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Abstract. In this paper, combination between a Fuzzy ARTMAP-based 
artificial neural network (ANN) model and the genetic algorithm (GA) for 
performing cooperative learning is described.  In our previous work, we have 
proposed a hybrid network integrating the Fuzzy ARTMAP (FAM) network 
with the Dynamic Decay Adjustment (DDA) algorithm (known as FAMDDA) 
for tackling pattern classification tasks.  In this work, the FAMDDA network is 
employed as the platform for the GA to perform weight reinforcement.  The 
performance of the proposed system (FAMDDA-GA) is assessed by means of 
generalization on unseen data from three benchmark problems.  The results 
obtained are analyzed, discussed, and compared with those from FAM-GA.  
The results reveal that FAMDDA-GA performs better than FAM-GA in terms 
of test accuracy in the three benchmark problems. 
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1   Introduction 

Over the last few years, combination between artificial neural networks (ANNs) and 
evolutionary algorithms (EAs) has attracted a lot of attention.  In fact, both ANNs and 
EAs cross-fertilize each other; ANNs provide a framework of accurate and exact 
computation whereas EAs provide a robust and efficient approach for undertaking 
complex optimization problem (Fogel 1995; Yao 1999).  The focus of the 
combination between ANNs and EAs is highlighted on the accuracy rate produced by 
the resulting hybrid system (Cantú-Paz and Kamath 2005). 

EAs, which encompass genetic algorithms (GAs), genetic programming, 
evolutionary programming and evolution strategies, are stochastic in nature, and they 
are based on populations made up of individuals with a specific behaviour similar to 



biological phenomenon.  They are search algorithms that are less likely to be trapped 
in a local minimum.  Among existing EAs, the most well-known branch is GAs, 
which is essentially a mechanism of natural selection, genetic and evolution 
(Goldberg 1989).  Compounded by a capability of evaluating many points in the 
search space simultaneously, GAs are likely to find near-optimum solution of a given 
problem.  They are general-purpose optimization methods that require no derivative 
information for solving search problems.  GAs have been employed primarily in two 
main research areas; optimization and machine learning.  In machine learning, GAs 
can be used to aid the learning of ANNs (Whitley 1995).  On the other hand, learning 
of ANNs is actually a process of compressing codes and refining the connection 
weights from a large pool of incoming data within a specific structure.  In this 
regards, the role of GAs (or general EAs) is to aid in the learning process of ANNs by 
searching for a set of “optimized” weights of ANNs.  Another way of hybridization 
between GAs and ANNs is that GAs are used to design the structure of ANNs.  
However, the second approach is not the focus of this paper.  Instead, the main 
objective of our work is to improve the learning process of ANNs by searching for the 
weights that would eventually lead to a better network generalization performance. 

Among many ANN models, the multilayer perceptron (MLP) network, which is 
trained with the backpropagation algorithms, has often been used as the numerical 
model in a hybrid system with the GAs (Lam and Leung 2004; Tsai et al. 2006).  The 
GAs have been used to search for the number of hidden nodes as well as for the 
connection weights of the network.  As pointed out in Taha and Ghost (1999), one 
major limitation of the standard MLP network is that it is difficult to adopt an 
incremental learning scheme in its structure.  On the other hand, one ANN model that 
is able to overcome the issue of incremental learning and has demonstrated good 
performance especially for pattern classification problems is Fuzzy ARTMAP (FAM) 
(Carpenter et al. 1992).  Indeed, FAM is a supervised model of Adaptive Resonance 
Theory (ART) (Carpenter and Grossberg 1987).  The FAM network is an incremental 
learning model that has overcome the stability-plasticity dilemma (Carpenter and 
Grossberg 1987), i.e., it is stable enough to preserve information learned from 
previous data and, at the same time, flexible enough to learn new information from 
new data.  Combination between GA and FAM is not new.  However, most of the 
work leans towards the use of GA in selecting relevant features for assisting the 
learning of the FAM network (Palaniappan and Raveendran 2002; Palaniappan et al. 
2002), and there is relatively little work in the literature that reports fusion between 
GA and FAM in machine learning and optimization. 

