
introduced by swapping the antecedent values of the instances of the training data set
with a probability equal to 0.1. This procedure is explained in detail elsewhere [62].
The instances of the noisy data set were generated using the program provided by the
UCI repository [55]. The goal of this experiment was twofold. First, we were interested
in the impact of the added noise on the performance of the two proposed multiobjective
ELSs. Thus, when we solve real-world problems we easily would be able to understand
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Fig. 5. Optimal Pareto fronts and evolved Pareto fronts achieved in mux and led problems.

the results that we obtained. The second reason for this experiment was to display the
impact of the noise on the evolved Pareto front.

Before discussing the results, we need to introduce some theoretical results obtained
for the noisy led problem. Detailed descriptions of these results can be found in [62,
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Fig. 6. Evolution of the multiobjective ELSs in the mux problem.

63]. The optimal subset of instances O for the LED problem was shown in figure 4.a.
The number of possible antecedents in the led problem is 27 = 128. In the noise-free
led problem, only ten of all the possible antecedents are part of O, and thus part of the
available data set D. The remaining 118 antecedents only appear in D as the effect of
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the presence of noise. Therefore, we can intuitively understand the addition of noise as
a disruptive element toward the appearance of inconsistencies3 in D.

As it has been proved elsewhere [62], the inconsistencies introduced by the noise
addition bound the minimal achievable error (MAE) that a learning algorithm can reach
on the noisy led problem. The main issue is that MAE only depends on the added
noise ratio ε. MAE can be computed theoretically as follows. In order to simplify the
notation we assume that each antecedent is indexed by the number it codifies (its binary
number representation). Moreover, dij is the Hamming distance between antecedents
i and j and ε is the noise ratio added to the data set. The first step is computing the
jumping matrix J . This matrix contains the jumping probabilities between antecedents.
Rows represent the original antecedent (one of the ten that appear in O, indexed by the
instance’s class χ(i)), whereas the columns show the final antecedent of the instance
after noise perturbation. This matrix J is then defined as

Jχ(i)j = εdij · (1 − ε)(7−dij). (12)

Using the jumping matrix J , we can compute the probability distribution of the
appearance of all possible antecedents α. Where αa is the probability of appearance of
the antecedent a on the noisy led data set D. Moreover, using J we can also obtain
the minimal classification achievable error ea for a given antecedent a. The error ea is
the result of the inconsistencies that the noise ε introduces for each antecedent a. Thus,
the minimal classification error is achieved only when we assign the majority class of
the inconsistencies to the antecedent a. Having computed α and e, MAE is defined as
follows:

MAE =
∑

i

αiei (13)

Figure 7 shows the empirical validation of the MAE model for the led problem.
The empirical data were obtained using different noisy Dε data sets sizes (500, 1,000,
2,000, 5,000, and 500,000 noisy instances) and computing the error based on the degree
of inconsistencies.

There are two interesting observations that arise from the data shown in figure 7.
The first one is that, when enough instances are provided to the Dε data set, the the-
oretical model and the experimental results match perfectly (e.g. 500,000 instances).
The second interesting observation provided by the results appears when we analyze
the results achieved for the sizes of the Dε data set: 500, 1,000, 2,000, and 5,000. The
empirical results using these small data sets show smaller MAE values that the ones
theoretically predicted, showing some interesting deviations. These are the result of the
random number generator bias used and the led instances distribution. Therefore, the
experimental noise ratio ε is different than that theoretically expected, since not enough
instances are generated. This fact leads to data sets that maintain some regularities that
reduce the number of inconsistencies in Dε.

Using these theoretical results we can now explain the Pareto front achieved in
the noisy led problem. The data set contained 2,000 instances. These instances were
generated using a noise ratio ε = .1, that theoretically leads to a MAE equal to 0.26

3 Two instances are inconsistent if they have the same antecedent, but different consequents.



Fig. 7. Theoretical and empirical minimal achievable error (MAE) in the noisy led problem.

(see figure 7.b). However, the empirical MAE obtained from the Dε used is 0.23. Figure
8 presents the Pareto front achieved by both multiobjective ELSs proposed. The figure
also shows the theoretical and empirical MAE boundaries, as well as the optimal non-
noisy Pareto front and size ofO. Let us call rupture point the point defined as (MAE(ε =
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Fig. 8. Pareto fronts achieved in led problem. The data set contains 2000 instances perturbed
with a noise ratio ε = 0.1.

0.1),|O|)=(0.26,10). This point would be the performing point of O on a data set Dε

with an experimental MAE equal to the theoretical one.
The rupture point indicates the place where the evolved Pareto front abruptly

changes its slope. The front that appears to the left of the rupture point is the result
of the deviation of the empirical MAE from its theoretical value. This has an interesting
interpretation. All the points that define this segment of the front are over-fitted solu-
tions. This means that they are learning some misleading noisy pattern as the result of
the MAE value deviation. Therefore, if any of these points is tested using a different
randomly generated Dε data set, they would experience a significant drop in accuracy.
Thus, this leads to a reduction of the generalization capabilities (in terms of classifica-
tion accuracy) of the solutions kept in that part of the front. Moreover, these solutions
are closer to the bloat phenomenon, because very small (misleading) improvements
require a large individual growth. All these problems disappear when we force the the-
oretical and the empirical MAE to be the same. This constraint removes the part of the
front that appears at the left of the rupture point. Moreover, the optimal noisy Pareto
front is bounded by the optimal noise-free front and the rupture front that appears be-
tween the rupture point and the random guess point. The random guess point is defined
by the majority rule that describes solutions like F (�x) = (0.9, 1).

5.4 Some Real-World Problems

The last kind of experiments are focused on the real-world problems summarized in
table 1. The results, shown in table 2, were obtained from stratified ten-fold cross-
validations runs [10, 61] using the different learning algorithms on the selected data
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sets. MOLS-GA used a best-accuracy strategy for the test phase, whereas MOLS-ES
used best-compromise (see figure 2). The main interest in these results is the fact that
they prove the competence of the multiobjective approach. Moreover, for some partic-
ular data sets (like bpa or prt) some interesting improvements were achieved.

Table 2. Results obtained using the data sets presented in table 1. The table shows the mean and
standard deviation of the stratified ten-fold cross-validation runs done using each system.

id MOLS-GA MOLS-ES GALE XCS C4.5 PART IB1

bpa 76.5±13.4 68.7±6.7 68.4±6.7 65.4±6.9 65.8±6.9 65.8±10.0 64.2±9.1
bre 96.0±1.1 96.1±2.2 95.7±2.2 96.7±2.5 95.4±1.6 95.3±2.2 95.9±1.5
gls 67.1±9.3 63.4±7.3 65.6±11.9 70.5±8.5 68.5±10.4 69.0±10.0 66.4±10.9
ion 91.5±3.6 92.8±2.7 94.0±3.3 89.6±3.1 89.8±0.5 90.6±0.9 90.9±3.8
irs 99.3±1.9 95.3±3.1 98.7±2.8 94.7±5.3 95.3±3.2 95.3±3.2 95.3±3.3
led 74.9±13.7 74.4±3.4 75.0±0.0 74.5±0.2 74.9±0.2 75.1±0.3 74.3±3.7
mux 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 99.9±0.2 100.0±0.0 99.8±0.2
prt 51.2±15.8 40.6±5.7 37.0±8.3 39.8±6.6 41.6±6.4 41.6±6.4 42.5±6.3
son 90.8±9.1 71.6±12.5 79.3±6.1 77.5±3.6 71.5±0.5 73.5±2.2 83.6±9.6

Another interesting issue that can be drawn from the results achieved using the se-
lected real-world problems is related to the Pareto front behavior. Figure 9 plots the
fronts evolved in two real-world problems (bre and prt). Looking at the results pre-
sented in table 2, it may seem that, for instance, MOLS-GA and MOLS-ES had a sim-
ilar behavior in the bre data set in terms of classification accuracy. If we analyze the
evolved Pareto fronts printed in figure 9.a, we realize that they are spreading the popula-
tion in quite a different way. MOLS-GA achieves its performance through the evolution
of bigger hypotheses than the ones obtained by MOLS-ES. These results were achieved
using the same amount of iterations. Nevertheless, in other problems (see figure 9.b.)
MOLS-ES produce bigger hypotheses than MOLS-GA. Further analysis should be done
about this problem dependences.

The Pareto fronts presented in figure 9 also suggest another interesting vision of the
analysis of the results. For instance, the front presented in figure 9.b shows an interesting
resemblance to the fronts obtained in the noisy led problem (see figure 8). This clearly
suggests the presence of inconsistencies in the prt data set that bounds the MAE. A
preliminary inspection of the data set shows that 8.8% of the instances were replicated,
and that only the 83.2% have different antecedents. However, the experimental MAE
equals to .085. In fact in this data set we can identify some extra elements that force
the appearance of large fronts. One of these is the large number of classes contained in
the prt problem. For instance, in the noisy led data set the instances/classes ratio
(ric) was ric=200, whereas in the prt problem this ratio drops to ric=15.4. This fact
suggest interesting connections to some results obtained in the probably approximately
correct models in the computational learning theory field [10]. These models compute
a theoretical bound to the number of training examples required for successful learning.
Therefore, some new interesting questions arise for further research.
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(b) prt problem

Fig. 9. Pareto fronts achieved in real-world problems.

6 Conclusions and Further Work

In this paper we have presented a multiobjective optimization approach to evolution-
ary learning systems. The main motivation was twofold. On one hand we aimed to
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minimize simultaneously the classification error and the number of rules of a given
individual. On the other hand, we were also interested in the relation among gener-
alization and overfitting capabilities of hypotheses. Given this scenario, multiobjective
optimization was an elegant solution for achieving the desired goals. In order to validate
our approach, we used two different multiobjective learning classifier systems. The first
one uses an evolutionary model based on genetic algorithms (MOLS-GA), whereas the
second exploits a learning approach based on evolution strategies (MOLS-ES). Both
multiobjective learning classifier systems were tested using different data sets. The re-
sults obtained show that this multiobjective tradeoff is beneficial to searching for points
of appropriate parsimony and accuracy. Moreover, the bloat phenomenon is no longer
an issue in these systems. Results also show the competence of this approach when
compared to previous evolutionary and non-evolutionary learning algorithms.

The multiobjective approach also let us gain some theoretical notions on the effect
of noise in the data set. When properly obtained, the Pareto front of the evolved pop-
ulation let us identify overfitting conditions. As we have shown, when the noise in the
data set is smaller than the theoretical minimal achievable error, the Pareto front shows
a rupture point. All the trapped solutions are located at left-hand side of the rupture
point, clearly represented in terms of overfitted hypotheses of the optimal generaliza-
tion achievable of the classification performance. We also provided a theoretical model
to compute this rupture point for the led data set, given a noise ratio ε. Moreover, if
the theoretical and the empirical minimal achievable error are equal, then the overfitted
part of the front disappears.

The work presented in this paper has opened some new directions for further re-
search. The first one is to perform a statistical comparison between the proposed mul-
tiobjective learning systems and the other evolutionary and non-evolutionary learning
algorithms (see [56]). This comparison should include more data sets, and analyse the
impact on accuracy generalization of the best-accuracy and best-compromise picking
strategies. The second one is related to the minimal achievable error measure. This
measure was computed theoretically only for the led problem. The main question that
should be investigated is if in a given problem we can compute this measure theoret-
ically, since it is possible to compute it empirically. Unfortunately, it seems that for
computing the theoretical MAE model we require extra background knowledge about
the problem (for the led problem we used the optimal solution O) in addition to the
corresponding data set. This background knowledge is not usually available on real-
world problems. The results obtained in the prt problem also show that in some real-
world problems, with few data available and a large set of possible classes, the minimal
achievable error should include some extra facets like the instances/classes ratio
ric. Finally, some further research should be conducted in order to bring some of the
theoretical models obtained in the computational learning theory field over the learn-
ing classifier systems discipline. The initial goal should be to determine how many
instances are required for an ELS in order to obtain high quality general hypotheses of
the target concept.
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9. Llorà, X.: Genetic Based Machine Learning using Fine-grained Parallelism for Data Mining.
PhD thesis, Enginyeria i Arquitectura La Salle. Ramon Llull University, Barcelona, Catalo-
nia, European Union (February, 2002)

10. Mitchell, T.M.: Machine Learning. McGraw-Hill (1997)
11. Koza, J.R.: Genetic Programing: On the Programing of Computers by Means of Natural

Selection (Complex Adaptive Systems). MIT Press (1992)
12. Altenberg, L.: Emergent phenomena in genetic programming. Proceedings of the Third An-

nual Conference on Evolutionary Programming (1994) 233–241
13. Blickle, T., Thiele, L.: Genetic programming and redundancy. Genetic Algorithms within

the Framework of Evolutionary Computation: Proceedings of the KI-94 Workshop (1994)
33–38



140 Xavier Llorà et al.
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29. Van Veldhuizen, D.A., Lamont, G.B.: Multiobjective evolutionary algorithms: Analyzing the
state-of-the-art. Evolutionary Computation 8 (2000) 125–147

30. Tackett, W.A.: Recombination, selection, and the genetic construction of computer programs.
Unpublished doctoral dissertation, University of Southern California (1994)

31. Zitzler, E.: Evolutionary Algorithms for Multiobjective Optimization: Methods and Appli-
cations. PhD thesis, Swiss Federal Institute of Technology (ETH) Zurich (1999)

32. Zitzler, E., Deb, K., Thiele, L.: Comparison of Multiobjective Evolutionary Algorithms: Em-
pirical Results. Evolutionary Computation 8 (2000) 173–195

33. Zitzler, E.: SPEA2: Improving the Strength Pareto Evolutionary Algorithm. Technical report
103, Swiss Federal Institute of Technology (ETH) Zurich, Gloriastrasse 35, CH-8092 Zurich
(May, 2001)

34. Nordin, P., Banzhaf, W.: Complexity Compression and Evolution. In: Proceedings of the
Sixth International Conference on Genetic Algorithms. (1995)



Accuracy, Parsimony, and Generality in Evolutionary Learning Systems 141
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Abstract. Learning in non-Markov environments presents difficulties for 
Learning Classifier Systems. The presence of perceptually aliased situations in-
duces the system to consider some distinct states of the environment as identi-
cal. The system, therefore, may not be able to decide the best action in each 
situation. An alternative, presented by Stolzmann (1999), is to use classifiers 
with behavioral sequences in the Anticipatory Classifier System (ACS). This 
method allows ACS to learn latently a non-Markov environment in mobile ro-
bot simulations. This paper presents a study of ACS reward and latent learning 
capacities in some non-Markov environments when using behavioral sequences. 
An ACS, based on Stolzmann's work and using some enhancements introduced 
by Butz, Goldberg and Stolzman (2000), is detailed. This system is tested in 
several woods environments in order to highlight the learning effectiveness of 
this method according to the environmental properties.  

