SN KREZZ2MTIER Y R b

Kyushu University Institutional Repository

Lamarckian Evolution of Associative Memory

Imada, Akira
Graduate School of Information Science, Nara Institute of Science and Technology

Araki, Keijiro
Graduate School of Information Science, Nara Institute of Science and Technology

https://hdl. handle. net/2324/6341

HhRIE#R : 1996
N—=2 3

HEFIBAMR

2 KYUSHU UNIVERSITY




Lamarckian Evolution of Associative
Memory

Akira Imada

Graduate School of Information Science
Nara Institute of Science and Technology
8916-5 Takayama, Ikoma, Nara,
630-01 Japan
akira-iQis.aist-nara.ac.jp

Abstract— There have been a lot of researches which
apply evolutionary techniques to layered neural net-
works. However, their applications to Hopfield neu-
ral networks remain few so far. We have been apply-
ing Genetic Algorithms to fully connected associa-
tive memory model of Hopfield, and reported else-
where that the network can store some number of
patterns only by evolving weight matrices with a
simple Genetic Algorithm. In this paper we present
that the memory capacity can be enhanced by in-
corporating Lamarckian inheritance to the Genetic
Algorithm.

I. INTRODUCTION

In 1982 Hopfield [1] proposed a neural network
model as an associative memory system. He used
Hebbian rule [2] to make connection matrix store a
set of patterns. He estimated the memory capacity
to be at most 15% of the number of neurons with
computer simulations. Since then many researchers
have been trying to enlarge the memory capacity in
various ways (see e.g., [3]). Here we are trying that
by means of a Genetic Algorithm.  Genetic Algo-
rithms are a kind of searching techniques ( [4] [5]).
Since the late 1980’s, Genetic Algorithms have been
extensively used to search the optimal set of con-
nection weights of neural networks and/or their op-
timal architectures (see e.g., [6] [7]).

Genetic Algorithms were used at first only for
determining connection weights, (see e.g., [8] [9]),
however the Genetic Algorithms as a learning
method were not so effective compared to other
algorithms like Back Propagation [10]. So the in-
terests were shifted toward the exploration of neu-
ral network architectures (see e.g., [11] [12]). How-
ever, to represent architectures effectively, more so-
phisticated Genetic Algorithms had to be consid-
ered. For example, grammatical representations
of the architecture of neural networks were pro-
posed [10], [13]. Recently more biological approach
was reported [14].

All of these researches were for layered neural
networks, and only a few were for Hopfield net-
works [15] [16], probably because of the fact that
Hopfield network has a fixed architecture. However,
sparse connectivity has a possibility to enhance the
original associative memory capacity of Hopfield
network [17]. Therefore, Genetic Algorithms are
also valid for Hopfield neural networks to explore
their architectures as well as to determine their con-
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nection weights.

In an earlier papers, we showed that a Genetic
Algorithm enlarges the capacity of Hebb-rule asso-
ciative memory by pruning some connections [15].
We also showed that randomly generated connec-
tion matrices can learn some patterns using a Ge-
netic Algorithm without any learning rules [16].

In this paper, we redesigned the Genetic Algo-
rithm so that we can incorporate the individuals’
Hebbian learning effect to their chromosomes, i.e.,
Lamarckian inheritance. And we found that it can
enlarge the memory capacity.

The overall goal for this research is twofold. One
is to know if we can use the Genetic Algorithm as a
more effective learning method than those proposed
so far, and the other is to clarify the process of this
learning mechanism of the Genetic Algorithm.

II. EXPERIMENT

We applied a simple Genetic Algorithm to fully
connected associative memory model of Hopfield, to
be more specific, an auto-associative discrete-time
asynchronous-update binary-state network. We set
the size of the network to 49 neurons, in this paper,
considering computational expense. Before apply-
ing the Genetic Algorithm, the connection weights
are chosen randomly either from -1 or 1, therefore
the network can not store any patterns initially.
The objective of the Genetic Algorithm is to make
the network store some number of patterns.

In the following part of this section, we present
a brief review of associative memory, and then de-
scribe our Genetic Algorithm.