In our work, we aim to develop a neuro-genetic system that can perform machine 
learning for undertaking classification problems.  Unlike MLP, FAM performs 
incrementally learning for which it does not require handcrafting of network 
architecture prior to training process.  Nevertheless, like MLP, FAM might likely to 
produce sub-optimal solutions upon the completion of the training process.  
Meanwhile, GAs require the initialization of population, which is predefined with 
arbitrary size and is of random basis, before performing the search procedure.  The 
combination of FAM and GA amplifies the strengths and, at the same time, 
ameliorates the disadvantages of each constituent. 

In this work, FAM learns incrementally the information by means of prototypes 
and the resulting templates are employed by the GA as a set of sub-optimal weights 



that would guide the future search and adaptation.  Such a cooperative learning 
scheme can improve the search efficiency of the hybrid system for obtaining good 
solutions, as will be demonstrated in the later section of this paper. 

Learning in the original FAM network involves the formation of new prototypes 
and/or invariable boundary expansion of the existing prototypes.  In this regards, 
FAM does not impart a learning scheme that resolves conflicts resulting from 
overlapping among the prototypes of different classes in the attribute space.  In our 
previous work (Tan et al. 2004a), FAM is integrated with the Dynamic Decay 
Adjustment (DDA) algorithm for resolving conflicts during training period.  In Tan et 
al. (2004b), an investigation of using an ordering algorithm (Dagher et al. 1999) to 
identify a fixed order of training data presentation for network learning is reported.  
The sequence of the training patterns is determined prior to network learning, and it is 
independent of any permutations of the training patterns.  The resulting network (i.e., 
Ordered FAMDDA) learns the ordered training patterns for improving generalization 
performance. 

In this paper, the focus is on the weight reinforcement of the FAMDDA network, 
for better generalization.  A GA (Baskar et al. 2001) is proposed to co-assist in 
searching and adapting the weights that are learned by FAMDDA.  To show the 
effectiveness of the hybrid system FAMDDA-GA, a performance comparison 
between FAM and FAMDDA, which are trained respectively with the GA (i.e., FAM-
GA and FAMDDA-GA), is made.  The main focus of the investigation is to ascertain 
that the cooperative machine learning scheme of FAMDDA-GA is more effective 
than that of FAM-GA towards good solutions. 

This paper is organized as follows.  Section 2 briefly describes FAM, FAMDDA 
and the GA that are applied in this work.  The fusion of FAMDDA-GA is explained 
in section 3.  To demonstrate the effectiveness of the proposed FAMDDA-GA, its 
performance is evaluated with three benchmark datasets and the results are compared 
with those from FAM-GA.  All of the experimental results are analyzed and discussed 
in section 4.  A summary of the work is given in section 5. 

2   Fuzzy ARTMAP-Based Networks 

The section presents a brief description on the operations of FAM and FAMDDA.  
For full description, readers can refer to Carpenter and Grossberg (1987), Carpenter et 
al. (1991), and Carpenter et al. (1992) for FAM; and Tan et al. (2004a) for FAMDDA. 

2.1   Fuzzy ARTMAP (FAM) 

FAM is a neural network that is constructed by a pair of Fuzzy ART modules (i.e., 
Fuzzy ARTa and Fuzzy ARTb) interconnected through a mapping field.  On 
presentation of input patterns, FAM self-organizes and self-stabilizes information and 
network configuration.  Such ability of FAM is reliant on the recruitment of a 
feedforward pass (that is usually employed in most ANN models) and a feedback pass 
for pattern matching.  On the other hand, the network growth is also controlled by the 
vigilance parameter (Carpenter et al. 1992), which is a user-defined threshold.  The 



vigilance test evaluates the similarity between the prototype patterns of the network 
and the input pattern.  If none of the existing neurons could satisfy the vigilance test, a 
new neuron is introduced, and the input is coded as its prototype pattern.  Hence, 
subject to the vigilance criterion, the number of prototype patterns grows with time 
and this would engender the formation of an autonomous network topology for a 
problem in hand. 

2.2   Fuzzy ARTMAP with the Dynamic Decay Adjustment Algorithm 
(FAMDDA) 

The architecture of FAMDDA is actually similar to that of FAM.  The difference is 
that FAMDDA incorporates a conflict-resolving facility for dealing with overlapping 
among prototypes of different classes.  Such conflict-resolving facility is provided by 
the DDA algorithm (Huber and Berthold 1995), which comprises a width shrinking 
procedure for rectangular basis prototypes.  Width adjustment of the prototype is class 
dependent, which distinguishes the prototype from different neighbours.  Several 
modifications have been made in FAMDDA to perform width shrinking.  In order to 
avoid the formation of a very thin rectangle of a prototype in FAMDDA, a user-
defined minimum width threshold, minε  (Huber and Berthold, 1995), is enforced on 
each dimension.  The learning procedure of FAMDDA is attached in the Appendix. 

