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Abstract

Cellular Encoding is a method for encoding
families of boolean neural networks hav-
ing the same structure, that can compute
scalable boolean functions. The current
study describes how to incorporate mod-
ularity into Cellular Encoding. A Genetic
Algorithm is used to find part of a modular
code that yields both architecture and +1
weights specifying a particular neural net-
work for solving the decoder boolean func-
tion of 10 inputs, 1024 outputs. This result
suggests that the GA can exploit modular-
ity in order to find architectures within a
more complex range.

1 Introduction

Most classical learning algorithms aim at finding
weights for a neural network whose architecture is
frozen. On the other hand, a GA generates a number
of different architectures. It is appealing to combine
both approaches in a single type of algorithm. A
usual GA handles strings of characters called chro-
mosomes. In order to apply a Ga to the problem of
finding good neural network architectures, there is
nothing but one problem to solve: how to code an
architecture on a chromosome. Three class of meth-
ods exist:

Direct encoding . A graph data structure is en-
coded. In [13] the connectivity matrix of the
network is encoded. This gives very long chro-
mosomes of size O(n?) for a network including
n neurons. Because of this scalability problem,
only small networks (four hidden units) have
been found. An improvement can be to en-
code only a list of links ([1]), the size of the
chromosome is Q(!) for a network with { links.
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In any cases, making cross-over directly on the
hardware of the connections can produce non-
functional offsprings. The solution is to encode
on the chromosome a collection of abstract fea-
tures more likely to provide building blocks. -

Parametrized encoding A list of parameters is
encoded. In (7] the parameters describe the
number of layers, the size of the layers, and
how layers are interconnected. This method is
more abstract, it could provide big nets with
small chromosomes, but only within a restric-
tive range of architectures: layered architec-
tures.

Grammatical Encoding A rewriting grammar is
encoded. The grammar is interpreted in a re-
cursive manner, and allows to generate a family
of related neural networks. Grammatical encod-
ing allow to develop big neural nets with small
code without restricting the range of architec-
tures. This method clearly improves upon the
two previous.

Nitano introduced grammatical encoding. He uses a
grammar that rewrites integer matrices. He devel-
ops a family of integer matrices from which a family
of neural nets can be computed, using some conven-
tions [8]. There are certain problems with Kitano's
representation scheme. An m x m matrix must be
developed for a network of n neurons, where m is the
smallest power of 2 bigger than n. In order to get an
acyclic graph for a feed forward neural network, one
must consicder only the upper right triangle, which
also decreases the efficiency of the encoding.

Mjolness [11] defines a recursive equation for a ma-
trix from which he computes a family of integer ma-
trices and then a family of weighted neural nets; in
this sense, the approach is similar to that used by
Kitano. Unlike Kitano, Mjolness is not restricted to
only using matrices of size 2¥; it is not clear, how-
ever, what is the range of possible sizes. Also, the
size of the neural networks has to be determined in
advance.

Giruau (3] directly develops a family of neural nets
and avoids the need to go through the matrix repre-
sentation. Instead of a matrix, the object on which
the grammatical rules are applied is the cell of a
network. Each cell has a copy of the chromosome.
Each cell reads the chromosome at a different posi-
tion. Depending on what it reads, a cell can divide,
change some internal parameters, and finally become
a neuron. It is both more natural and more efficient
to act development at the level of cells rather than on
elements of a connection matrix. The resulting lan-
guage can describe networks in a clear and compact
way, and the representation can be readily recom-
bined by the genetic algorithm. Various properties
of cellular encoding have been formalized and proved
in [6]. We used a genetic algorithm to recombine
grammar trees representing cellular encodings and
showed that neural networks for the parity problem
and symmetry problem of arbitrary large size could
be found.

Definition: Consider a network N; that
includes at many different places, a copy of
the same subnetwork N.. The code of N;
is modular if it includes the code of Na, a
single time.

In this paper we incorporate modularity into the Cel-
lular Encoding. Modularity allows to tackle more
difficult problem. We report an experiment where
a family of neural-networks for the decoder boolean
function of 10 inputs, 1024 outputs could be found
by the Genetic Algorithm.

2 Review of cellular development.

We now present the details of cellular encoding. The
chromosome is represented as a tree called grammar
{ree with ordered branches whose nodes are labeled
with characters called program symbols. A cell is
a node of an oriented network graph with ordered
connections. Each cell carries a duplicate copy of
the chromosome (i.e., the grammar tree) and has an
internal reading head that reads from the grammar
tree; typically, each cell reads from the gramumar tree
at a different position. The program symbols repre-
sent programs or instructions for cell development
that act on the cell or on connections that fan-in to
the cell. During a step of the development process, a
cell executes the instruction referenced by the sym-
bol it reads, and moves its reading head down in the
tree. One can draw an analogy between a cell and a
Turing machine. The cell reads from a tree instead
of a tape and the cell is capable of duplicating itself;
but both execute instructions by moving the reading
head in a manner consistent with the symbol that is
read.