1   Introduction 

The Anticipatory Classifier System (ACS) is a Learning Classifier System (LCS) 
developed by Stolzmann in 1997 [1]. ACS learns by using the psychological learning 
mechanism of "anticipatory behavioral control" [2].  In this system, the structure of 
stimulus-response rules in LCSs is enhanced by an effect part representing an antici-
pation of the perceptive consequences of its action on an environment. This effect 
part, associated with a learning process called the Anticipatory Learning Process 
(ALP), enables the ACS to learn latently complete internal representation of an envi-
ronment. The ALP represents the application of the anticipatory behavioral control 
into the system. Therefore, the ACS combines the idea of learning by anticipation 
with that of the LCS framework [3]. 

The learning capabilities of LCSs rely on their perception of the environment. 
There are cases in which the system perceives all the relevant information necessary 
to decide the best action in every situation. There are other cases in which perceptions 
are aliased because the sensors perceive only partial information about the environ-
ment. When the system observes its environment only partially, there might be dis-
tinct situations which appear identical to the LCS but which require different actions. 
So when the system perceives such a situation, it cannot decide which action is the 
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best. This problem is known as the "perceptual aliasing problem" [4]. The condition 
according to which an environment does not contain any aliased situation is called the 
Markov property [5]. Environments that satisfy the Markov property are called 
Markov environments, and those which do not non-Markov environments.  

Learning in non-Markov environments is a major problem in the LCS framework, 
and, more generally, in the reinforcement learning field. An approach to cope with 
perceptual aliasings is to add an internal memory mechanism to the system [4]. This 
has been performed and studied with ZCS [6] and XCS [7] classifiers systems. With 
ACS, another alternative to learn non-Markov environments is to use classifiers with 
"behavioral sequences". This approach has been presented by Stolzmann in 1999 [8]. 
In his work, he defines a behavioral sequence as a succession of actions. A classifier 
with a behavioral sequence is, thus, a classifier whose action part consists on several 
actions which are to be executed sequentially. He showed that this mechanism, asso-
ciated with an action-planning mechanism, permits a high number of simulated 
Khepera robots to latently learn a non-Markov environment. Above all, the system 
has presented capacities to avoid "non-Markov states" (i.e. situations of perceptual 
aliasing). 

This paper presents a study of ACS capacities in different types of non-Markov 
environments when using behavioral sequences. The system used is an ACS provided 
with enhancements presented by Butz [9] which were not used by Stolzmann in his 
experiments on behavioral sequences. In opposition to Stolzmann’s work, the system 
does not use action-planning. Latent learning performance and reward optimization 
capacities are both studied in order to highlight the advantages and limitations of the 
use of behavioral sequences with respect to the environment. Above all, the objective 
of the study is to determine the different properties of non-Markov environments that 
enable the use of behavioral sequences to cope with perception aliasing.   

In the first part, the characteristics of the ACS classifier system are presented, and 
a description of the system used in this study is done.  

Then, in the second part, the management of classifiers with behavioral sequences 
is presented. Several mechanisms are described permitting to detect aliased situations, 
to create classifiers with behavioral sequences and to take them into account in the 
framework of ACS. 

The next part describes experiments of latent learning and reward optimization in a 
Markov environment and in several non-Markov environments. Results are presented 
and, in the last part, discussed. 

2   The Anticipatory Classifier System 

This section firstly presents a summary of related works about the ACS structure and 
similar systems in order to place the ACS version used in this paper among existing 
versions. Then, the system's structure is detailed.  

2.1   A Brief Presentation of ACS 

The basic structure of the ACS with its anticipatory learning process (ALP) was in-
troduced by Stolzmann in 1997 [1].  
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In 1999, Stolzmann published an additional mechanism using a mark in each clas-
sifier permitting the ALP to execute a specification of unchanging components [8]. 
This work also presents the use of behavioral sequences and action-planning. 

Action-planning has been studied in ACS by Butz in 1999, without using behav-
ioral sequences but using the mark mechanism [10]. 

In 2000, Butz, Goldberg, and Stolzmann [9] introduced an enhancement of the 
ALP application and a genetic algorithm (GA) for the ACS. The basic structure of this 
version differs from the previous one by the absence of a message list mechanism. 
The ALP, provided with the mark mechanism, is enhanced by being applied on a 
whole set of classifiers at each behavioral act instead of being applied on a unique 
classifier as in the previous systems. Moreover, the system is improved by a genetic 
algorithm and a subsumption method. The use of a genetic algorithm has also been 
studied in [11, 12].  

In [13], Butz introduces a probability-enhancement in the ACS predictions to en-
able the system to handle different kinds of non-determinism in an environment. 

Nevertheless, new LCSs based on the ACS anticipation mechanism have been pub-
lished. It is, thus, the case of ACS2 developed by Butz [14], and YACS developed by 
Gerard and Sigaud [15].  

Among all these papers about anticipatory LCSs, Stolzmann's paper about behav-
ioral sequences [8] is the only one presenting a mechanism to cope with non-Markov 
states.  

The anticipatory classifier system used in this work is based on the ACS developed 
by Stolzmann with some enhancements presented by Stolzmann and by Butz since the 
first version of ACS. Thus, the system uses the mark mechanism and applies the ALP 
on a whole set of classifiers instead of on a unique classifier. Moreover, it does not 
use a message list. In fact, this system is similar to the ACS version presented by Butz 
in [9], but without the genetic algorithm and with another action-selection mecha-
nism. The next section gives a detailed description of the system. The formalism used 
in this description is based on the formalism used by Butz in his paper.  

2.2   Basic Elements 

The system is composed of three basics components: an input interface, an output 
interface and a classifier list.  

The input interface acts as sensors for the system. At an instant t, it receives a 
string σ(t) representing the actual situation perceived by the system in the environ-
ment, and a payoff ρ(t). Such a situation is defined as a string of discrete values: σ(t) 
∈ SL with L the length of the string and  S = {s1,…,sm} a set of possible values, m 
being its cardinality. A payoff ρ(t) is a simple real value. 

The output interface acts as actuators for the system. It receives an action α(t) and 
executes it in the environment. Actions are also coded with discrete values: α(t) ∈ 
{a1,…,an} where n is the number of different actions and a1,…,an are the different 
actions.  

The classifier list is the basic knowledge of the system and is represented by a 
population of rules. The rules, named classifiers, are presented in the next section.  
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2.3   Classifiers 

The classifier definition used in our model is the one proposed by Butz in [Butz 
2000]. Each classifier of the classifier list consists of the following parts: 

− The condition part (C) specifies the perception prerequisites for the application of 
the rule. 

− The action part (A) specifies an action to execute. 
− The effect part (E) anticipates the perceptive changes caused by the action A under 

the condition C. 
− The mark (M) specifies all different attributes where the classifier did not antici-

pate correctly. 
− The quality q measures the accuracy of the anticipations. 
− The reward measure r predicts the payoff from the environment after the execution 

of A. 

The condition and effect parts are represented by a string of L discrete values be-
longing to S∪{#}. Thus, C,E∈{s1,…,sm,#}L. The '#'-symbol is a particular symbol 
whose signification is proper to each part. In the condition part, the '#'-symbol is 
called a "don't-care" symbol and matches any perceived value in this attribute. In the 
effect part, the '#'-symbol is called a "pass-through" symbol and predicts that the cor-
responding value of this attribute in the perception does not change after the execution 
of an action. The action part is represented by any of the n possible actions in the 
environment, i.e. A∈{a1,…,an}. Notice that this is the classical way to represent the 
action part in ACS. Later, section 3.1 presents classifiers whose action part may con-
sist of a behavioral sequence, i.e. a succession of actions. The mark has the following 
structure: M∈(S1,…,SL) with each Si=1,…,L a subset of S containing the values of the ith  
attribute of the situations where the classifier did not work correctly.  

Figure 1 presents a typical classifier. 
 

###.O###    N    ###O.###  → {{.}, {.}, {.,O}, {.}, {O}, {.,O}, {.}, {.}} 

Fig. 1. This classifier matches all situations with a '.' in the fourth attribute and a 'O' in the fifth 
attribute. It predicts that after the execution of the action A='N', the '.' will change to 'O' and the 
'O' will change to '.'. The other attributes will stay the same. The mark specifies that the classi-
fier did not anticipate correctly in certain states. 

2.4   A Behavioral Act 

The ACS used in this work does not use a message list. All the information needed, at 
a time t, is the couple (σ(t),ρ(t)) obtained by the input interface during the perception.   

A behavioral act, at a time t, is composed of the following steps: 

• Step 1: Perception at t. The system perceives information (σ(t),ρ(t)) from the 
environment. 

• Step 2: Match Set Creation. A match Mt is formed out of the current population 
of classifiers. This set contains all classifiers whose conditions are satisfied by σ(t). 
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• Step 3: Action Selection. A classifier is selected from Mt. The policy used to se-
lect this classifier is the following: with an exploration probability px the classifier 
is selected randomly, otherwise the classifier is selected by roulette-wheel selection 
[16] with a strength (r * q). This selection mechanism has been used with ACS by 
Butz in [17]. The selected classifier is considered as the "active" classifier. Finally, 
the action selected to be executed is the one represented by the action part of the 
active classifier. This mechanism is different from the one used by Butz in [9]: the 
e-greedy policy[4]. In the e-greedy policy, with a probability e, a random action, 
among the n possible ones, is selected (and not a random classifier among the 
whole match set), otherwise the best classifier is chosen. Such a distinction has 
been made to enable the use of behavioral sequences (see section 3.1).  

 

 

Fig. 2. A behavioral act. 

• Step 4: Learning Set Creation. A learning set Lt is formed out of Mt. This set 
contains all classifiers whose action part is the same as the active classifier's one. 
In fact, while the system does not use behavioral sequences (see section 3), the 
learning set is defined as an action set. 

• Step 5: Interaction with This Environment. The selected action is sent to the 
output interface, which executes it in the environment. 

• Step 6: Perception at t+1. The system perceives information (σ(t+1),ρ(t+1)) from 
the environment.  

• Step 7: RLP. The Reinforcement Learning Process (RLP) is applied on Lt with the 
reward ρ(t+1). 

• Step 8: ALP. The Anticipatory Learning Process (ALP) is applied on Lt taking 
σ(t+1) into account. New classifiers that may have been created during the ALP 
are added in the current population of classifiers. Nevertheless, a new behavioral 
act begins in step 2 with the couple (σ(t+1),ρ(t+1)) as a new perception. 

2.5   The Anticipatory Learning Process 

The Anticipatory Learning Process (ALP) is derived from the psychological theory of 
"anticipatory behavioral control" [2]. This theory has been translated into an artificial 
system under the form of the ALP in ACS by Stolzmann [1].  
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The learning begins with a complete general knowledge: for each possible action 
there is one classifier, whose C and E parts contain only '#'-symbols. Thus, before its 
first behavioral act, the population contains only n classifiers: one for each of the n 
possible actions. These n original classifiers have a particular status in the system. 
They cannot be deleted and they cannot be marked.  

The ALP always occurs on a learning set. It must have two data points: σ(t), the 
situation matched by the C part of all classifiers of the set, and σ(t+1), the situation 
perceived after the action proposed by the classifiers, has been executed (all classifi-
ers of the set propose the same action).  

The ALP applies to all classifiers in the set. For each classifier, the ALP distin-
guishes the following cases: 

− The useless case: the situation has not changed between time t and time t+1, which 
means that σ(t) and σ(t+1) are identical. In this case, the quality of the classifier is 
decreased and the classifier is marked by σ(t). 

− The classifier anticipates the situation σ(t+1) incorrectly. The quality of the classi-
fier is decreased and the classifier is marked by σ(t). Then, two sub-cases are dis-
tinguished: 

− The correctable case:  the rule of the classifier can be further specified in the 
condition and effect parts to involve a correct anticipation with the situation-
consequence couple (σ(t), σ(t+1)). This case represents classifiers whose effect 
parts contain a '#'-symbol in at least one changing attribute between σ(t) and 
σ(t+1). The ALP generate a new classifier which is more specific in such 
changing components: each '#'-symbol (in both C and E parts) on a changing at-
tribute is specified according to σ(t) for the C part and σ(t+1) for the E part. 

