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Abstract

In this paper, we propose an evolutionary approach to the
design of optimal modular neural network architectures. In
this approach, a modular neural network is treated as a phe-
notype of an individual, and the modular architecture is op-
timized through the evolution of its genetic representation
(genotype) by using genetic algorithms. As one of the mod-
ular neural networks, we adopt Cross-Coupled Hopfield Nets
(CCHN) in which plural Hopfield networks are coupled to
each other. The architecture of the CCHN is represented by
some structural-parameters such as the number of modules,
the numbers of module units, and the module connectivity.
These parameters for an individual are encoded in a binary
string. In the simulation, our genetic system is applied to
associative memories. The fitness of an individual is defined
so as to be larger when the individual has a simpler architec-
ture as well as when the association performance is higher. In
the simulation, we verify that the genetic system finds high-
performance individuals with simple modular architectures.

1. Introduction

Recently, a number of studies have been carried out in
which network performance is improved by the explicit intro-
duction of modular architectures in the artificial neural net-
works. Such modular neural networks (MNNs) are roughly
classified into two large groups. The first group comprises
layered MNNs in which outputs of module networks at a cer-
tain hierarchical level are forwarded successively to others
at higher levels. Another one comprises interactive MNNs in
which each module network exchanges input/output informa-
tion with others simultaneously. We have proposed a MNN
model belonging to the latter group called “Cross-Coupled
Hopfield Nets (CCHN)”.

The CCHN is composed of plural Hopfield networks which
are coupled to each other via multi-layered feedforward neu-
ral networks (we call them “internetworks”)[1]. The informa-
tion processing of the CCHN is described as an energy func-
tion whose minimum points correspond to the desired stable
states. Hence, the network dynamics are obtained from the
energy function such that it will decrease and be minimized
at a stable state of the network. A large number of differ-
ent modular architectures can be implemented by changing
the structural-parameters such as the number of composed
modules, the number of units in the modules, the module
connectivity, the introduced classes of interactions, and so
forth (see [2] for details). As we might expect, such architec-
tural variations yield a diversity of dynamical characteristics
to the CCHN. Actually, in our previous work[3] where the
CCHN was implemented as associative neural memories, we
certified that various basin sizes of attractions were obtained
by changing the structural-parameters. Such variability of
the attraction properties is quite important when the asso-

ciative neural memories are applied to real world problems.
However, there have not been so many approaches to con-
trolling the basin sizes of attractions (e.g. [4]).

Although the CCHN models realize various attraction
properties, we have not had sophisticated ways to design the
architectures so far. In this paper, we will present a new ap-
proach to the automatic design of the CCHN’s architectures
using Genetic Algorithms (GAs). As variable structural-
parameters, the number of modules, the numbers of module
units, and the module connectivity are considered here. The
parameters are encoded in a binary string, and optimal ar-
chitectures of the CCHN models are searched by GAs. In the
simulation, we will verify how the GA search works properly
to find optimal architectures.

2. Cross-Coupled Hopfield Nets
Suppose that a Cross-Coupled Hopfield Nets (CCHN)

model consists of M modules and the mth module has N (m)

module units (m = 1, · · · , M). Then, the general form of the
CCHN’s energy function is defined as follows[2]:
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where E(m) is the energy function for the information pro-
cessing of the mth module, and E(k,n,m) is the energy func-
tion for the nth interaction which influences the mth mod-
ule state and belongs to the interaction class Ik. α(m) and
β(k,n,m) are positive constants which determine the contri-
bution of the energy terms to E (we call them “contribution
parameters”). The interaction class is defined as follows:

Definition The set of all possible interaction influences of
k different modules on one module is called “an interaction
class” Ik.

The energy function E(m) is based on the original defini-
tion of Hopfield[5], that is, the following energy function for
the mth module is defined:
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are connection weights which are determined such that the
minimum points of E(m) correspond to desired stable states.