3   Reinforcement Learning of FAMDDA with GA 

GAs are adaptive heuristic search algorithm premised on the evolutionary ideas of 
natural selection and genetic (through crossover and mutation operations).  The basic 
concept of GAs is designed to simulate processes in natural system necessary for 
evolution.  The combination of FAMDDA and GA (i.e., FAMDDA-GA) amplifies the 
strengths of both constituents and at the same time, it complements the weaknesses of 
each individual entity.  In our work, the GA participates in enhancing the learning 
capability of the FAMDDA network, by searching and adapting its weights.  Fig. 1 
shows the overall procedure of the cooperative learning model of FAMDDA-GA.  
Training starts with the weight learning process of FAMDDA within a predefined 
number of maximum epochs.  FAMDDA performs supervised learning based on the 
given training patterns.  The architecture as well as the weights of the network are 
identified autonomously.  It is noted that all weights of Fuzzy ARTa that represent the 
essence of input data space are grouped as a Pittsburg chromosome  for search 
mechanism and adaptation in the GA environment.  In fact, a chromosome in the GA 
environment represents the weights of different classes in the data space in the 
network environment.  On the other hand, both weights of Fuzzy ART

0z

b and mapping 
field are secured from evolution.  Such arrangement is intended to reinforce weights 
of Fuzzy ARTa in the GA environment without affecting its behavior link with Fuzzy 
ARTb, upon returning to the network environment.  A finite number of chromosomes 
are generated in the GA environment according to a modified function (Baskar et al. 
2001) 
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Fig. 1. The overall training procedure of FAMDDA-GA. 

Each chromosome is converted into the Fuzzy ARTa module and the fitness of the 
network is evaluated in terms of accuracy, by presentation of training patterns.  Once 
the fitness of all chromosomes is calculated, the GA applies Roulette-Wheel to select 
chromosomes.  The genetic operators (i.e., crossover and mutation) are applied to 
process the selected chromosomes.  In this study, the arithmetic crossover (Baskar et 
al. 2001) that can deal with a pair of selected real-coded chromosomes (i.e., ) is 
applied, as follows. 
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where λ ]1,0[∈  is a uniformly distributed random variable; z'  and 'z'  are the 
offsprings. 

A dynamic mutation as described in Baskar et al. (2001) is adopted in our work.  
For a given chromosome z , if the element  is selected for mutation, the resulting 
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where /  are the upper/lower bounds of the element ; r U
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kz kz ]1,0[∈  is a random 
number; T is the maximum generation number; and, d is a parameter that determines 
the degree of non-uniformity (usually assumed as 2). 

After crossover and mutation have been applied, new set of chromosomes 
(offspring) are obtained.  They are new set of individuals that forms a new population.  
The process of fitness evaluation, selection, and genetic operations on a population of 
chromosomes is repeated until one of the stopping criteria has been satisfied, i.e., 
either an achievement of 100% recognition rate of training patterns by one of the 
chromosome or a maximum setting of 10 generations (i.e., T=10), has been reached.  



If second stopping criterion is fulfilled, the chromosome of the current population that 
has the highest fitness value is identified as the weights of the Fuzzy ARTa module. 

4   Experimental Results and Discussion 

To demonstrate the effectiveness of the proposed FAMDDA-GA model, a series of 
experiments were conducted using three benchmark datasets; pima Indian diabetes 
(PID), Australian credit approval (AUS), and heart (HEA).  All these datasets are 
available from the UCI machine-learning repository (Blake and Merz 1998).  The 
PID, AUS and HEA datasets are binary-class problems with 768, 690, and 270 
samples, and have 8, 14, and 13 input attributes, respectively. 