For instance, the classifier (###.O### - N - ###O.###) would be incorrect in 
the following case: σ(t) = ….O…. and σ(t+1)= …O.O.. (the sixth attribute does 
not stay the same as predicted by the classifier). Therefore, the classifier 
(###.O.## - N - ###O.O## ) is created and added to the list. 

− The not correctable case: the rule of the classifier cannot be made more spe-
cific. This means that an attribute already specified in the E part is different with 
σ(t+1). In this case, the ALP does not generate a new classifier. 

− The expected case: the classifier anticipates the situation σ(t+1) correctly. Its qual-
ity is increased. If the classifier is marked, then a new classifier may be generated. 
As a matter of fact, the presence of a mark means that the classifier has been incor-
rect in a particular situation. Thus, if the classifier contains attributes in the C part 
that are marked with at least one value differing from that of the corresponding at-
tribute in σ(t), a new classifier is generated specifying these attributes with the 
value of  σ(t) in both the C and E parts. 
For instance, the classifier (###.O### -  N -  ###O.###) anticipates correctly 
the following situation-consequence couple (σ(t) = ….O…, σ(t+1) = …O.. . . ). If 
this classifier contains the mark {{.}, {.}, {.}, {.}, {O}, {.}, {.,O}, {.,O}}, then the 
classifier (###.O#. .  -  N -  ###O.#. . ) is created and added to the list. 

In this version of the ALP, it is important to note that every specialization of an at-
tribute in a classifier occurs in both the C and E parts. Therefore, for all the classifiers 
of the population, if a classifier contains a "don't-care" symbol in the C part, it con-
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tains a "pass-trough" symbol at the same place in the E part. Conversely, if a classifier 
contains a "pass-trough" symbol in the E part, it contains a "don't-care" symbol at the 
same place in the C part. 

The quality q of a classifier is increased and decreased by using the Widrow-Hoff 
delta rule [18] with learning rate bq  ∈[0, 1]: 

Increase: q = (1 – bq) * q  + bq (1) 

Decrease: q = (1 - bq) * q (2) 

The quality of all new classifiers is initialized to 0.5. If the quality increases over 
the threshold θr = 0.9, the classifier is considered to be reliable. The environmental 
model is represented by all reliable classifiers.  

Nevertheless, the system assumes that all classifiers of the list are distinct. There-
fore, when a classifier already existing in the list has to be added, the classifier is not 
added, and the q value of the identical classifier in the list is increased.  

Moreover, the system uses a subsumption method to avoid the creation of over-
specialized classifiers. This method is inspired by the subsumption method introduced 
by Wilson [19] in XCS. The use of this method has been introduced in ACS by Butz 
[9]. When a new classifier is created, it is not added if an already existing classifier 
subsumes the new one. A classifier cl1 subsumes a classifier cl2 if cl1 is reliable, is not 
marked, and is more general than cl2. Thus, if cl1 subsumes cl2, then cl2 is not added 
and the quality of cl1 is increased.  

2.6   The Reinforcement Learning Process 

To enable reward learning, the ACS adapts the Q-learning idea in reinforcement 
learning [20]. 

In order to learn an optimal policy in ACS, the reward prediction r of each classi-
fier of the learning set, at a time t, is updated according to the equation (3).  

R = ( 1 – br ) * R + br * ( γ * maxcl∈Mt+1( qcl * rcl ) + ρ(t) ) (3) 

The parameter br ∈[0, 1] is the learning rate and γ ∈[0, 1] the discount factor simi-
lar to Q-learning . Mt+1 is the match set at a time t+1 and ρ(t+1) is the reward at t+1.  

3   The Non-Markov States Problem 

A non-Markov environment is an environment containing aliased situations for the 
sensors of the system. This means that at least two distinct situations in the environ-
ments appear to be identical for the system. Therefore, if the optimal behavior con-
sists of different actions in these situations, the system will not be able to choose the 
best action. It will not be able to distinguish between the two situations and therefore 
determine the action it has to perform. Aliased situations are also called "non-Markov 
states" [8]. Several examples of non-Markov environments are presented in section 4. 
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To avoid such aliased situations, the alternative developed in this work is to take 
into account the last action, or succession of actions, that bring the system in the cur-
rent  environmental situation. When the system encounters such non-Markov states, 
the developed method consists in creating a classifier that associates previous actions 
with a possible action in its action part.   

3.1   Behavioral Sequence Classifiers 

A behavioral sequence is defined as a succession of actions. A behavioral sequence 
classifier is a classifier with an action part composed of several ordered actions. The 
definition of the action part A of this kind of classifier is the following:  

A = (αi)1 < i ≤ b s l  with 1 < bsl ≤ BSmax (4) 

(αi)1 < i ≤ b s l  is a succession of actions. BSmax is a parameter specifying the maximal 
size of behavioral sequences in the system, bsl is the number of actions in the se-
quence A , and αi∈{a1,…,an} are actions among the n possible actions of the system. 

Behavioral sequence classifiers are used in the classifier list in the same way as  
classical classifiers are used. They may be selected as active classifiers by the selec-
tion mechanism used in the behavioral act and, so, provide a succession of actions 
instead of a unique action. In this case, the system executes all actions before select-
ing a new active classifier. In the behavioral act description made in section 2.4, this 
means that step 3 is executed only if the last active classifier was not a behavioral 
sequence classifier or if all the actions of the sequence have been performed.  

The action selection mechanism of the system must take the possible presence of 
behavioral sequence classifiers in the classifier list into account. The e-greedy policy 
[4] explores different behaviors by choosing a proportion of action randomly (cf. 2.4). 
With such a mechanism, a behavioral sequence may be selected only if the best classi-
fier is selected and, moreover, if this classifier provides a behavioral sequence. No 
exploration may be executed on behavioral sequence classifiers, only exploitation. To 
enable the exploration with the selection of successions of actions, the mechanism 
used does exploration by selecting a random classifier among the match set, instead of 
choosing a random action. The selected classifier becomes the active classifier and the 
system performs the action or the succession of actions represented by the action part 
of the classifier. Notice that the exploration could be done by choosing a random 
behavioral sequence among all possible successions of actions, but this mechanism 
would allow the choice of behavioral sequences not represented in the classifier list. 
This is not desirable, the objective being not to develop all possible behavioral se-
quence classifiers. The intention is to develop only classifiers that are able to cope 
with non-Markov states. 

The next section presents how behavioral sequence classifiers are generated. The 
application of the RLP and the ALP on behavioral sequence classifiers is described in 
section 3.3. 

3.2   Creation of Behavioral Sequence Classifiers 

In order to avoid non-Markov states, the system has to be provided with the capacity 
to detect them in the environment. In [8], Stolzmann proposes a method for ACS to 
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detect a non-Markov state: if a marked classifier reaches the expected case of the 
ALP, and if the specification of unchanging components fails, then the ACS assumes 
that this situation is a non-Markov state. As a matter of fact, the specification of un-
changing components fails if the mark contains only one situation and if this situation 
is identical to the current one. This would mean that the classifier sometimes antici-
pates correctly in this situation (it has reached the expected case) and sometimes not 
(it is marked with the situation). This phenomenon is only possible, in static environ-
ments, if the situation is a non-Markov state.  

The creation of new behavioral sequence classifiers occurs in the expected case of 
the ALP. If a classifier reaches this case, is marked, and cannot be specified, then a 
new classifier is created gathering the previous active classifier and the current classi-
fier as a new behavioral sequence classifier.  

For instance, consider c = (C – A – E ) as a marked classifier that reached the ex-
pected case and cannot be specified. Let cactive-1 = (Cactive-1 – Aactive-1 – Eactive-1) be the previ-
ous active classifier, i.e. the classifier that brings the system to the state that c had 
matched to be updated. Then a new behavioral sequence classifier cnew = (Cnew - Anew - 
Enew)  is generated. cnew consists of:  

− Cnew = passthrough ( C, Cactive-1 ) 
− Enew = passthrough ( Eactive-1, E) 
− Anew = Aactive-1 A 

The passthrough operator has been defined by Stolzmann in [1]. It applies to two 
strings with a same number of attributes which may contain '#'-symbols. passthrough 
(A, B) returns a string C of the same size as A and B, with its attributes initialized as 
follows: 

C ! PASSTHROUGH (A , B): 

 FOR i  FROM 1 TO L DO 

     If ( B[i]='#' ) 

     THEN C[i] ! A[i]  

     ELSE C[i] ! B[i] 

L is the number of attributes in A, B and C. A[i], B[i] and C[i] are the ith attributes of, 
respectively, A, B and C. 

Aactive-1A is a behavioral sequence constituted in order with the action or succession 
of actions of Aactive-1 followed by the action or succession of actions of A. 

3.3   Classifiers Update 

If a behavioral sequence classifier is active, the ALP does not take place until the last 
action of the sequence has been executed. Therefore the step 8 of behavioral acts is 
not applied while a sequence is not finished.  

The RLP and ALP are applied on a learning set. Classically, the learning set is an 
action set: a set containing all the classifiers of the match that have the executed ac-
tion as action part. If the system executed a behavioral sequence instead of a unique 
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action, the learning set is formed with all the behavioral sequence classifiers of the 
match set that have the executed behavioral sequence as action part. 

If an ACS uses behavioral sequences, then it can produce classifiers with an action 
part representing a looping behavioral sequence. It is the case, for example, when a 
behavioral sequence consists on moving forward and then backward. To prevent such 
a looping behavior, the system uses a situations list during the execution of a behav-
ioral sequence. The quality of every classifier that provides a looping behavioral se-
quence is decreased. The algorithm used to perform such a mechanism has been pre-
sented by Stolzmann [8]. This algorithm was originally used to update a unique 
classifier. Here, the algorithm is applied on all classifiers providing the current exe-
cuted behavioral sequence. The algorithm is the following:  

EXECUTION OF A BEHAVIORAL SEQUENCE BS = (α
i
)
1<i<m

: 

 L ! {S
0
} 

 FOR i FROM 1 TO m DO 

  Execute α
i
  

  Perceive S
i
 

  IF S
i
 ∈ L THEN 

FOR each classifier with BS as action part DO 
q ! (1 - b

q
)
 
* q 

  L ! L ∪ {S
i
} 

In this algorithm, m is the size of the executed behavioral sequence BS. αi=1,…,m are 
the m actions of BS. L is the situations list. Si=0,…,m are the perceived situations. q is the 
quality parameter of classifiers and bq the learning rate (the equation used to update q 
corresponds to the equation (2) presented in section 2.5). 

4   Experiments in Woods Environments 

4.1   The Woods Environments 

The Woods environments are discrete two-dimensional environments containing two 
kinds of objects: obstacles and food. Each position in this grid is coded either as a 
tree, represented by 'O' for the sensors, as food, 'F', or as a free position '.'.  

In each cycle of experiment, each behavioral act, the system perceives the eight 
nearest cells of the environment as shown in the figure 3. Moreover, it can act by 
moving toward one of the eight nearest cells. Therefore, the possible actions of the 
system are these eight movements. Moving toward an obstacle cell is impossible. 

The environment used by Stolzmann to study behavioral sequences is the "T-Maze 
environment" [8]. It consists on a two-dimensional grid containing some obstacles 
and food. The difference with woods environments is that Stolzmann's system is not 
provided with the same sensors and actuators than in the classical woods context. As a 
matter of fact, the Stolzmann's ACS controls simulated khepera robots which cannot 
perceive the environment as in the figure 3. Due to this distinction, the T-Maze pro-
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vides different properties. In Stolzmann experiments, the environment is a non-
Markov environment while in the present context the T-Maze would be a Markov 
one. Thus, results would not be comparable. For this reason, the T-Maze is not used 
here. Moreover, Stolzmann focused on latent learning capacities of the system while 
this study focuses on reward learning ones. 

 

 

Fig. 3. Perception and actions of the system. The 'A' represents the position of the system. It 
perceives the eight nearest cells of its position, numbered from 0 to 7. It can act by moving to 
one of the eight cells. 

In this work, four environments are studied: one Markov environment and three 
non-Markov ones. The first one, Woods1, is studied as a reference environment. Butz, 
Goldberg and Stolzamnn presented ACS performances in Woods1 in [11, 17]. These 
experiments have been made to validate the system's basic behaviors as conform with 
some already presented results. The following environments are non-Markov envi-
ronments with different properties to permit the study of the system's performances in 
several distinct contexts.  

4.2   The Experiments 

Two types of experiments are made: latent learning tests and reward learning tests. 
All experiments follow a same principle: the system is placed in a random free cell 
and acts until it enters in a food cell. When the system is in a food cell, it is replaced 
in a random free cell. 

In the latent learning experiments, the system does not receive any reward when 
finding the food. Every 200 steps, the knowledge is tested. The knowledge is repre-
sented by the reliable classifiers of the classifier list (i.e. the classifier that have a 
quality more than θr). In each free position, and so in each possible situation of the 
environment, each possible movement is tested. If a reliable classifier matches a situa-
tion, induces a given action, and predicts correctly the consequent situation, then this 
situation-reaction-consequence is considered as known by the system. Its knowledge 
is, thus, the percentage of situation-reaction-consequence known among all possible 
ones in the environment. When a classifier contains a behavioral sequence, then all 
the situation-reaction-consequence which form a chain correctly matched by the C, A 
and E parts of the classifier are considered as known. 