The energy function E(k,n,m) for the interaction is defined



as the summation of the following squared errors:
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where o
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i is the final output of the internetwork

obtained by Eqs.(4)–(6) and L is the number of hidden layers.
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(m = 1, · · · , M ; l = 1, · · · , L + 1),
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a1 · · · ak are the indices of the k involved modules. w
(k,n,m)(l)
ij

and s
(k,n,m)(l)
i respectively correspond to the connection

weights and internal unit potential. h(·) is the monotonically
increasing and differentiable activation function. As seen in
Eq.(3), E(k,n,m) is minimized when the mth module state is
equivalent to the internetwork output whose target signal is
preliminarily determined based on desired mapping relations
between module states. The network dynamics are easily de-
rived from the energy function E in Eq.(1) such that the time
derivative is smaller than or equal to zero. Due to the space
limitation, the derivation of these dynamical equations are
omitted here (see [2] for details).

As we can see in Eqs.(1)–(6), there are many structural-
parameters which determine the CCHN’s architectures. In
this paper, only three parameters are treated as variables.
The first one is the number of modules M , and the second
one is the numbers of units in the mth module N (m). The
last one is the module connectivity which is changed by set-
ting the corresponding contribution parameters β(k,n,m) to
zero. Only class I2 interactions are introduced here, that
is, all internetworks simultaneously refer to the states of two
modules.

3. Evolutionary Approach to the Design of
Modular Architectures

In this section, we will propose a genetic system in which
optimal CCHN’s architectures are searched by GAs. In this
system, a CCHN model is treated as a phenotype of an indi-
vidual, hence the structural information of the CCHN should
be encoded in a chromosome as its genotype. The following
two major methods encoding the structural information of a
neural network[6] have been proposed:

1. direct encoding

2. grammar based encoding.

In the former method, the network structure (e.g. the num-
ber of units, connection topology between units) is directly
encoded in a chromosome. Although this method is easy to
implement, the problem is that the length of the chromosome
is liable to be long when the network size becomes large. In

Table 1: The correspondence between unit attributes (left)
and 3-bit partial strings (right).

A 000 or 011 or 100
B 001 or 101
C 010 or 110
D 111

the latter method, the rules of generating neural networks are
encoded in a chromosome, that is, the chromosome length is
mainly determined by the number of the rules. The latter
method can be easily implemented even in the case that the
phenotypes are large-size of neural networks. However, the
decoding procedure from a genotype to the resulting pheno-
type tends to be complicated especially when the phenotypes
are modular neural networks. Therefore, we shall adopt the
former approach to design the modular architectures.

In the followings, we will explain the genetic representation
of the CCHN and its decoding procedure. Next, we will show
the outline of the algorithm in our genetic system.

3.1. Genetic Representation and Its Decoding
Procedure
As mentioned in Section 2, the genetic representation of a

CCHN model should be defined so as to encode the informa-
tion about the number of modules, the numbers of module
units, and the module connectivity. To do this, we adopt the
representation of a binary string (chromosome) that is com-
posed of the following two parts: the first part of the string
encodes the information about the number of modules and
the numbers of module units, while the second part encodes
the information about the module connectivity.

In the first part, every 3-bit partial string is assigned to the
genotype for a “unit attribute” that will be utilized for de-
termining the modular architecture in the decoding process.
Furthermore, we shall define the four phenotypes A, B, C, D
for these unit attributes. The correspondence between the
genotypes and phenotypes is shown in Table 1. When the to-
tal number of module units is N , the first part of our genetic
representation has the length of 3N bits. In the decoding pro-
cess, a 3N-bit string is decoded according to Table 1, then we
can get the resulting N-alphabet string that means a set of
units attributes. Let us consider an example of the following
30-bit string.

011001100111111010111110101110 (7)

According to Table 1, we get the following 10-alphabet string.

ABADDCDCBC (8)

Such an alphabet string of unit attributes gives the informa-
tion about modular architectures. Here, we shall define a
decoding rule such that the alphabet string is divided at the
places where “D” appears in a row. In the previous example,
we can see only one place where double Ds appear, hence the
string is separated as follows:

ABAD DCDCBC. (9)

These subdivided strings correspond to the sets of the unit
attributes in different modules. In this case, a 2-module neu-
ral network is generated whose modules are composed of 4
and 6 units. The information about the number of modules
and the numbers of module units is decoded from the first
part based on the procedure from (7) to (9).