A cell also manages a set of internal registers, some
of which are used during development, while oth-
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ers determine the weights and thresholds of the final
neural net. The link register is used to refer to one of
possibly several fan-in connections (i.e., links) into
a cell. Figure 1 shows the development of a network
for the decoder. This figure is complex, we refer the
reader to [3] for a more simple example of develop-
ment. We present here a more complex encoding for
three prurposes. It shows the power of cellular en-
coding. It presents a non-trivial boolean function,
the decoder, for which a modular decomposition is
needed to encode the corresponding network fam-
ily. It allows to better understand how the GA can
find a solution to the decoder problem.

Development starts with a single cell called the an-
cestor cell connected to an input pointer cells and
an output pointer cell. Consider the starting net-
work named start and the grammar-tree depicted in
figure 1 (b) or (c). At the starting step the ances-
tor cell possesses a reading head positioned on the
root of the tree. Its registers are initialized with
default values. For example, its threshold is set to
0. As this cell repeatedly divides it gives birth to
all the other cells that will eventually make up the
neural network. The 2 input/output pointer cells
to which the ancestor is linked do not execute any
program-symbol. Rather, at the end of the devel-
opment process, the upper pointer cell is connected
to the set of input units, while the lower pointer
cell is connected to the set of output units. These
input and output units are created during the de-
velopment, they are not added independently at the
end. After development is complete the pointer cells
can be deleted. For example, in figure 1 (a), the
final decoded neural net has two input units labeled
1 and 2, and four output units labeled 1, 2, 3 and 4.
It is possible to start the development from a more
complex network-graph, as in figure | (a). There are
different kinds of programs and program-symbols.
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Figure 1: The 2-input decoder network. (a) Development of sub-network u, starting from an initial net-
work graph already containing subnetwork i. (b) Development of sub-network i. (c) First 11 steps of the
development of the whole 2-input decoder network, at step 11, the network-graph is similar to the initial
:mozo_.x-mnw_v: of (a), the last steps can therefore be deduced from (a). Circles represent active cells or
neurons. Cells are connected to their reading head with a curved arrow. Reading head are represented by
_X.vkmm E.o::.& letters. If the threshold is 0. the circle is empty, while if the threshold is -1 the circle is filled
with gray. wn:.wnmm represent input/output pointer cells. If the threshold is 1 the circle is filled with black
A continuous line indicates a weight 1, and a dashed line a weight —1. .

o A value program-symbol modifies the value of
an internal register of the cell. The program-
symbol I increments (and D decrements) the
value of the link register, which points to a spe-
cific fan-in link or connection (fig. 1 (a) step 1).
Changing the value of the link register causes
it to point to a different fan-in connection. The
link register has a default initial value of 1, thus
pointing to the leftmost fan-in link. Opera-
tions on other connectious can be accomplished
by first resetting the value of the link regis-
ter. An unary program-symbol C cuts the link
pointed by the link register (fig. 1 (b) step 6)
The program-symbol denoted + sets the weight
of the input link pointed by the link register to
1. while - sets the weight to —1 (see fig. 1 (a)
step 10). The program-symbols C, +, and - do
not explicitly indicate to which fan-in connec-
tion the corresponding instructions are applied.
When C or + or - is executed it is applied to
the link pointed to by the link register. The
program-symbol denoted A increments ( and
O decrements) the threshold (fig. 1 (a) step 9,
(b) step 4).

o A division program-symbol creates two cells
from one. In a sequential division (denoted by
S) the first child inherits the input links, the
second inherits the output links of the parent
cell and the first child connects to the second
with weight 1. The link is oriented from the first
child to the second child. This is illustrated in
step | fig. 1 (c). In a parallel division (denoted
by P) both child cells inherit the input and out-
put links from the parent cell (in fig. 1 (a) step 4
or (b) step 1 and step 5 ). In a gradual division
(denoted by G) the first child inherits the first
» input links, where r is the value of the link
register, the second child inherits the other in-
put links and all the output links: the first child
connects to the second with weight 1 (in step 2,
14 and 15 fig. 1 (a)). In a separation division
(denoted by Y), both childs inherit all the in-
put links, the first child inherits the first half of
the output links, the second child inherits the
second half (step 5 fig. 1 (a)). Since there are
two child cells, a division program-symbol must
label nodes of arity two. The first child moves
its reading head to the left subtree and the sec-
ond child moves its reading head to the right
subtree. Finally, when a cell divides, the values
of the internal registers of the parent cell are
recopied in the child cells.