In the reward learning experiments, the system receives a reward of 1000 when it 
enters into a food cell. To test the performance, the steps to food averaged over 50 
trials are recorded. This corresponds to the method used by Wilson to test ZCS[21] 
and XCS[19] performances in woods environment. After 1000 trials, the system 
switches to pure exploitation but learning processes are not stopped. Reward learning 
performances are compared to optimal performances in each environment. These 
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optimal performances are computed as the best performances the system could obtain 
if it had a complete perception of the environment. Therefore, in the non-Markov 
environments, the system cannot reach these optimal performances. These optima 
values have been used as reference because the computation of optimal performances 
according to the system perception may be a hard problem in certain non-Markov 
environments (especially in the E2 environment presented later). 

The parameter values used in the experiments are the following: 

− br = 0.05 
− bq = 0.05 
− θr = 0.9 
− px = 0.8 
− BSmax depends on the studied environment (see below). 

These values, except for BSmax, are the ones used by Butz to test ACS in Woods1 
[9, 17]. 

4.3   Experiments in Woods1 

Woods1 is a Markov environment introduced by Wilson to test ZCS [21]. Due to its 
Markov property, this environment does not represent a real challenge for ACS. In 
particular, the use of behavioral sequences is not needed to obtain optimal perform-
ances. Butz [17] demonstrated that after 17000 steps of latent learning, a complete 
model of the environment is developed by ACS. In [11] he showed that the complete 
model is obtained faster if the ALP is applied on a whole action set. The number of 
situation-reaction-consequence constellations represented in Woods1 is of 101 (i.e. 16 
positions * 8 movements – 27 impossible movements). 

 

 

Fig. 4. The Woods1 environment. This configuration is repeated indefinitely in the horizontal 
and vertical directions.  

In the present work, experiments in Woods1 have been made to confirm that the 
system obtains similar results than Butz in [11], in this environment. The action selec-
tion mechanism used by Butz is not the one used in this work. Therefore, the system 
has been tested with the two selection mechanisms to permit a result comparison of 
both approaches. 

As in Butz results [9], the system developed a complete internal model of the envi-
ronment. The size of the classifier list converges to a value around 190 with both 
selection mechanisms. The two mechanisms provides similar results in Woods1. In 
reward learning experiments, the system converges to optimal performances when it 
switches to exploitation.  
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Fig. 5. (a) Latent learning results the Woods1 environment according to two different action 
selection mechanism. In the fist experiment, exp1, the system uses the e-greedy policy with e = 
0 (i.e. all actions are selected randomly). In the second, exp2, the system uses the classifier 
selection mechanism used in later with behavioral sequences experiments (cf. 2.4) with px = 
0.8. (b) Reward learning results in Woods1. The system uses the classifier selection mechanism 
and switches to exploitation after 1000 trials. All curves (in (a) and (b)) are averages of 10 runs. 

4.4   Experiments in Woods100 

Woods100 has been used by Lanzi to study reinforcement learning whith internal 
memory [5]. It consists on a minimalist non-Markov environment presenting two non-
Markov-states (cl. Fig. 6). The number of situation-reaction-consequence constella-
tions represented in Woods100 is of 10 (i.e. 6 positions * 8 movements – 38 impossi-
ble movements). 

 

Fig. 6. The Woods100 environment. In the figure the 'N' symbols marks the two aliased situa-
tions of the environment. 

Note that, in reward learning results with BSmax of 1, the steps to food value in-
creases tremendously after the system switches to exploitation. It does not converge to 
a stable value but, rather, increases during all the experiment. At the 10000th trials the 
system needs a mean of 400 steps to get to the food. 

In order to test the system in environments of increasing complexity, two environ-
ments, E1 and E2, have been created. 

4.5   Experiments in E1 

Compared to Woods100, E1 is a non-Markov Environment which contains many 
different non-Markov states instead of two aliased states. Indeed, it presents 20 ali-
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ased situations, among the 44 possible positions of the environment, perceived by the 
system as 9 distinct situations. In this environment, the system has to take different 
configurations of non-Markov states into account. As a matter of fact, all aliased 
situations are contiguous with, at least, one other aliased situations. Nevertheless, in 
this environment, any contiguous non-Markov states are perceived as distinct by the 
system.  

 

 

Fig. 7. (a) Latent learning results in the Woods100 environment according to the BSmax value. 
The BS.count result represents the number of behavioral sequence classifiers in the classifier 
list. (b) Reward learning results in Woods100. All curves (in (a) and (b)) are averages of 10 
runs. 

 
Fig. 8. The E1 environment. Aliased situations are represented by the 'N1', 'N2', 'E1', E2', 'W1', 
'W2', 'S1', 'S2' and 'X' symbols. Two states marked with a same symbol are perceived as identi-
cal by the system. 

Results show that if E1 provides an increase of the non-Markov states configura-
tion complexity in the environment, it represents a challenge less difficult than 
Woods100. Indeed, compared to the system performances in Woods100, the system 
does not need to use behavioral sequences to converge to stable reward performance. 
Nevertheless, behavioral sequences of length 2 enable the system to develop a com-
plete internal model of the environment and to improve the "step to food" perform-
ance.  
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Fig. 9. (a) Latent learning results in the E1 environment according to BSmax value. The BS.count 
result represents the number of behavioral sequence classifiers in the classifier list. (b) Reward 
learning results in E1. With BSmax = 1, it converges to a performance around 4. With BSmax = 2, 
it converges to a performance around 3.3. All curves (in (a) and (b)) are averages of 10 runs. 

4.6   Experiments in E2 

As E1, E2 contains different non-Markov states, 36 aliased situations among the 48 
possible positions of the environment. These non-Markov states are perceived as 5 
distinct situations by the system. This environment may be considered as more com-
plex than E1 in the non-Markov state configuration because the number of Markov 
states is lower than the number of non-Markov ones. Moreover, a major difference 
with E1 is that this environment provides contiguous aliased situations perceived as 
identical by the system. 

 

Fig. 10. The E2 environment. The 'N', 'E', 'S', 'W' and 'C' symbols mark the aliased situation of 
the environment. Two states marked with a same symbol are perceived as identical by the 
system. 

Latent learning results (see figure 11) show that the system needs behavioral se-
quence length 3 to be able to develop a complete internal model of the environment. 
Moreover the size of the classifier list increases to 2500 with the use of behavioral 
sequence classifiers instead of 280 without them.  
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Fig. 11. Latent learning results in the E2 environment according to BSmax value. (a) The knowl-
edge performances of the system. It shows that the system needs behavioral sequence of length 
3 to develop a complete internal model of the environment. (b) The classifier list size varia-
tions. The BS.count result represents the number of behavioral sequence classifiers in the clas-
sifier list. All curves (in (a) and (b)) are averages of 10 runs. 

 

Fig. 12. Reward learning results in the E2 environment according to BSmax value. (a) Steps to 
food performances when no behavioral sequence classifier is used. The "best run" curve pre-
sents the  performances of the only run among ten which converges to stable performances with 
a steps to food value around 30. (b) (a) Steps to food performances with BSmax values of 2 and 3. 
Whatever BSmax value, the system converges to performance around 6.5. All curves (in (a) and 
(b)) are averages of 10 runs. 

Reward learning results (see figure 12) show that behavioral sequences of length 2 
are enough to converge to stable performances. Without behavioral sequences, a sta-
ble policy is reachable by the system but only one run among ten has converged to it. 
The performance obtained with this stable policy is of 30. With behavioral sequence 
of length 2, the system converge, in every run, to stable performances around 6.5. The 
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use of behavioral sequences of length 3 does not improve these "steps to food" per-
formances. Whatever the maximal length, the system obtains performances up to 
twice the absolute optimum. 

5   Discussion 

Results of the experiments show that the use of behavioral sequence classifiers im-
proves the system's performances in non-Markov environments either in reward or 
latent learning experiments. In the environments Woods100, E1 and E2, the system 
develops a stable strategy to get the food, i.e. it converges to stable reward learning 
performances. In latent learning tests, behavioral sequence classifiers permit the sys-
tem to develop a complete model of all environments. These results do not have the 
same importance in the three environments. Indeed, if Woods100, E1 and E2 all sat-
isfy the properties to be non-Markov environments, they do not represent equivalent 
challenges for the system. 

In Woods100, the system is not able to converge to stable reward learning per-
formances when it does not use behavioral sequences. Moreover, it obtains perform-
ances worse than a random action strategy. In this context, the use of behavioral se-
quence classifiers provides the system with the capacity to develop a stable strategy. 
Obtained performances are close to the optimal. 

The case of the E1 environment is different. Stable reward learning performances 
may be reached without using behavioral sequences. The use of behavioral sequence 
classifiers just improves the performances. As in Woods100, the obtained perform-
ances are close to the optimal. 

At least, in E2, stable reward learning performances may be reached without be-
havioral sequences, but only one experiment among ten has converged to it. Latent 
learning results show that the system needs a BSmax value of 3 to develop a complete 
model of the environment. The use of behavioral sequence classifiers enables the 
system to converge to stable reward learning performances in every experiment. But, 
whatever the BSmax value is , between 2 and 3, the obtained performances are the 
same. If these performances are better than without behavioral sequences, they stay, 
however, up to twice the optimal. 

The ability of the system to cope with non-Markov states heavily relies on the 
number and the disposition of the Markov states. As a matter of fact, a behavioral 
sequence classifier may be efficient if it is only applicable to a non-ambiguous situa-
tion as in a Markov state. Otherwise, the classifier cannot be reliable because it cannot 
anticipate correctly the resulting situation, and it has thus a small chance to be more 
useful than a classifier with a simple action. Thus, in the majority of E2 experiments, 
when the system has converged to stable reward learning performances, the only 
states where a behavioral sequence is performed are the four corners. In most states of 
the environment, behavioral sequences are not used, and the system develops a strat-
egy based on classifiers with simple action to find Markov states. For instance, it will 
go along the tree cells, while avoiding the chaining of two states perceived as identi-
cal, until it encounters a corner and, only in such a state, a behavioral sequence will be 
used to reach one of the Markov states close to the food cell (cf. fig. 10). This may 
explain why the system's reward learning performances stay up to twice the optimal in 
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E2 when using behavioral sequence classifiers. Moreover, this highlights why using a 
BSmax value of 3, which enables the system to develop a complete model of the envi-
ronment, does not improve reward learning performances obtained with a BSmax value 
of 2. Indeed, using behavioral sequences of three actions allows to take into account 
non-Markov states that were not reachable from Markov states with smaller se-
quences. But the strategy to get the food still stays the same as with sequences of two 
actions.  

The usefulness of behavioral sequences in the system is, thus, dependent on the po-
sition of Markov states in the environment. Therefore, it may be possible to have non-
Markov environments where the use of behavioral sequences have no interest what-
ever is the BSmax value. As a matter of fact, non-Markov environments in which the 
only Markov states are near the food, may present difficulties. This result  highlights a 
major difficulty of non-Markov environments for reinforcement learning systems. 
Indeed, any mechanism permitting to cope with non-Markov states need non-aliased 
states as reference to raise aliasing. Thus, actual LCSs using a memory mechanism, 
like a memory register, may suffer from same difficulties observed here. Their reward 
performances should depend on the position of Markov states. 

The ACS version used in this study does not have any generalization mechanism. 
As shown by Butz [11], this provides the system with a tendency to over-specialize 
the classifiers and to therefore develop a population size higher than necessary. For 
example, the population size converges to 190 in Woods1 while only 101 classifiers 
are necessary. However, the size of the classifier list increases tremendously with the 
use of behavioral sequence classifiers. Results of latent learning experiments show 
that a very high number of behavioral sequence classifiers are generated. To limit this 
population increase, the system may need a more sophisticated mechanism to select 
the classifiers that will be used to create a behavioral sequence classifier. Above all, 
the system may use a reliable classifier instead of using the previous active classifier. 
To avoid over-specialization and to generate maximally general classifiers, the system 
may also use a genetic algorithm[16]. Such an enhancement has been studied by  
Butz[9, 11, 12]. 

6   Conclusion 

This paper presented a study of ACS performances in different non-Markov environ-
ments when using behavioral sequences. A version of ACS is detailed based on 
Stolzmann's ACS [1], and using enhancements proposed by Stolzmann [8] and 
Butz[9, 11, 13, 17]. Latent learning and reward learning experiments have been made 
in four distinct environments, one Markov and three non-Markov, in order to test the 
system's performances when using behavioral sequences and when not using it.  

The reward and latent learning results in the Markov-environment show that the 
performances of the system match former results obtained by Butz, Goldberg and 
Stolzmann in a same environment [17, 11].  

Experiments in non-Markov environments showed that using behavioral sequences 
permit an improvement of the system's performances. In latent learning experiments, 
the use of behavioral sequence classifiers enables the system to develop a complete 
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model of the environments. In reward learning experiments, the system converges to a 
stable policy in the three non-Markov environments. 

Nevertheless, the study highlights a relation between the system's ability to cope 
with aliased situations and the position of Markov states (i.e. non aliased situations) in 
the environment. Indeed, any system provided with a mechanism to cope with non-
Markov states needs non-aliased states to develop stable policies in non-Markov envi-
ronments. ACS with behavioral sequences needs non-aliased states to develop reliable 
behavioral sequence classifiers able to avoid aliased situations. The proportion of 
Markov states, and their disposition among aliased ones, have a strong impact on the 
system behavioral sequence classifiers use. Thus, if this method provides the system 
with the capacity to develop stable strategies close to the optimal in certain non-
Markov environments, it is not adapted to all non-Markov environments. Such results 
may permit to develop a categorization of non-Markov environments based on the 
applicability of behavioral sequences to cope with aliased situations. 