The second part of the genetic representation includes the
information about the module connectivity: which modules



Table 2: An example of the connection table.

fr
om

to

A B C

D

A

B

C

D

0

1

0

1

0

1

0

1

0

1 01 0

11

1

a module interacts with. The module connectivity is deter-
mined according to “the connection table” whose component
indicates the existence of an interaction pathway between
modules. An example of the connection table is shown in
Table 2. In Table 2, the alphabets A,B, C, D mean the at-
tributes of modules (note that they are not the attributes of
module units). If the component is “1”, it means that there
is an interaction pathway between two modules. On the con-
trary, it means that there is not if the component is “0”. The
module attribute is determined by the majority of the unit
attributes. For the previous example shown in (9), the at-
tributes of the first and second modules are respectively “A”
and “C”. Hence, we can see that although there is an inter-
action pathway from the first module to the second module,
there is not in the opposite direction. The connection table
is also represented as a binary string by ordering its compo-
nents in a straight line. In the case of Table 2, the second
part is represented as the following 16-bit binary string:

1010111100101100.

Now we get the complete genetic representation of the
CCHN by putting the first and second parts together into
one string. In the previous example, the genetic representa-
tion of the 2-module CCHN is shown as the following 46-bit
binary string:

0110011001111110101111101011101010111100101100.

As we can see easily, the string length of the genotype for a
CCHN model is generally given by (3N + 16) bits where N
is the total number of module units.

3.2. Outline of the Algorithm
In our genetic system, the genotype of an individual is rep-

resented as a binary string and the phenotype corresponds to
a CCHN model. The individuals in a population are evolved
based on the conventional GAs. The phenotypes of all indi-
viduals are generated from the corresponding genotypes ac-
cording to the decoding procedure mentioned in 3.1. The
performance of every phenotype is estimated, and the evalu-
ation is reflected in the fitness value of the individual.

The outline of the algorithm in our genetic system is shown
as follows:

1. Generate the (3N +16)-bit binary string (genotype) for
each of S individuals randomly, and form the initial pop-
ulation P0(0). Initialize a generation counter t = 0.

2. According to the decoding procedure mentioned in 3.1,
generate the CCHN models (phenotypes) from their
genotypes.

3. Evaluate the performance of each individual in the pop-
ulation P0(t), and calculate the fitness value.

4. Based on the fitness values, form the population P1(t)
through the selection and reproduction to P0(t).

5. Form the population P2(t) by applying some genetic op-
erators (e.g. crossover, mutation, inversion).

6. If t is larger than a maximum number of generations G,
the algorithm is terminated. Otherwise, t=t+1 and set
the new population P0(t) = P2(t − 1) and return to 2.

4. Simulation
To evaluate our genetic system, we apply it to the search

of optimal modular architectures when the phenotype of an
individual works as an associative neural memory. The per-
formance of an individual is estimated by how much large
basin size of attractions it possesses. In this simulation, we
adopt a pattern set whose memory patterns are distributed
in some clusters in the state space (see Fig.1). The patterns

Cluster
Memory Pattern

The State Space

Figure 1: Schematic diagram of clustered memory patterns.

in the same cluster have high degree of correlation each other,
while the correlation between the patterns in different clus-
ters is quite low (i.e. approximately orthogonal). Although
a large number of such pattern sets can be defined in terms
of the number of clusters C, the number of patterns L in
a cluster, the average correlation σ̄ between the patterns in
the same cluster, and the average correlation κ̄ between the
cluster centroids, let us consider the following case:

N = 100, C = 3, L = 4, σ = 0.48, κ � 0.0,

where N is the dimension of pattern vectors. Note that the
dimension of patterns is equal to the total number of module
units in the CCHN. The total number of memory patterns is
given by the multiplication of C and L.

After all individuals in a population are trained according
to the weight dynamics of the module networks and inter-
networks, we estimate the association performance through
some trials of recollections. In each trial, a probe vector �p

is set to a CCHN model as its initial state, then the recall
gets started. Due to the limitation of our computational re-
sources, the number of trials is set to 20 for each individual.
If the stable state is identical with the pattern vector to be
recalled �r, we say the trial succeeds. The difficulty of the
trials is estimated based on the following direction cosine d:

d =
1

N
�
′
p�r, (10)

where ′ means the transpose of a vector. The small d means
that a probe vector is far from the pattern to be retrieved,
hence the trial is difficult to succeed.