The waiting program-symbol denoted W makes
the cell wait for its next rewriting step. In some
cases, the final configuration of the network de-
pends on the order in which cells execute their
corresponding instructions. W is necessary for
those cases where the development process must
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be controlled by generating appropriate delays.

The ending program-symbol denoted E causes
a cell to loose its reading head and become a
neuron. Since the cell does not read any sub-
trees of the current node, there need not be any
subtrees to the node labeled by E. Therefore E
labels the leaves of the grammar tree (i.e., nodes
of arity 0).

The sequence in which cells execute program-
symbols is determined as follows: once a cell has
executed its program-symbol, it enters a First In
First Out (FIFO) queue. The next cell to execute is
the head of the FIFO queue. If the cell divides, the
child which reads the left subtree enters the FIFO
queue first. This order of execution tries to model
what would happen if cells were active in parallel.
It ensures that a cell cannot be active twice while
another cell has not been active at all. Because of
this particular rewriting order, the grammar-tree is
read in breadth-first manner. Nodes of the tree of
equal depth are scanned from left to right.

The sigmoide s of the neuron is defined by s(x) = 1
if > 0, and s(2) = 0 if < 0. Neurons execute a
program that removes them [rom the network if they
are not useful. A neuron is useless if its output is al-
ways 0, or if it computes the identity. If the neuron
has some links to certain upstream neurons, delet-
ing means that these links disappear and the neuron
identifies itself with the first upstream neuron.

3 Adding modularity to the Cellular
Encoding

We now consider a system of grammar-trees, each
one has its own name which for convenience will be
a single lower-case letter, except for the aziom gram-
mar tree, whose name is #£. At the beginning of the
rewriting, the ancestor cell is positioned on the root
of the axiom grammar tree. For each grammar-tree
x, there exists a program-symbol denoted by x which
includes the sub network encoded by that grammar
tree. When a cell reads the program-symbol x, it po-
sitions its reading head on the root of the tree which
name is x. If a grammar tree includes itself, the de-
velopment enters an infinite loop* In this particular
case, the cell executes the following algorithm before
moving its reading head:

1- life := life - 1
2- If (life > 0)

reading-head := root of cuurent tree
3- Else loose reading-head

become a neuron.

1t amounts to use a program symbol of recursion R
defined in [3]

1
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The variable life is a register of the cell. It is initial-
ized with L in the ancestor cell. Thus a grammar
develops a family of neural networks parametrized
by L. This implementation of the recurrence allows
precise control of the growth process. The devel-
opment is not stopped when the network size reach
a predetermined limit as in [9], but when the code
has been read exactly L times through. The number
L parametrizes the structure of the neural network.
We also introduce a branching program-symbol de-
noted J which labels nodes of arity 2. A cell that
reads J executes the following algorithm:

i- If (life = L)
reading-head := rigth subtree
of current node
2- Else
reading-head := left subtree
of current node

Figure 1 (c) shows that the decoder-network consists
of 2 sub-networks sequentially connected. The first
one is encoded by i and develops the input units,
as well as a unit which constantly outputs 1. It in-
cludes itself once, therefore its size is O(L). The
second one is encoded by u. It uses one by one the
neurons generated by sub-network i. It includes it-
self twice, therefore its size is O(2£). The decoder
network is developed for L = 2 in figure 1. The de-
velopment can be done for an arbitrary large integer
L. Moreover, the code is modular according to the
definition given in the introduction. In general, a
cellular encoding will always be modular, by using
one grammar-tree per sub-network.

4 Genetic Programming and
Cellular Development

Genetic Programming has been defined by Koza as
a way of evolving computer programs with a ge-
netic algorithm {10]. In Koza's Genetic Program-
ming paradigm the individuals in the population are
LIsP s-expressions which can be depicted graphically
as rooted, point-labeled trees with ordered branches.
Since grammar trees have the same structure, the
same approach is used for generating and recomb-
ing grammar trees. The set of alleles is the set of
cell program-symbols that label the tree, the search
space is the hyperspace of all possible labeled trees.
During crossover. a sub-tree is cut from one par-
ent tree and replaces a subtree from the other par-
ent tree; the result is an offspring tree. The sub-
trees which are exchanged during recombination are
randomly selected. An individual is an ordered set
of grammar-trees. Ioza has also implemented the
cross over between two ordered sets of grammar-
trees hy recombining together grammar-trees that
have the same rank, like in the human genome. We
took the same approach.