As future work, generalization mechanisms should be added to the system in order 
to avoid its tendency to over-specialize its classifiers. Butz, Goldberg and Stolzmann 
introduced the use of a genetic algorithm in ACS [9, 11, 13] and showed that this 
method enables the system to develop maximally general reliable classifiers. The use 
of behavioral sequence increases tremendously the classifier list size. This method 
may be enhanced with more sophisticated mechanisms to select the classifiers used to 
form new behavioral sequence classifiers. Moreover, this method has to be tested in 
non-Markov environments used to test ZCS and XCS with internal memory, in order 
to enable a comparison of the two approaches. A comparison may permit to further 
highlight the dependencies of this  method with particular properties of each non-
Markov environment.  
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Abstract. This paper presents one form of mapping Artificial Immune Systems 
(AIS) into Learning Classifier Systems (LCS). Artificial Immune Systems can 
be defined as adaptive systems inspired by theoretical models and principles of 
the biological immune system and applied to solve problems in the most di-
verse domains, from biology to computing. Similar to Learning Classifier Sys-
tems, already used to model complex adaptive systems, a better understanding 
of Artificial Immune Systems can be obtained when they are analysed under 
the perspective of complex adaptive systems. One of the goals here is to deter-
mine complementary features of both systems (LCS and AIS), aiming at pro-
viding a novel mapping conception. The formal treatment proposed along the 
paper may then be used to integrate models for complex adaptive systems. 

1   Introduction 

Nature abounds with complexity. All natural systems have to be capable of coping 
with continuous changes in environmental conditions so as to maintain life. This 
survival capability requires some fundamental features, such as adaptability, interac-
tivity, self-maintenance and diversity. Complex adaptive system (CAS) is a terminol-
ogy originally proposed to denote any system, either natural or artificial, that presents 
these characteristics [21]. One of the greatest challenges in designing artificial com-
plex adaptive systems lies in the adaptability and flexibility of the models. There are 
several ways of implementing such models. One is to look for a single model encom-
passing all the necessary features. Another is by combining complementary attributes 
of distinct conceptual devices or practical tools, giving rise to hybrid models. These 
models are always motivated by the absence of a single device capable of properly 
supporting all the requirements under consideration. 

Learning classifier systems (LCS) have for long been used to solve a number of 
complex computational and engineering problems, such as pattern classification and 
decision making [35],[36]. Concurrently, artificial immune systems (AIS), have also 
been successfully applied to these domains [11]. Given that LCS have already been 
proposed as a framework to model CAS [21], and noting that LCS and AIS share 
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similar domains of application, the main aspects to be considered here are preliminary 
steps toward the integration of LCS and AIS in the context of CAS. 

To accomplish this task, this paper has two main goals: determining and highlight-
ing complementary features of artificial immune systems and learning classifier sys-
tems; and, as an extension of the first effort, proposing a mapping between these two 
approaches. Both initiatives may then provide the necessary understanding to be ex-
plored in a near future for fully integrating both approaches. 

These goals will be reached by means of four distinct steps. First, the identifica-
tion of common aspects between both systems. Second, the establishment of corre-
spondence rules between AIS and LCS by associating elements of one system with 
elements of the other and analysing their complementary features. Third, the presen-
tation of the suggested mapping together with an application example. Finally, a dis-
cussion about the outcomes of the proposal. 

The framework to be proposed for AIS also brings some similarities with the 
framework introduced by Holland [20] to model adaptation in natural and artificial 
systems. Holland suggested that such a framework might be composed of an envi-
ronment undergoing adaptation, an adaptive plan that determines successive structural 
modifications in response to the environment, and a performance measure of different 
structures in the environment. According to de Castro & Timmis [11], AIS can be 
designed using a layered framework composed of three main parts: a representation 
scheme, some adaptation procedures, and a set of mechanisms to evaluate interac-
tions. 

Therefore, even considering the existence of distinctive aspects among the many 
frameworks for problem solving and modelling complex adaptive systems, in general 
terms the following requirements are always involved: an environment in which the 
systems are built, a given representation scheme for individuals that inhabit the envi-
ronment, some evaluation mechanisms to allow for a qualitative distinction of indi-
viduals, and adaptation strategies to change the configuration (structure or parame-
ters) of the system. 

This paper is organised as follows. Section 2 shows the foundations of LCS, intro-
ducing one of the most popular views of complex adaptive systems. In Section 3, 
learning classifier systems and adaptive agents to model CAS are briefly described, 
with a historical overview of other models of classifier systems. Section 4 provides a 
discussion of the vertebrate immune system, claiming why it can be characterised as a 
CAS, together with a broader outline of the artificial immune systems. Previous pro-
posals dealing with the resemblance of learning classifier systems and artificial im-
mune systems are reviewed in Section 5, followed by the presentation of a novel 
mapping conception and an application example. Section 6 presents a discussion and 
analyses the possible outcomes of this research. 

2   Foundations for Complex Adaptive Systems (CAS) 

Complex Adaptive Systems (CAS) is a terminology used to describe all natural (bio-
logical and social) systems, together with their many properties, interactions and 
resultant emergent behaviours. The work proposed by Holland [21] starts with a dis-
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cussion of how these systems are formed and self-sustained, explaining how the 
(complex) behaviour of the whole is more than a simple sum of individual behav-
iours. One of the main questions raised is that of how a decentralised – with no cen-
tral planning – system is self-organised. Note that there is a strong similarity between 
the concept of a CAS and the concept of emergent systems [22], [30]. Indeed, com-
plex adaptive systems exhibit emergent phenomena, but this is not the focus of the 
discussion to be presented here. 

As an instance of a CAS, one can think of the immune system, with its sheer di-
versity of cells, molecules and organs, all working in concert to provide security 
against foreign attacks and to aid in sustaining life. Several other examples can be 
given, such as all bodily systems (e.g., the nervous system, and the endocrine sys-
tem), insect societies (e.g., ant and termite colonies), trading in commerce (e.g., the 
stock market), and so forth. A common aspect is that there is no central control. Every 
element composing the system plays its individual role and sometimes adapts itself 
and interacts with other elements (and even whole systems) with the aim of generat-
ing and sustaining its integrity and the life of the organism. 

Despite the differences among the many complex adaptive systems, in every sin-
gle case the persistence of the system relies on three main aspects: 1) interactions of 
components, 2) diversity, and 3) adaptation. According to Holland [21], the choice of 
the name Complex Adaptive Systems is more than a terminology “[i]t signals our 
intuition that general principles rule CAS behaviour, principles that point to ways of 
solving attendant problems.” (p. 4)  

Holland [21] propositions were delineated to uncover general principles associ-
ated with the synthesis of refined CAS behaviours from simple laws. The core idea is 
to develop a well-designed mathematical model for CAS, i.e. a formal theory. The 
steps taken toward this goal were to initially select seven basics – four properties 
(aggregation, nonlinearity, flows, and diversity) and three mechanisms (tagging, 
internal models, and building blocks) – common to all CAS, and then to devise a 
framework and implement a computer-based model to study CAS. In the following, 
we attempt to summarise the main parts of Holland’s seven basics. 

Seven Basics 
As described above, Holland’s seven basics are divided into four properties: aggrega-
tion, nonlinearity, flows and diversity; and three mechanisms: tagging, internal mod-
els and building blocks.  

Properties 
Aggregation in complex adaptive systems occurs in static and dynamic senses. The 
first sense states how to describe the inherent structure of CAS (a standard way of 
modelling a CAS), and the second is related to what CAS do aggregate, i.e., how 
complex large-scale behaviours emerge from the aggregate interactions of less com-
plex elements. More precisely, in the first sense, basically, there is an aggregation of 
categories that afterwards will turn into building blocks for the models. In the second 
sense, aggregation is a basic characteristic of all complex adaptive systems, where 
each category aggregates with another category forming a more complex category, 
thus yielding to more complex hierarchical aggregations. 
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Non-linearity is present in complex adaptive systems in several distinct levels, de-
fining how non-linear dynamics almost always make the behaviour of the aggregate 
more complicated. Therefore, the behaviour of a system containing non-linear com-
ponents is harder to model and to predict. 

Flows concern how data (e.g., information, stimuli, electric impulses, resources 
etc.) propagate through a system and vary over time. The effects of such flows are of 
two kinds: the multiplier effect, which spreads an injected resource or information at 
a given node or agent throughout the network; and the recycling effect, as the name 
suggests, helps to maintain the equilibrium by adapting the data to a new use or func-
tion, by passing it through a cycle again, as for further treatment, or just by starting a 
different cycle. 

The last property, diversity, is viewed as a necessary feature to generate and main-
tain a CAS. In fact, perpetual novelty is a hallmark of CAS. It indicates that the diver-
sity is the product of progressive adaptations, as signalised by Charles Darwin [9], 
when he observed that the principles of evolution that operated to generate the spe-
cies, like competition, variation and selection, arise from the diversity of species. 

Mechanisms 
The first mechanism, denoted tagging, refers to tag-based interactions (i.e., labelled 
identified, and/or classified interactions) that provide a sound basis for filtering, spe-
cialisation, co-operation, competition, formation of aggregates, manipulation of sym-
metries, and selective interactions. 

The internal models mechanism is the terminology used to refer to mechanisms 
for anticipation (the act of considering something beforehand, i.e. foreknowledge) 
and prediction (the act of reasoning about future events or possibilities, especially on 
the basis of special knowledge, i.e. foresight). In fact, internal models distinguish 
CAS from other complex systems. They balance exploration with exploitation [21], 
providing the make of careful systematic searches of profitable and useful resources. 
There are two kinds of internal models, tacit - that simply prescribes a current action, 
and overt - that explores alternatives (looks ahead), allowing inferences to be accom-
plished.  

The last mechanism, named building blocks or generators, constitute basic ele-
ments or parts that compose internal models. In fact, relevant building blocks are 
combined to model new situations, therefore, to generate internal models or a com-
pletely novel CAS. 

3   Learning Classifier Systems and Adaptive Agents for CAS 

Learning classifier systems (LCS) were introduced by J. Holland in mid 1970s [20]. 
Basically, they refer to a methodology for creating and updating rules, named classi-
fiers, which encode alternative specific actions according to the purpose of the system 
and the current state of the environment [5]. There have been a number of variants to 
the standard (original) LCS introduced by Holland. This section presents the standard 
learning classifier system, describes how LCS can be used to model agents for CAS, 
and reviews some of its most well known variants. 
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3.1   Holland’s Learning Classifier System 

The learning classifier system communicates with the environment through its mes-
sage detectors. These detectors are responsible for the reception and proper encoding 
of the messages received by the system. The system acts on the environment through 
its effectors, which decode the systems’ proposed actions. The appropriate reward 
applied to the active classifier is determined by the nature of the outcome of each 
action, that is, the environmental feedback. Figure 1 summarises the interaction of a 
LCS with the environment and depicts its main component parts. 
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Fig. 1. Simplified flow of the interaction of a learning classifier system with the environment. 
D: detectors; E: effectors 

 

A classifier is composed of an antecedent and a consequent part, similarly to a 
production rule, with a condition and an action part. The antecedent part is usually a 
string composed of the ternary alphabet {1, 0, #}, and the consequent part is encoded 
as a binary string. The “#” symbol corresponds to a ‘don’t care’, that is, it can be 
interpreted either as a ‘1’ or as a ‘0’.  

Associated with each classifier there is a value, named strength, used to express 
the energy or power of the classifier during the adaptive process. The matching of the 
classifier’s antecedent part with the messages of the environment defines which clas-
sifiers will compete to act on the environment. This competition is based on the 
strength of the selected classifiers. 

Another important concept is the specificity of each classifier, which is a measure 
inversely proportional to the number of don’t care symbols “#” on the antecedent part 
of the classifier. 
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The interaction between the LCS and the environment happens as follows: 

− when the message detectors perceive the presence of a message from the envi-
ronment, this message is sent to the Rule and Message Sub-System (see Figure 1). 
Then, all the classifiers try to match its antecedent part with the message received 
from the environment. This phase is called the matching phase and can be per-
formed in a bit-to-bit basis, according to specific operators. 

− given a message from the environment, the classifiers that have the highest level 
of matching will be allowed to take part in the competition. The winner is recog-
nised by a parameter called bid, which is calculated taking the strength and speci-
ficity of the classifier and modulating it by a signal with Gaussian distribution. 
The winner will be allowed to act on the environment. 

− when using the Bucket Brigade algorithm, instead of directly acting on the envi-
ronment, the winner classifier posts its message (i.e. the consequent part) to a 
message list, which afterwards will activate other classifiers that might also post 
their messages, creating a cascade of actions stimulated by actions already 
adopted. 

− the environment will provide a feedback to the learning classifier system in re-
sponse to the action commanded by the effectors. It is the responsibility of the 
Apportionment of Credit Sub-System to incorporate a reward or punishment value, 
based on the feedback from the environment, to the strength of the classifier or 
subset of classifiers responsible for an action or sequence of actions. 

− once feedback is received from the environment, and the credit is attributed to the 
pertinent classifiers, a new message will be provided by the environment, describ-
ing its new current state. Then, once again the Rule and Message Sub-System re-
ceives and processes the environmental message. The process continues for one 
epoch of iteration, defined as a sequence of actions adopted by the learning classi-
fier system between adaptive phases. 