In each experiment, the dataset is divided into training and test sets.  The 
FAMDDA-GA model was trained using 50% randomly selected data while the 
remaining data were used for evaluating the network’s performance.  The FAMDDA-
GA model underwent two different modes of training: FAMDDA and GA.  In the 
FAMDDA environment, the system was trained at 1 epoch with the “default” 
parameter settings: fast learning rate, 1=β ; minimum width, 1.0min =ε ; and ARTa 
baseline vigilance, 0.0=aρ .  On the other hand, in the GA environment, search and 
adaptation of the system are driven by parameters which include the number of 
replicate chromosomes (i.e., n=10), RMF=0.30, T=10, crossover rate 0.30, and 
mutation rate 0.01.  For each classification task, eight independent experiments were 
carried out.  The network performances, in terms of the test accuracy rate and the 
number of nodes, were averaged.  To compare the performance of FAMDDA-GA 
with that of its counterpart (FAM-GA) as well as with the ordinary classifiers 
FAMDDA and FAM, the same experimental procedure was adopted.  Tables 1 and 2 
summarize the overall results obtained from the three datasets. 

Table 1. Performance comparison between FAM-GA and FAMDDA-GA, in terms of test 
accuracy and number of nodes.  The results are averages of eight runs, and their respective 
standard deviation is given in parenthesis.  The p-values are the results from the bootstrap 
hypothesis tests between FAM-GA and FAMDDA-GA. 

Dataset Accuracy (%)  Size (Nodes)  
 FAMDDA-

GA 
FAM-GA p-value FAMDDA-

GA 
FAM-GA p-value 

PID 72.55 
(2.24) 

68.53 
(2.45) 

0.006 15.6 
(1.4) 

13.9 
(1.9) 

0.03 
 

AUS 78.89 
(2.57) 

72.61 
(2.27) 

0 15.2 
(3.1) 

13.0 
(2.6) 

0.081 
 

HEA 77.02 
(2.33) 

71.50 
(4.63) 

0.010 9.3 
(1.5) 

8.5 
(1.4) 

0.151 
 



Table 2. Performance comparison between the FAM and FAMDDA classifiers, in terms of test 
accuracy and number of nodes.  The results are averages of eight runs, and their respective 
standard deviation is given in parenthesis.  The p-values are the results from the bootstrap 
hypothesis tests between the classifier and its GA-based network (a denotes FAM vs. FAM-
GA; and b denotes FAMDDA vs. FAMDDA-GA). 

Dataset Accuracy (%)  Size (Nodes)  
 FAMDDA FAM p-value FAMDDA FAM p-value 

PID 70.11 
(2.26) 

64.36 
(3.35) 

0.008a

0.007b
16.2 
(2.6) 

13.9 
(1.9) 

0.172a

0.403b

AUS 72.25 
(2.42) 

67.61 
(3.58) 

0.006a

0b
15.2 
(3.1) 

13.0 
(2.6) 

0.513a

0.496b

HEA 69.28 
(5.33) 

62.97 
(4.46) 

0.003a

0.018b
8.7 

(1.9) 
9.0 

(2.0) 
0.685a

0.271b

From Table 1, we can see that FAMDDA-GA produces higher accuracy rate than 
FAM-GA.  The comparison between the generalization performance of FAMDDA-
GA and FAM-GA can be made by a bootstrap hypothesis test (Efron, 1979) with a 
significance level of 0.05.  One advantage of the bootstrap method is that it does not 
rely on the assumption that the samples must be drawn from a normal distribution.  In 
this regards, the null hypothesis states no difference between the test accuracy rate of 
FAM-GA and FAMDDA-GA whereas the alternative hypothesis claims that the test 
accuracy rate of FAM-GA is lower than that of FAMDDA-GA.  The p-values of the 
corresponding tests are tabulated Table 1.  We can observe that all p-values of the test 
for the accuracy between FAMDDA-GA and FAM-GA are less than 0.05.  This 
indicates that the classification performance of FAM-GA is statistically lower than 
that of FAMDDA-GA. 

Table 1 also shows the comparison between the network size of FAMDDA-GA 
and FAM-GA.  The alternative hypothesis of the bootstrap hypothesis test for network 
size claims that FAM-GA has a smaller network size than that of FAMDDA-GA in 
the respective benchmark studies.  Note that the p-values for the network size in the 
AUS and HEA case studies are greater than 0.05, whereas the p-value for the PID 
case study is less than 0.05.  This indicates that, statistically, there is no significant 
difference between the network size of FAM-GA and FAMDDA-GA in both AUS 
and HEA studies.  But, it is on the contrary for the PID case study.  However, this 
observation from the PID case study does not affect the finding that the cooperative 
learning of FAMDDA-GA has yielded better generalization performance (than FAM-
GA) in these three studies. 