Associative Memory

Hopfield network which has N neurons can store
some number of N-bit bipolar patterns, if all the
connection weights are determined adequately. The
patterns are n-dimensional random vectors whose
elements take the values =1 randomly with equal
probability. The u-th pattern is denoted by

fu:(git,gga "561}:])7

where, ¢ is the i-th bit of the p-th pattern which
takes the value of either -1 or 1. To store these
p patterns, each connection weight has to be ade-
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quately adjusted. If we use Hebbian rule, for ex-
ample, the weight w;; is determined as follows:

P
wi; =y EreL.
pu=1
This process of determining w;; is referred to as
learning.
These w;; define a so called energy function on
an N-dimensional bipolar state space, i.e.,

E(S) = % Z ’w,;,jSZ‘Sj,
1,5(i#5)

where S moves over all possible combinations of
N-dimensional vector {—1,1}¥" and S; is the i-th
component of the state S. If the number of stored
patterns are small enough, this function takes a lo-
cal minimum where S corresponds to one of stored
patterns. In this sense the stored patterns are said
to be attractors and the size of this local minimum
are referred to as basin of attractor. As the number
of stored patterns p increases, spurious minima be-
come non-negligible and finally these local minima
are randomized.

The retrieval of one of stored memories is as fol-
lows. The state of each neuron is asynchronously
updated by

sf(t+1) = sgn(z wz-jss-‘(t)),

where s (t) is the state of the i-th neuron at time

t when the p-th pattern is given to the network.
For each neuron, the weighted sum of its inputs is
computed, and if this is greater than or equal to
zero, the state of the neuron takes the value of 1,
and -1 otherwise. In this paper, a neuron is chosen
according to pre-assigned order (once in a cycle) at
each step of updating, instead of chosen randomly.
For the remainder of this paper, the term “update”
will refer to this asynchronous update.

When input is one of stored patterns which is
given small noise within the size of basin of attrac-
tor, this input pattern relaxes to original stored
pattern after several steps of the update. In this
simulation, however, we do not give any noise to
input pattern. In this case, when one of a stored
patterns is given to the network, all the states re-
main unchanged from the start, and the patterns
are said to be memorized as fized points. We evalu-
ate the ability of weight matrix by the upper bound
of the number of patterns stored as fixed points.

To know more about associative memory, see for
example [3].
Our Genetic Algorithm

In this subsection we describe the implementation
of our Genetic Algorithm briefly. As in Figure 1,

our Genetic Algorithm proceeds as follows:

(randomly generated connection weights)

o0 0 0N

+

Hebbian learning
+

fithness evaluation
+

phenotype-genotype mapping

selection
crossover & mutation
genotype-phenotype mapping

GA reproduction

Fig. 1. Overview of our GA

(1) At first, 256 weight matrices(49x49) W are
produced randomly so that each component of the
matrices w}; are chosen from {—1,1}. Hence the
matrix does not store any patterns at this moment.
We must note that the larger the population num-
ber, the higher the performances. In these exper-
iments, however, we set it to 256 just because of
our computer resources. (2) Each weight matrix
learns a set of predetermined random patterns &*
by Hebbian learning rule as follows.

p
Wij = Wi +)\Z§f ;;éz

p=1

We set the value of A to 0.02 here. These compo-
nents of Hebbian learned weight matrices are in-
corporated directly to their chromosomes in pro-
cedure(4) below. Hence we call this evolution as
Lamarckian. (3) Evaluation of fitness value f for
each individual weight matrix is made with a set of
predetermined random patterns £* (see preceding
subsection). First we calculate the total of all the
inner products (overlap) of initial states and states
at each time of update not more than certain time
to. And then these are summed up over all sets of
initial patterns, i.e.,

P to 49

1 B
f:p.(to_l).4gzzz 585 ().

p=11t=2 j=1

In this paper, o is set to 98 i.e., two times the num-
ber of neurons, and we observed that was enough.
We must note that fitness 1.000 implies that all the
initial patterns are stored as fixed points, while fit-
ness less than 1.000 includes many possible cases.
If we evaluated the fitness at one point of updating
time instead, some solutions might be limit cycle.
We adopted the fitness evaluation above in order to
avoid these oscillated solutions. (4) Each chromo-
some is simply produced from corresponding weight
matrix by unfolding the components i.e., each allele



value of the chromosome is:

c’(i+N-j)=wj;, i,j=0,1,2,---,(N-1).
Therefore the chromosome has a fixed length of
2401(=49x49) alleles. (5) Two parent chromo-
somes are chosen uniformly at random from the
upper 40% of the population which is ranked by fit-
ness. (6) Recombinations are made with uniform
crossover. We tested several types of crossover in-
cluding one- and two-point-crossover, and observed
that uniform crossover outperformed the others.
Furthermore, mutation rotates the value of ran-
domly chosen bit in chromosome (™ (i) cyclically
ie.,

We must note that zero components of weight ma-
trices are introduced by this mutation operation.
The mutation rate is set to 0.01 in this paper. (7)
The chromosomes are again mapped to weight ma-
trices with reverse process of (2). (8) Unless high-
est fitness value reaches the value of 1.000 nor gen-
eration exceeds 12000, the processes from (2) to (8)
are repeated. Then individuals in upper subpopu-
lation (40%) survive to constitute the next genera-
tion with their offsprings(60%).