At the end of each epoch, the learning classifier system takes part in another adap-
tive process: the discovery of new rules at the Rule Discovery Sub-System. At this 
stage, evolutionary operators, such as crossover and mutation, are applied to produce 
the next generation of rules. This evolutionary process aims at producing a learning 
classifier system with improved performance. Basically, a genetic algorithm is used 
to evolve the set of classifiers, taking the strengths as the fitness values. Those classi-
fiers with greater strength are selected, reproduced, and suffer genetic variation 
through crossover and mutation. The generated offspring classifiers are introduced 
into the population at the next generation, replacing the weakest individuals (the ones 
with the lowest strengths). 

3.2   LCS to Model Agents for CAS 

Although the term CAS has different meanings for different researchers [8], we par-
ticularly adopted John Holland’s idea because he was the proponent of the first 
framework to develop adaptive agents for CAS. The framework proposed by Holland 
[21] for developing adaptive agents for CAS was introduced as consisting of three 
major built-in stages, to be described in what follows. 
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In the performance system stage, agents are viewed as a collection of message 
processing rules. The syntax of the rules depends on their interaction with the envi-
ronment. A set of detectors and a set of effectors manage this system-environment 
interaction. Additionally, the performance system specifies the agents’ capabilities at 
a fixed point in time, and it prepares these agents to novel situations without having 
all rules a priori. 

In the credit-assignment stage, the core idea is to provide the agents with the ca-
pability of adapting to the environment. In the performance system, a number of rules 
can be fired simultaneously according to the interactions of the system. As a conse-
quence, these rules must compete with one another in order to have a single rule be-
ing selected to determine the output of the system. Each rule has a strength assigned, 
which is modified via credit-assignment on the basis of experience (e.g., a Bucket 
Brigade algorithm [5]). Credit-assignment is performed in response (reward – rein-
forcement or punishment) to a ‘payoff’ received from the environment. 

The rule-discovery stage describes another way of endowing agents with adapta-
bility by allowing the system to automatically generate ‘plausible’ rules. It should be 
done always taking the past experience into account. The author uses the notion of 
schemas (likened to building blocks) and genetic algorithms as tools for rule discov-
ery. 

The framework described above for modelling agents for CAS is reminiscent of 
Learning Classifier Systems. Indeed, Classifier Systems have already been used to 
model CAS [20]. For instance, the set of detectors/effectors plus the IF/THEN rules 
(classifiers) correspond to the performance system. The rule discovery and credit 
apportionment systems are equivalent to the rule discovery and credit assignment 
algorithms, respectively. Table 1 summarises the direct mapping between the LCS 
and the proposed framework to model adaptive agents for complex adaptive systems. 

Table 1. Mapping Learning Classifier Systems (LCS) into the Holland’s framework to de-
scribe adaptive agents for CAS 

Learning Classifier Systems Adaptive Agents for CAS 

Set of detectors/effectors plus the classifiers Performance system 

Rule discovery system Rule discovery system  

Credit apportionment system Credit assignment system 

3.3   Other Types of Classifier Systems 

The learning classifier system previously described corresponds to the standard 
framework proposed by Holland [23], [20]. Based on previous studies, it is possible 
to claim that learning classifier systems constitute a sufficiently flexible tool for self-
adaptation to time-varying contexts. Also, they have shown effectiveness on the pro-
duction of secondary responses to previously presented stimuli and are able to react 
promptly to changes in the environment due to their diversity preservation mecha-
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nisms [47]. However, there have been also a number of other well-succeeded variants 
to the standard learning classifier system [35],[36], as summarised in Table 2. 

Table 2. Already proposed variant models of classifier systems (adapted from Kovacs (2000)) 

Date Model Brief description Authors 
1975 CS Classifier System John Holland [20] 
1986 LCS Learning CS John Holland [23] 
1985 CSM CS with Memory Hayong Harry Zhou [53] 
1989 HCS Hierarchical CS Lingyan Shu and Jonathan Schaeffer [41] 
1989 SCS Simple CS David Goldberg [17] 
1989 VCS Variable CS Lingyan Shu and Jonathan Schaeffer [41] 
1990 PCS Predictive CS Piet Spiessens (Spiessens (1990) in [32]) 
1994 FCS Fuzzy CS Takeshi Furuhashi, Ken Nakaoka and Yoshiki 

Uchikawa [15] 
1994 ZCS Zeroth-level CS Stewart W. Wilson [51] 
1995 OCS Organizational CS Jason Wilcox [50] e Takadama and collabora-

tors. [44] 
1995 XCS Special CS Stewart W. Wilson [52] 
1996 ACS Anticipatory CS Wolfgang Stolzmann [43] 
1997 EpiCS Departed from 

NEWBOOLE (Bonelli 
et al, 1990)  

John H. Holmes [24] 

1999 CCS Corporate CS Andy Tomlinson and Larry Bull [45] 
 

Despite the existence of several variations of the standard learning classifier sys-
tem and many new models, there are still open challenges in the field of LCS. Aspects 
such as generalisation, scalability and anticipation have not yet been fully examined. 
According to Holmes et al. [25], these three challenges are part of the many interest-
ing research directions to be explored. However, not only the recently developed 
models should be further investigated and/or improved, but also new propositions 
should be considered. 

In the present paper, an attempt will be made to compare artificial immune systems 
(AIS) and learning classifier systems (LCS), under various perspectives. The intent is 
to provide enough background for a further combination of their potentialities, based 
mainly on the existence of complementary features, both in terms of properties and 
mechanisms. Next section presents a discussion of the vertebrate immune system, 
claiming why it can be characterised as a CAS, together with a broader outline of the 
field of AIS. 

4   The Vertebrate Immune System and Artificial Immune Systems 

Together with many other bodily systems, the immune system plays an important role 
in maintaining life. One of its primary goals is to provide the organism with a notion 
of self, so that disease causing agents (viruses, bacteria, funguses and parasites) and 
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abnormal self-cells are detected and eliminated before major damages are caused to 
the body [11].  

The immune system, in particular the vertebrate immune system, is composed of a 
large variety and number of cells, molecules, and organs distributed all over the body. 
Therefore, the number of theories, principles and processes used to explain the behav-
iour of the immune system or portions of it is vast. This section reviews some basic 
aspects of the vertebrate immune system (IS) together with its computational counter-
part, namely, the artificial immune system (AIS). 

4.1   Fundamentals of Immunology 

The immune system can be decomposed into innate and adaptive, where the innate 
immune system constitutes the first line of defence against a wide variety of disease 
causing agents, namely antigens, without requiring any previous exposure to them. 
The innate immune system is also crucial for the regulation of immune responses. 
Cells and molecules of the adaptive immune system “adapt” to previously seen 
pathogenic (disease-causing) agents, thus resulting in immunity against future infec-
tions by the same or similar agents. This happens by altering the concentration and 
molecular structure of those immune cells responsible for successfully recognising 
and fighting against infection. 

The adaptability of the immune system is easily illustrated by the vaccination pro-
cedures. An attenuated or dead sample of a pathogenic agent is inoculated into the 
organism so that those immune cells responsible for recognising this specific agent 
are stimulated to proliferate, according to a process known as clonal selection and 
expansion [6]. This agent does not cause any harm to the organism because it is at-
tenuated or dead. However, the stimulation it provides results in the increase of those 
clones (specific sets) of cells that recognise this agent. In addition, during prolifera-
tion some cells have their molecular structure altered by regulated processes of muta-
tion. Those cells with mutated receptors of high affinity with the eliciting antigens are 
selected for survival. Therefore, the immune system “learns” to deal with a certain 
pathogenic agent by altering the concentration and molecular structure of individual 
cells and molecules successful in combating specific diseases. 

In addition to this clonal selection theory of immunity, there are others, such as the 
immune network theory that has great potentiality for engineering applications [12]. 
Basically, the immune network theory proposes that the immune system is composed 
of sets of cells and molecules dynamically connected with each other through 
molecular structures. The dynamics of this network is an intrinsic property of the 
immune system that results from the mutual recognition between immune cells and 
molecules. As such, disease-causing agents, termed pathogens, are responsible for 
disturbing the internal network of cells and molecules. 

One important feature of immune cells for the promotion of immune responses and 
understanding of the network theory is the presence of surface receptor molecules 
responsible for recognising and binding with molecular structures of pathogens, 
known as antigens. Particularly, one class of immune cells, termed as B-cells, can 
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alter in number (increase their concentration level) and modify the structures of their 
receptor molecules, named antibodies, so as to provide a better recognition of and 
defence against previously encountered antigens. 

Antigenic recognition is performed by matching molecules on antigens with a re-
ceptor molecule on the surface of an immune cell. The matching is a result of physi-
cal, chemical and electrical interactions between a portion of the receptor and a por-
tion of the antigen. The degree of match between the molecules is termed affinity. The 
better the match, the higher the affinity, and thus the stronger the binding (recogni-
tion). Figure 2 illustrates how an antibody molecule on the surface of a B-cell 
matches an antigen. 

Antigen 

Y

Y

B-Cell 

Y
Antibody 

 
Fig. 2. Recognition of an antigen by an antibody molecule on a B-cell. The shapes adopted in 
the illustration provide only a pictorial view 

In the immune network theory, originally proposed by Jerne [28], antibodies are 
capable of recognising not only antigens, but also other antibodies. This way, 
antibodies were assumed to have some molecular patterns on their surfaces, named 
idiotopes, which play the role of antigens and could thus be recognised by other 
antibodies, as illustrated in Figure 3. 

Antigen 

Idiotope 

Paratope 

Antibody 

 
Fig. 3. The antibodies with their molecular portions and antigenic recognition. The portion of 
an antibody that can recognise an antigen is called paratope, and the portion that can be recog-
nised by another antibody is named idiotope 

As antibodies can recognise and be recognised by other antibodies, this interaction 
forms a network of communication (interaction) within the immune system. An inter-
esting aspect of this immune network theory is that it does not depend upon the pres-
ence of external (or “foreign”) antigens to stimulate the immune system. Thus, the 
presence of immune cells and molecules is sufficient to endow the immune system 
with a dynamic behaviour associated with the interactions of immune cells and mole-
cules. The recognition of an antibody by another antibody causes the stimulation of 
the recognising antibody. In contrast, when an antibody is recognised by another 
antibody, the former is suppressed. Antibody stimulation and suppression are illus-
trated in Figure 4. 
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Fig. 4. The immune network theory. When an antibody, present at the surface of a B-cell, 
recognises an antigen or another antibody it is stimulated; when it is recognised, it is sup-
pressed 

Another important concept is the network metadynamics: insertion of new cells 
and molecules into the network and removal of non-stimulated cells from the net-
work. The network metadynamics models a natural tendency of the immune system 
to be always producing new cells and removing useless, damaged or dead cells from 
the organism. 

To determine if one of the generated cells is going to be allowed to enter the net-
work, it is necessary to determine the sensitivity (stimulation and suppression) level of 
each new cell with relation to the cells already in the network. One main problem with 
the immune network theory is the lack of a more explicit account of phenomena like 
network suppression and stimulation. Many theoretical models have been developed, 
and each of these models treats stimulation and suppression in different forms. 

4.2   The Vertebrate Immune System as a Complex Adaptive System 

It is possible to identify the seven basics of CAS in the vertebrate immune system. 
Here we provide our own perspective of how the seven basics can be observed in the 
vertebrate immune system, briefly described above. Further concepts about the im-
mune system will be presented as required. 

Properties 
1) Aggregation – There is a large variety of cells composing the immune system. 

Among them, lymphocytes are the most important ones, from a biological and 
computational perspective. These cells can be naturally categorised according to 
their physiology and function, mainly into B- and T-cells. They all act together to 
protect our bodies against foreign attacks by pathogens, and against malfunction-
ing self-cells. The physiology and functions that lead to an aggregation of immune 
cells can be easily exemplified. For instance, those naïve lymphocytes that mature 
within the bone marrow are termed B-cells, and those that mature into the thymus 
are named T-cells. Macrophages are different from B- and T-cells for they act by 
scavenging infected cells and other debris found in the blood stream and lymph. 
Interactions among cells and molecules in the immune system are not only abun-
dant, but also necessary for its functioning. Without the help of T-cells, B-cells 
cannot detect pathogens hidden inside and causing damage to our own cells. Also, 
chemical products released by B- and T-cells stimulate and signal to other cells, 
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such as macrophages and even other B- and T-cells. Aggregation is thus pervasive 
in the immune system. 

2) Nonlinearity – In the case of the immune system, there are, among others, the 
effects of saturation in antibody production and lymphokine secretion. Regardless 
of the number of pathogens invading the organism, antibody production and lym-
phokine secretion cannot raise above a certain level. Nonlinearity is also evident 
when one considers that, for example, two antibodies acting together have a dif-
ferent effect in an antigen than if we sum the effect of both of them acting indi-
vidually. This holds true for all elements in the immune system, from lymphoki-
nes to macrophages. 

3) Flows – Similarly to nonlinearity, several levels of flow can be identified in the 
immune system. From the flow of immune cells throughout the organism, to the 
flow of its secreted chemicals (e.g., lymphokines).  