In this simulation, we consider two evaluation factors for
the optimality in the CCHN’s architectures. One is based on
the association performance and the other is based on the
simplicity of the modular architectures. Equation (11) is the
defined fitness function for the ith individual.

fi =
1

20

20∑
k=1

(1 − dk)θik − γ
ci

Mi(Mi − 1)
, (11)

where

θik =

{
1 : the kth trial for the ith individual succeeds
0 : otherwise.



Table 3: The values of GA parameters.

the number of individuals, S 20
maximum generations, G 50

crossover rate 0.8
mutation rate 0.001
inversion rate 0.3

Here, dk means the direction cosine of the initial state on
the kth trial, ci is the number of interaction pathways in
the ith individual, and Mi is the number of modules. γ is a
positive constant which determines the balance between the
two factors. If fi < 0, we set the fitness value to zero. As
seen in (11), fi becomes large when the ith individual has a
simple architecture as well as high association performance.

As for GAs, we adopt the roulette wheel selection and the
conventional genetic operators (two-point crossover, muta-
tion, inversion). The values of GA parameters are shown in
Table 3. The contribution parameters α, β in Eq.(1) is re-
spectively set to 1.0 and 0.8. The value of γ is set to 0.0, 0.5,
and 1.0 to see how much the simplification factor contributes
to the optimality of the CCHN’s architectures.

Figure 2 indicates the evolution of the association perfor-
mance for different γ in Eq.(11). The association perfor-
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Figure 2: Evolution of the association performance.

mance is calculated as the offline performance for the first
term on the right-hand side of Eq.(11); hence the evolution of
the individual with the best performance is depicted. We also
examine the second term on the right-hand side of Eq.(11)
which reflects the number of interaction pathways. The value
of the second term is called “simplification value”. If an indi-
vidual has a low simplification value, it has a simple modular
architecture. Figure 3 shows the distribution of the simpli-
fication values for different γ. In Fig.3, the dot means the
average of the simplification values, and �, ⊥ respectively
mean the maximum and minimum values.

When γ is equal to zero, the simplification term is ne-
glected in the fitness function. In this case, as can be seen
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Figure 3: Distribution of the simplification values.

in Figs.2–3, the number of the interaction pathways is liable
to be large in order to realize the high association perfor-
mance. Intuitively, this result seems to be reasonable be-
cause the modules can mutually get much information about
the states of other modules. However, as seen in the case of
γ = 0.5, we acquire the high-performance individuals with
simpler architectures whose performance is almost equal to
that in the case of γ = 0. Therefore, one can say that adding
the simplification term is very useful to find optimal archi-
tectures of the CCHN models. If γ is too large, the best
association performance of individuals gets worse. Hence, we
should carefully chose a suitable value of γ.

5. Conclusion
We presented an approach to the design of modular neu-

ral networks using Genetic Algorithms (GAs). We adopted
Cross-Coupled Hopfield Nets (CCHN) as a modular neural
network in which plural Hopfield networks were coupled to
each other. In our genetic system, a CCHN model is treated
as a phenotype of an individual. Hence, the number of mod-
ules, the numbers of module units, and the module connec-
tivity should be encoded in its genotype. We devised the
genetic representation for the CCHN and its decoding proce-
dure based on the direct encoding method. We also proposed
an algorithm to search optimal CCHN’s architectures.

In the simulation, our genetic system was applied to asso-
ciative memories. The fitness of an individual was defined so
as to be larger when the individual had a simpler architec-
ture as well as when the association performance was higher.
As a result, our genetic system could find high-performance
individuals with simple modular architectures.

In this paper, we defined the fitness function so as to max-
imize the average sizes of attractive basins. However, our
final goal is to find optimal modular neural network architec-
tures being satisfied with various demands in the dynamical
properties, e.g. the design of dynamical systems with differ-
ent sizes of attractive basins. In this sense, it needs further
consideration about this approach.
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