These operations and parameter values were deter-
mined mainly on the basis of trial and error.

III. RESULTS AND DISCUSSIONS

To see the effect of Lamarckian inheritance in our
Genetic Algorithm, we first experimented without
using any learning algorithm. In this case, the net-
work were able to store up to 9 patterns as fixed
points. For 10 patterns, we repeated 30 runs with
different random number seed, however we did not
obtain the weight matrix which stored all these 10
patterns. In Figure 2, we show representative sam-
ple of fitness vs generation for 9 and 10 patterns.
On the other hand, with Lamarckian inheritance,
the weight matrices which can store more patterns
emerge. In Figure 2 the example of 15 patterns
for Lamarckian evolution are also shown. In this
case, perfect solution was obtained at 838-th gener-
ation, while the no-learning version for 9 patterns
described above converged at 6931-th generation.
We can see that the Lamarckian inheritance im-
proves the convergence speed as well as the mem-
ory capacity.

To see the difference between the two versions, we
investigated the zero density in the weight matrices
and their degree of symmetry as evolution proceeds.
Here we define the degree of symmetry 7 of the
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Fig. 2. Fitness vs Generation

matrix w;; by

=3
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The results are shown in Figure 3, again with the
fitness curve for convenience. The behaviors of both
ratios are totally different from each other. With
no-learning version (upper in the figure), both ra-
tios are increasing from zero and asymptotically ap-
proach to the value of 0.2 approximately.

In the case of Lamarckian evolution (lower in the
figure), on the other hand, both ratios start from
the value between 0.3 and 0.4, because of Hebbian
learning in the first generation. Degree of symme-
try increases mildly toward the value of around 0.5,
while zero density oscillates between two solutions
of around O and 0.5. This shows there are two
dominant species in each population which have al-
most a same memory capacity. They compete with
each other, generation by generation, and eventu-
ally fully connected individuals dominate the pop-
ulation.

Original Hopfield model of associative memory
with Hebbian learning has the memory capacity
of 15% of the number of neurons at most. (This
corresponds to 7 patterns in our simulation of 49
neurons.) Its weight matrix is totally symmetric,
and all neurons are fully connected except for itself.
(We must note that in the case of even number of
patterns to be stored, some weight values could be
zero due to Hebbian learning.)

In our Lamarckian evolution, on the other hand,
we obtained weight matrix which can store 15 pat-
terns as fixed points. We reported elsewhere [15]
that both asymmetry of weight matrix and pruned
connections introduced by Genetic Algorithm en-
large the capacity. Here also we may conjecture
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that about 50% asymmetry of weight matrix helps
for the network to store more number of patterns
than the original Hopfield network. However, re-
garding zero density, we observed that the best in-
dividual matrix have only a few zero components.

IV. CoNcLUSsIONS

The simulations in this paper were made with 49
neurons of fully connected neural networks. This
size of Hebbian-learning associative memory net-
work would store 7 patterns as fixed points. The
no-learning version of our Genetic Algorithm pro-
duced the network which can store 9 patterns. Fur-
thermore, by introducing Lamarckian inheritance
to the Genetic Algorithm, we obtain the network
which can store 15 patterns. Although the improve-

ment in capacity is not so drastic, the convergence
is significantly faster in the latter case.

The architectures of weight matrices obtained in
both simulations above are different. In the no-
learning versions, the networks obtain the ability
of storing patterns by making both density of zero
in the weight matrix and degree of symmetry of
the matrix asymptotically approach to the value of
0.2. In the Lamarckian evolutions, on the other
hand, degree of symmetry of the weight matrix ap-
proaches to around 0.5, and as for connections, we
observed occasional appearance of best-fitness indi-
vidual from species which has around 50% connec-
tivity, while fully-connected individuals are usually
dominant in the population.

The results and analysis reported here are only
the beginning of our continuing research project,
and many other tasks are still waiting for explo-
ration.
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