4) Diversity – In the immune system, B-cells, T-cells, macrophages, granulocytes, 
chemokines (lymphokines), etc., all contribute to a suitable immune functioning. 
Diversity in the immune system can also be studied in different levels. For in-
stance, there are different types of cells (e.g., B-cells, T-cells and macrophages); 
there are different types of molecules (e.g., antibodies and lymphokines); and 
there are different organs (e.g., bone marrow, thymus, and lymph nodes). 

Mechanisms 
1) Tagging – Each immune cell has its particular design; not a single element is the 

perfect copy of another one. Nevertheless, all elements of a given type (e.g., B-
cells) share some common features (tags) that allow them to be categorised as B-
cells. The same is true for other cell types and molecules in the immune system. 

2) Internal models – When the immune system is primed with a type of pathogen, it 
builds a repertoire of cells and molecules that is specialised in recognising this 
type of pathogen. The immune system thus builds an internal model that allows it 
to recognise and fight against previously seen pathogens. The idea of internal 
models in the immune system is largely studied in theories of immune networks. 
In the original immune network theory, introduced by Jerne [28], individual cells 
and molecules are capable of recognising each other and antigens as well. As an 
outcome, the immune system naturally generates and maintains a network of im-
mune cells and molecules that interact with each other even in the absence of ex-
ternal stimuli. The same immune cell that can recognise another immune cell can 
also recognise an antigen. The immune cell recognised has similar attributes to the 
antigen and is thus called an internal image of the antigen. 

3) Building blocks - A clear example of the presence of building blocks in the im-
mune system is the use of genes, selected from gene libraries, to construct lym-
phocyte receptor molecules. Individual genes and the libraries themselves can be 
considered as building blocks to generate receptor molecules. This perspective can 
also be expanded to the level of immune receptors and cells. Different immune 
cells carry receptors responsible for recognising specific sets of disease-causing 
agents. Therefore, these sets of immune cells correspond to building blocks that 
contribute to the construction of the whole “immune memory”. 
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4.3   Artificial Immune Systems 

Artificial immune systems (AIS) are composed of computational intelligence meth-
odologies, inspired by the natural immune system for the solution of real-world prob-
lems [10]. AIS can also be defined as adaptive systems inspired by theoretical immu-
nology and observed immune functions, principles and models, which are applied to 
problem solving [11]. According to the later authors, AIS can be designed using a 
layered framework composed of three main parts: 

1) a representation scheme for the components of the system; 
2) a set of mechanisms to evaluate the interactions of individuals with the environ-

ment and each other; and 
3) some adaptation procedures. 

Within each of these layers there are various strategies. For instance, in layer 1 – 
representation – shape-spaces [40] play a major role. A shape-space may be under-
stood as a (search) space where attribute strings are used as abstract models to repre-
sent immune cells and molecules. The idea is to define metrics in the shape-space as 
means of quantifying the degree of recognition (affinity) between immune cells, and 
between them and antigens. For instance, if using binary strings to represent the im-
mune receptors, a metric such as the Hamming distance is a candidate to be used to 
quantify the degree of dissimilarity (recognition) between two bit strings (two points 
in the shape-space). 

In layer 2 – interactions – the environment may be simulated by a set of input 
stimuli, and fitness and/or affinity functions. The existence of a metric space and the 
determination of an affinity function allow the definition of the (relative) quality of 
the individuals composing the population. 

The procedures of adaptation govern how the behaviour of the system varies with 
time, and are usually simplified models of an immune function, process, or theory. 
For instance, clonal selection [6], negative selection [34], immune networks [28],[29], 
and so forth, have been largely used by the AIS community. These procedures usually 
take the affinity/fitness measures of layer 2 as part of their processing. 

As a modelling example using the proposed framework, consider the immune net-
work theory, where several immune network models have been proposed to account 
for how the cells and molecules of the immune system vary their concentration level 
and molecular structure. The aim is to control how the cells of the immune network 
have their concentration and molecular structure (attributes) varied with time; proc-
esses known as the network dynamics. 

These models usually assume an attribute string to represent the cells and mole-
cules, and use ordinary differential equations, difference equations or iterative proce-
dures of adaptation to control the network dynamics and metadynamics. 

In a specific model proposed by Watanabe et al. [49], the immune cells and mole-
cules (antibodies) are represented by binary attribute strings of fixed length. Only B-
cells and antibodies are modelled, and as each B-cell has a single type of antibody on 
its surface, no distinction is made between a network cell and its antibody. Equation 1 
is used to control the dynamics of the network model used in this paper. Based on this 
equation, the concentration ai of each antibody is determined by considering the simi-
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larity of each antibody with the current antigen, the connections among antibodies 
(that can be stimulatory or suppressive), and the natural death of antibodies. 
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where: 

• N is the number of antibodies that compose the network; 
• mi is the affinity between the antibody i and a given antigen; 
• mji represents the affinity between the antibody j and antibody i, in other words, 

the degree of stimulation; 
• mik represents the affinity between the antibody k and antibody i, in other words, 

the degree of suppression; 
• ki is the natural death rate of ai. 

Equation 2 is a squashing function used to impose an upper limit on the concentra-
tion level of each antibody. 

The network model described above is a clear example of an artificial immune sys-
tem designed using the already proposed framework. Immune cells and molecules are 
represented using binary attribute strings, their affinity is determined by a distance 
metric between two bit strings, and the adaptation procedure follows an ordinary 
differential equation (Equation 1). 

Note that this framework is not different in essence from the one proposed by 
Michalewicz and Fogel [37] when describing heuristic problem solving techniques. 
They suggest that three main concepts are involved in problem solving: representa-
tion, the definition of an objective function, and the choice of an evaluation function. 

As already mentioned, the proposed framework for AIS also brings some similari-
ties with the framework introduced by Holland [20] to model adaptation in natural 
and artificial systems: an environment undergoing adaptation, an adaptive plan, and a 
performance measure. 

There are also many similarities between the AIS framework discussed and some 
basic design principles of other biologically inspired techniques, such as neural net-
works and evolutionary algorithms. Artificial neural networks require a model for an 
artificial neuron and a network structure (representation), some connectivity pattern 
(interactions), and a learning algorithm (adaptation procedure). Evolutionary algo-
rithms also require some sort of data structure (representation), fitness function (inter-
actions), and (genetic) variation operators to be used in the adaptation procedures. 

Therefore, though there might be slight differences among the many frameworks 
for modelling complex adaptive systems, it is possible to stress a set of basic compo-
nents (building blocks) from which some of them may be useful in a particular con-
text: an environment, a representation scheme, some evaluation mechanisms, and 
adaptation strategies to change the configuration (state) of the system. 
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Summing up, among all the AIS main properties, we can stress uniqueness, self-
identity, diversity, self-organisation, autonomy, multilayered structure, robustness, 
learning and memory ability. Due to its wide intrinsic properties, the AIS has also a 
wide range of applications, from the biosciences, to computational intelligence, to 
computer science and software engineering (see de Castro & Timmis [11] for more 
details). 

4.4   Artificial Immune Systems as Complex Adaptive Systems 

After identifying Holland’s seven basics for all CAS in the vertebrate immune sys-
tem, and having briefly discussed the fundamentals of artificial immune systems, we 
are now going to claim that AIS also provides models to be interpreted as agents for 
CAS. To give support to our claim, we will first map AIS into the framework for 
adaptive agents for CAS introduced by Holland. In the following section we will map 
artificial immune systems into learning classifier systems. Table 3 summarises the 
mapping between AIS and the framework for CAS. 

 

Table 3. Mapping artificial immune systems into the Holland’s framework for adaptive agents 
to model CAS 

Artificial Immune Systems Adaptive Agents for CAS 

Immune cells and molecules representation 
(shape-spaces) together with their structural 
relationship 

Performance system 

Procedures of adaptation Rule discovery system 

Mechanisms to evaluate interactions Credit assignment system 

5   Mapping Artificial Immune Systems  
5   into Learning Classifier Systems 

The vertebrate immune system and artificial immune systems have already been 
placed in the broader context of complex adaptive systems [48]. So far, AIS and 
learning classifier systems have both been demonstrated capable of modelling agents 
for CAS. Table 4 proposes the same three stages for building agents for CAS into 
these two different contexts: AIS and LCS.  

The next and second step is to establish a rule of correspondence between the two 
systems that associates each element of one system with an element of the other sys-
tem. This is accomplished by first providing a general comparison between both sys-
tems, i.e., placing the framework for engineering AIS introduced in de Castro & 
Timmis [11] in the context of learning classifier systems, and then determining com-
plementary features of artificial immune systems and learning classifier systems. 
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Table 4. The same three stages in the contexts of AIS and LCS 

Stages for creating adap-
tive agents for CAS 

AIS LCS 

First Stage 

(performance) 

Immune cells and molecules Classifiers 

Second Stage  

(credit assignment) 

Affinity (fitness) evaluation Strength 

Third Stage  

(rule discovery) 

Procedures of adaptation 

 

Genetic algorithm 

 

5.1   AIS and LCS: A Survey and a General Framework Comparison 

A Survey 
Many researches have already attempted to compare the similarities and differences 
between LCS and AIS. However, all these comparisons were made under specific 
scenarios. Among others, it is possible to highlight the works of Farmer et al. [14], 
Kauffman [31], Varela et al. [46], Bersini & Varela [1], Bersini [2], Hunt & Cooke 
[26] and Hofmeyr & Forrest [19]. 

The first work to look for similarities and differences between both systems was 
proposed by Farmer et al. [14]. Basically, the authors wrote both systems in the form 
of a dynamical system, resulting in equations of motion to describe their dynamics, 
i.e. behaviour with time. A classifier system was used to model the immune system 
by drawing an analogy between individual classifiers and antibodies. The authors 
pointed out that the main difference between both systems is the nature of the nonlin-
earity in the proposed dynamical equations. They also stressed other differences, like 
the interaction with the external environment and the system of message passing used 
in the classifier system. Furthermore, the authors stated that “…it is an accident that 
there is any similarity at all between the immune and classifier systems. The classifier 
system does not have to satisfy any of the constraints of nature, since ultimately its 
only function is to provide a general purpose scheme for adaptive problem solving.” 
(p. 201-202). Some similarities were presented, such as the generation of new solu-
tions that act in precisely the same manner in both systems (providing novelty). It was 
also argued that both systems are strongly non-linear dynamical systems. 

For Bersini & Varela [1], the immune system is more like Holland’s Classifier 
System (either escape ‘brittleness’ (fragility) or ‘semantic closure’). The ‘problem 
solving’ qualities belong to an evolving, adaptive and self-organising population of 
interactive individuals. The authors suggest that a complete comparison between CS 
and an immune network model covers the whole cognitive domain: search, adaptabil-
ity, memory and learning. 

In Hunt & Cooke’s [26] point of view, their immune network model combines the 
advantages of learning classifier systems with some of the advantages of neural net-
works, machine induction and case-based retrieval. The authors believe that although 
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their AIS has similarities with both systems, it differs from both in a number of sig-
nificant aspects. These differences have the potential to make their AIS applicable in 
situations where neural networks or learning classifier systems are not appropriate, 
e.g. learning classifier systems find it difficult to deal with problems which lack of 
separation between global solutions or have many locally optimal rules. This was 
claimed not to be the case for their AIS. 

Hofmeyr & Forrest [19] referred to their AIS for network intrusion detection as a 
resemblance to the architecture of a classifier system. The mapping between their AIS 
and CS was suggested not to be 1 to 1. In their implementation nothing corresponded 
to the action part of a classifier. Furthermore, the authors were the first ones to sug-
gest that their AIS could be added to the repertoire of CAS. 

General Framework Comparison 
To design an AIS, de Castro & Timmis [11] proposed a layered framework with three 
main parts. The comparison of specific AIS with classifier systems can be extended to 
a more general comparison of AIS in the light of the framework proposed as follows. 

The classifiers correspond to the attribute strings, in a given shape-space, repre-
senting immune cells and molecules. These strings can be simple structures such as 
binary strings or more complex structures such as one containing symbolic values. 
The communication with the environment is performed via a set of input stimuli, or 
one or more fitness/affinity measure. A detector in a classifier system corresponds to 
a receptor in an immune cell, and the effector might be likened to lymphokines se-
creted by the immune cells. Other types of effectors can also be available in an AIS 
depending on their rationale (e.g., the elimination or classification of given patterns). 
The strength of a classifier might correspond to the affinity value of a given immune 
cell or molecule, which in turn will be responsible for determining an action of or to 
be acted upon this cell or molecule. Though most AIS do not employ wild cards 
(don’t cares) in their representation, works employing this type of data structure can 
also be found in the literature (e.g., Hart and Ross [18]). 

In a higher level, it is also possible to link AIS with classifier systems. The rule 
and message sub-system can be likened to the set of attribute strings representing 
immune cells and molecules. The apportionment of credit sub-system can be equated 
to the set of mechanisms to evaluate the interactions of individuals with the environ-
ment. Finally, the rule discovery sub-system corresponds to the procedures of adapta-
tion for AIS. Table 5 summarises the high-level comparison between AIS and learn-
ing classifier systems.  

 

Table 5. General framework comparison between AIS and LCS 

AIS LCS 

Representation (shape-spaces) Rule and message sub-system 

Mechanisms to evaluate interactions Apportionment of credit sub-system 

Procedures of adaptation Rule discovery sub-system 
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5.2   AIS and LCS: Determining Complementary Features 

After providing a general comparison between both systems, this section concerns the 
end of the second and final step towards the new mapping conception, i.e., the deter-
mination of the complementary features of AIS and LCS.  

Consider the most important open challenges in the field of LCS namely, generali-
sation, scalability and anticipation. 