The performances between the FAMDDA/FAM classifiers and their respective 
counterparts (FAMDDA-GA/FAM-GA) are also compared with the same claims of 
alternative hypothesis aforementioned.  From Table 2, we can observe that all p-
values of the test for the accuracy between FAMDDA (FAM) and FAMDDA-GA 
(FAM-GA) are smaller than 0.05 whereas all p-values of the test for comparing 
network size FAMDDA (FAM) and FAMDDA-GA (FAM-GA) are greater than 0.05.  
These results indicate that the generalization performances of individual classifiers 
are, respectively, lower than their GA-version counterparts, and the difference in the 
network sizes is statistically insignificant. 



5   Summary 

In this paper, a neuro-genetic system which integrates FAMDDA and the GA for 
performing classification is proposed.  The performance of the propose FAMDDA-
GA was accessed with three benchmark datasets.  In order to show the effectiveness 
of FAMDDA-GA, its performance is compared with that of FAM-GA, as well as the 
ordinary classifier of FAMDDA and FAM.  The results reveal that the generalization 
performance of FAMDDA-GA is better than that of FAM-GA.  As for future work, a 
study on the possibility of integrating FAMDDA with another variant of EA-based 
global search algorithm, e.g. differential evolution, will be conducted.  Another 
direction of future work is to investigate the possibility of including a local search 
into the existing framework for refining the solutions that have been obtained via 
global search. 
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Appendix 

In FAMDDA, the operation of Fuzzy ARTa module is modified for resolving 
conflicts resultant from the overlapping among prototypes of different classes.  A set 
of reference vector  (Lim and Harrison1997) is introduced to each prototype  in 

 (Carpenter et al. 1992).  Initially,  is equal to zero.  In general, as learning 

takes place,  is updated.  In addition, the width condition of all dimension of each 

 prototype is initialized as zero (i.e., ) to indicate “infinite volume”.  If , 
which represents the weights of the 
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r
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−M dimension (or −M2 dimension with 
complement coding) winning prototype falls in the region formed by the prototype of 
conflicting classes, a shrinking procedure then ensues.  In this regard, the width of the 
conflicting prototypical region at arbitrary dimension is shrunk.  In this regard, 
shrinking of an existing finite dimension is preferred for not losing “infinite volume” 
of other infinite dimensions.  Nevertheless, to avoid the formation of a very thin 
rectangle, a user-defined minimum width threshold, minε , is enforced on each finite 
dimension.  The shrinking procedure is applied successively between the winning 
prototype and other conflicting prototypes.  Three cases of width shrinking as in 
Huber and Berthold (1995) are considered.  First, if the existing finite dimensions of 
the conflicting prototype  can be shrunk without falling below a pre-set q minε , the 
one with the smallest loss in volume )( ,kbestγ  is chosen, as follows. 
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where  represents the current width of the prototype .  If the first option is not 
satisfied, the following options are considered, i.e., either one of the remaining 
infinite dimensions is shrunk 

qλ q
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{ } 0:  maxmax, =−= qll
r
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or, the width of a conflicting prototype is shrunk 
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Width shrinking using Eq. (6) is selected if ml min,max, γγ > .  The learning algorithm 
of FAMDDA in one epoch is described in Fig. 2. 
%Training of one epoch 
%1.Consider all ordered complement-coded (Carpenter et al. 1992) samples  - class ),( cA c

for all samples  do A
 if ARTa vigilance test = TRUE & ARTb vigilance test = TRUE 
  if Mapfield link established = TRUE then 
% 2. Sample covered by wining prototype  of the  layer (Carpenter et al. 1992) J aF2

   ( ) ( ) )()()( 1 olda
J

olda
J

newa
J wwAw ββ −+∧= ; 

    ;1+= JJ NN

   ( ) ( ) ( ) ⎟
⎠
⎞

⎜
⎝
⎛ −+=

oldr
J

J

oldr
J

newr
J N

wAww 1  

   % β - learning rate;  - the weight of prototype   Jw J
% 3. Commit new neuron 
  else  
    % - number of sample covered by prototype  ;1=JN JN J

   ; ; Aw =)(newr
J ( ) Aw =

newr
J

  end 
% 4. Shrink width of conflicting neurons:  (according to Eq. (5), (6), or (7)) 
 end 
end %for all samples  A

Fig. 2. The operation of the FAMDDA network. 