• Generalisation. The ability of a system to represent in a compact form what it has 
learned and to apply it to previously unseen situations. According to Holmes et al. 
[25] this aspect raises several questions such as: What triggers the evolution of ac-
curate and maximally general classifiers? What are the system requirements that 
insure effective generalisation? What are the difficult classes of problems? Should 
we look for alternative ways to implement generalisation? Or are genetic algo-
rithms the best solution? Many of these questions can be answered by considering 
some of the AIS main properties, in particular, diversity maintenance through mu-
tation and receptor editing [16], cross-reactivity [42], and memory. Receptor edit-
ing is a mechanism the immune system developed to replace receptors with very 
low degrees of recognition by receptors randomly generated. Cross-reactivity cor-
responds to the immune capability of recognising molecular patterns similar to 
those previously seen. Editing, cross-reactivity and memory can all be found in 
some AIS algorithms [11], and these may be useful for combination (hybridisa-
tion) with LCS. 

• Scalability. It refers to how rapidly the learning time or the system size grows as 
the problem complexity increases. As generalization is directly related to scalabil-
ity, a system that can generalise properly can learn complex tasks rapidly and with 
limited memory resources. These aspects can be directly addressed by the same 
AIS properties enumerated above, in addition to others, like the multilayered struc-
ture, self-organisation ability, self-assertion [3] and autonomy. These four proper-
ties together allow the AIS to react promptly and rapidly to environmental 
changes. The notion of self that naturally emerges in the immune system (self-
assertion) promotes the creation of an immune repertoire that appropriately consti-
tutes an internal image of the universe we inhabit. This way, it is always possible 
to create parsimonious representations of structured environments. 

• Anticipation. The ability of a system to predict or anticipate the effect of their 
actions, raised another question [25]: Despite the current models based on the work 
of Stolzmann [43], are there other feasible approaches for adding anticipations to 
LCS? The answer is yes, the anticipatory capacity of the immune system and some 
artificial immune systems can be taken into account, for example, when creating 
new classifiers through gene recombination. Only now researchers from the AIS 
community are beginning to realise that gene libraries [39] carrying useful infor-
mation about a given problem can be used to generate receptor molecules embody-
ing prior information of specific domains. This endows AIS (and possibly LCS) 
with enhanced potentiality for dealing with novel situations. 
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5.3   AIS and LCS: A Suggested Mapping 

In addition to the general framework comparison made above, there are some equiva-
lencies between both systems that must be emphasised. These equivalencies may be 
associated with theoretical issues or just practical aspects, and have already been 
pointed out along the presentation of previous applications of AIS and LCS per-
formed by the authors [7],[47],[11],[12]. However, this paper is the first one to ag-
gregate all the equivalencies and to perform a complete mapping in a common frame-
work. 

The equivalencies are the following:  

• both systems employ tags in their inside and outside interactions; 
• there is an intrinsic willingness to cooperate and/or to compete (combat); 
• the matching processes are isomorphic in function; and 
• both systems are frequently updating their internal models. 

Table 6 summarises our proposal for a mapping from AIS into LCS.  

Table 6. AIS into LCS: a suggested mapping 

AIS mapping into  LCS 

Attribute strings → Classifiers 

Fitness/affinity → Strength of a classifier 

Receptors → Detectors 

Signals → Effectors 

Don’t cares → Don’t cares 

 
This mapping was proposed by placing the framework for engineering AIS (Sec-

tion 4.3) introduced in de Castro & Timmis [11] in the context of learning classifier 
systems. The next section summarises a mapping example by implementing an AIS 
for a robot autonomous navigation problem. 

5.4   AIS and LCS: A Mapping Example 

One of the most challenging problems in machine learning is robot autonomous navi-
gation. The literature associated with LCS is full of initiatives to implement control 
devices for autonomous navigation [13]. Similar approaches based on AIS, particu-
larly based on the immune network theory, have also been proposed in the literature 
[27],[49],[38], though not with the same perspective as the one adopted here. As a 
preliminary investigation of the proposed mapping, the work of Michelan & Von 
Zuben [38] will be considered. 

The work was based on the immune network theory for the navigation control and 
the task consists of a robot that needs to collect garbage without running out of en-
ergy. This navigation task has already been addressed by Ishiguro et al. [27]. How-
ever, though using the same fixed rules that govern the robot navigation, the work 
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presented by Michelan and Von Zuben [38] proposes an automatic determination of 
immune network connections via evolutionary techniques. Under this scenario, not 
only the dynamics but also the metadynamics of the immune network is being con-
sidered. 

As a sum up, we illustrate in Table 7 the main features of the immune device for 
autonomous navigation. 

Table 7. A summary of an application of an AIS to robot autonomous navigation by Michelan 
& Von Zuben [38] 

Robot Autonomous 
Navigation  

AIS 

Navigation control system Immune network 

System performance On-line fitness evaluation 

Dynamic behaviour Network dynamics via antibody concentration level 

Condition/action behaviour Antigen/antibody interaction (response) 

Sensors Antigens 

Actuators Idiotopes 

 
The final step in this work is to present a mapping example of an AIS implementa-

tion. Table 8 shows our mapping proposal for the robot autonomous navigation case 
just described. 

Table 8. A proposed mapping of AIS into LCS for the robot autonomous navigation case of 
Table 7 

AIS  mapping 
into 

LCS 

Antibodies → Classifiers 
On-line fitness evaluation → Classifiers fitness (1) 
Antibodies concentration level → Classifiers strength 
Antigen/antibody interaction  → Condition/action matching 
Antigens → Detectors of environment messages 
Idiotopes → Effectors 

6   Discussion and Future Work 

Together with a terminology to encompass all natural and artificial systems present-
ing a set of specific properties, Holland also introduced a general framework to model 

                                                           
1  While observing the mapping proposal of Table 8, it is possible to state that the standard 

LCS proposed by John Holland (1992) does not explicit accounts for the fitness evaluation 
of the rules. Indeed this kind of metric was proposed later on by Wilson (1995) in his semi-
nal work on a well established LCS model, named XCS (Special Classifier System). 
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agents for such systems. The potentiality of this proposal, broadly termed classifier 
systems, has led to its study, development, improvement, and application by research-
ers on the most varied fields. Another field of research that presents some features in 
common with and complementary to classifier systems are the so called artificial 
immune systems. In both areas of investigation much has been done to evaluate their 
true potentiality for problem solving, main domain of applications, formal aspects, 
drawbacks and limitations. 

This conceptual paper introduces both fields with a reasonable level of detail, in-
vestigates the similarities and differences between them, highlights their main fea-
tures, maps one into the other, and suggests avenues for hybridising them so as to 
overcome individual limitations. The focus is on how AIS can be used to improve 
LCS performance. Furthermore, a survey from the literature contrasting AIS with 
LCS is provided, and some speculative application examples are given to illustrate the 
conceptual proposal presented here. 

We are currently working on the development of a hybrid system between classi-
fier systems and artificial immune systems with a view of applying it to robotic 
autonomous navigation. It characterises an extension of the work performed by 
Michelan and Von Zuben [38], briefly described in Section 5.4, and whose complex-
ity might suffice to validate the utility of the hybrid system. 
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Abstract. With over 700 entries, this is the most comprehensive bibliography of
the machine learning systems introduced by John Holland.

Introduction

Learning classifier systems have a long and rich history. We hope this bibliography
will both illustrate this point and prove a useful resource for researchers. Although
the first classifier system, CS-1, was reported in 1978 [355], the development of LCS
was foreshadowed by some of Holland’s earlier work [339–341] dating back as far as
1971. In the early 80’s much progress was in the form of PhD theses [617, 60, 292, 561,
257] (but see also [701, 702]), following which LCS papers began to appear steadily
in conferences. Later landmarks include the publication of books by Holland in 1986
[353] and Goldberg in 1989 [295], and the series of International Workshops on LCS
(IWLCS), in 1992, and yearly from 1999 to 2003.

Acknowledgements

We are grateful to Alwyn Barry for the contribution of his large LCS bibliography to
ours, and to the many other individuals who have contributed.

P.L. Lanzi et al. (Eds.): IWLCS 2002, LNAI 2661, pp. 187–229, 2003.
c© Springer-Verlag Berlin Heidelberg 2003



188 Tim Kovacs

References

1. Emergent Computation. Proceedings of the Ninth Annual International Conference of the
Center for Nonlinear Studies on Self-organizing, Collective, and Cooperative Phenomena
in Natural and Artificial Computing Networks. A special issue of Physica D. Stephanie
Forrest (Ed.), 1990.

2. Collected Abstracts for the First International Workshop on Learning Classifier System
(IWLCS92), 1992. October 6–8, NASA Johnson Space Center, Houston, Texas.

3. Proceedings of the 2000 Congress on Evolutionary Computation (CEC00). IEEE Press,
2000.

4. Proceedings of the International Workshop on Learning Classifier Systems (IWLCS-2000),
in the Joint Workshops of SAB 2000 and PPSN 2000, 2000. Pier Luca Lanzi, Wolfgang
Stolzmann and Stewart W. Wilson (workshop organisers).

5. Proceedings of the 2001 Congress on Evolutionary Computation (CEC01). IEEE Press,
2001.

6. Jose Aguilar and Mariela Cerrada. Fuzzy classifier system and genetic programming on sys-
tem identification problems. In Lee Spector, Erik D. Goodman, Annie Wu, W.B. Langdon,
Hans-Michael Voigt, Mitsuo Gen, Sandip Sen, Marco Dorigo, Shahram Pezeshk, Max H.
Garzon, and Edmund Burke, editors, Proceedings of the Genetic and Evolutionary Com-
putation Conference (GECCO-2001), pages 1245–1251, San Francisco, California, USA,
7-11 July 2001. Morgan Kaufmann.

7. Jose L. Aguilar and Mariela Cerrada. Reliability-Centered Maintenance Methodology-
Based Fuzzy Classifier System Design for Fault Tolerance. In Koza et al. [423], page 621.
One page paper.

8. Manu Ahluwalia and Larry Bull. A Genetic Programming-based Classifier System. In
Banzhaf et al. [22], pages 11–18.

9. Rudolf F. Albrecht, Nigel C. Steele, and Colin R. Reeves, editors. Proceedings of the
International Conference on Artificial Neural Nets and Genetic Algorithms. Spring-Verlag,
1993.

10. Peter J. Angeline, Zbyszek Michalewicz, Marc Schoenauer, Xin Yao, and Ali Zalzala, edi-
tors. Proceedings of the 1999 Congress on Evolutionary Computation CEC99, Washington
(DC), 1999. IEEE Press.

11. W. Brian Arthur, John H. Holland, Blake LeBaron, Richard Palmer, and Paul Talyer. Asset
Pricing Under Endogenous Expectations in an Artificial Stock Market. Technical report,
Santa Fe Institute, 1996. This is the original version of LeBaron1999a.

12. Jaume Bacardit and Josep M. Garrell. Evolution of adaptive discretization intervals for A
rule-based genetic learning system. In W. B. Langdon, E. Cantú-Paz, K. Mathias, R. Roy,
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genetic algorithms. In W. B. Langdon, E. Cantú-Paz, K. Mathias, R. Roy, D. Davis, R. Poli,
K. Balakrishnan, V. Honavar, G. Rudolph, J. Wegener, L. Bull, M. A. Potter, A. C. Schultz,
J. F. Miller, E. Burke, and N. Jonoska, editors, GECCO 2002: Proceedings of the Genetic
and Evolutionary Computation Conference, pages 399–406, New York, 9-13 July 2002.
Morgan Kaufmann Publishers.



210 Tim Kovacs

389. Yasushi Ishikawa and Takao Terano. Co-evolution of multiagents via organizational-
learning classifier system and its application to marketing simulation. In Proc. 4th Pacific-
Asia Conf. on Information Systems ( PACIS-2000), pages 1114–1127, 2000.

390. Jacob Hurst, Larry Bull and Chris Melhuish. TCS learning classifier system controller
on a real robot. In H.-P. Schwefel J.-J. Merelo Guervós, P. Adamidis, H.-G. Beyer, J.-
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488. Jorge Muruzábal and A. Muñoz. Diffuse pattern learning with Fuzzy ARTMAP and PASS.
In Davidor and Schwefel [169], pages 376–385.

489. Ichiro Nagasaka and Toshiharu Taura. 3D Geometric Representation for Shape Generation
using Classifier System. In Koza et al. [424], pages 515–520.

490. Filippo Neri. First Order Logic Concept Learning by means of a Distributed Genetic Algo-
rithm. PhD thesis, University of Milano, Italy, 1997.

491. Filippo Neri. Comparing local search with respect to genetic evolution to detect intrusions
in computer networks. In Proceedings of the 2000 Congress on Evolutionary Computation
(CEC00) [3], pages 238–243.



216 Tim Kovacs

492. Filippo Neri. Relating two cooperative learning strategies to the features of the found con-
cept description. In Lee Spector, Erik D. Goodman, Annie Wu, W.B. Langdon, Hans-
Michael Voigt, Mitsuo Gen, Sandip Sen, Marco Dorigo, Shahram Pezeshk, Max H. Garzon,
and Edmund Burke, editors, Proceedings of the Genetic and Evolutionary Computation
Conference (GECCO-2001), page 986, San Francisco, California, USA, 7-11 July 2001.
Morgan Kaufmann.

493. Filippo Neri. Cooperative concept learning by means of A distributed GA. In W. B. Lang-
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