We have designed a sequential genetic algorithm
that uses local selection-and mating based on a ge-
ographical lay out of individuals. Individuals reside
on a 2-D grid and mate with the best chromosome
found during a random.walk in the neighborhood.
This implements isolation by distance [2], such that
different local regions on the grid may display local
trends in terms of evolutionary development. Using
this sequential GA, we designed a parallel GA. The
same sequential GA runs on 64 processors i860 of
an IPSC parallel machine. Is is a MIMD machine.
These processors are arranged on a 2-D torus. The
GA is steady-state. On a given processor, each time
the GA wants to create a new genome, with a proba-
bility .99 it performs a cross-over, with a probability
0.01 it exchanges a genome chosen during a random
walk near the border of its 2-D grid, with the pro-
cessor neighbor with respect to this border.

A genome develops a family of neural-nets (Ngp).
The neural-net Ny should compute a parametrized
function fr, for Linin < L < Lmar. The GA does
not typically develop all the neural networks Ny for
Limin < L < Linas in the early generations. The
following rule decides exactly when it is necessary
to develop the neural network Np,,.+1, and then
Ni....+2 and so on, until Nz ...

Developing Rule: If N, ., Np,...+1.
..., N have already been developed, then,
continue to develop N4y if Np correctly
processes more than a fraction r of the
training set, where r is a given threshold.
If L > Lmaz stop the development.

We use Lyjmar = 10 and » = .7 in our experiments.
In the parallel GA, Ly, varies regularly among the
64 processors between 1 and 3. The processors for
which Lyin = 3 directly start to develop N3 whereas
those for which Ly, = 1 start by N;. There is
three different fitness functions, each one represents
a different feature of the problem. So each processor
develops a population with a view to find the build-
ing block corresponding to a particular feature, and
the final solution can be found through the recom-
bination of exchanged genomes. Genetic diversity
is maintained until a code that develops Ny, N2, N3
right is found. But such a code is likely to de-
velop Np right for L > 3, because the recurrence
is learned. Hence genetic diversity can be kept until
a general solution is found.

Mutation and the generation of random genomes are
implemented so as to respect a hierarchy between
the grammar-tree of the genome. A grammar-tree
x cannot include a grammar-tree y if x<y. This
prevents looping between grammar-trees.

5 Experiments

We try to find a network family Ny such that Vg
computes the decoder of size L. N must have L
input units and 2% output units. If the binary code
of an integer i < 2% is clamped on the input units,
the i** output must be set to 1, all the others to
0. This problem is more complex than the parity
or the symmetry treated in (3], with respect to Cel-
lular Encoding. In section 3, we have presented an
encoding for a decoder network that needs 3 gram-
mar trees, whereas parity or symmetry networks can
be encoded with a single grammar-tree.

In order to help the GA, Miiehlenbein [12] proniotes
the use of individual hill-climbing. Each individu-
als generated by the GA should try to enhance itself
with hill-climbing. In the case of neural network op-
timization, a learning procedure can be used as a
hill-climber. The learning procedure defined in (4]
was implemented. This learning is applied for each
genome produced by the GA, on the first neural net-
work of the family. The learned information is then
coded back on the grammar-trees and can be used
to develop the other networks of the family. The
method called Developmental Learning is studied in
[5].

The genome recombined by the GA encompassed
two grammar-trees named i and u. The axiom
grammar-tree was predefined as S(i)(W(W(u)).
This tree indicates the general structure of the net-
work. It is made of two sub-networks i and u, se-
quentially connected. The development of u is de-
layed 2 times, because u needs neurons produced
by i. We predefined another grammar-tree named
b which is J(E)(O(-(C(E)))) . It encodes a sub-
network that consists of a single unit, which outputs
a constant 1, or performs the identity, depending on
the value of the life register. The set of alleles is {
P.S,G.Y,W,E,I.D, A, O.-, +, u,i,b }.

Figures 2 shows the genome found by the GA. The
corresponding L** neural network solves the de-
coder of L inputs with 4 * 2L — 2 hidden units and
15%2E=1—6 links. It is clearly a combination of 2£ -1
sub-networks. We tested Nz until L=10. Although
there is no formal proof, it seems obvious that N
solves the decoder of L inputs for an arbitrary large
L, because the GA learns the recurrence. The GA
used was quite powerful. The sub-population size on
each processors was 128, the total population size on
the (4 processors was 8192. The number of genera-
tions averaged over the processors was about 130. So
the total number of genomes processed was around
1 000 000. The total cpu time taken was one hour, it
amounts roughly to four days of sund, sparc2 work-
station.
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Figure 2: (a) The genome found by the GA. (b) the
neural net for L=3.

6 Conclusion

In this paper an encoding method of neural networks
called Cellular Encoding is enhanced. The improve-
ment allows to encode neural networks in a modular
fashion. We show how to develop a boolean neu-
ral network for the decoder boolean function, using
two sub-networks. Experiments report that the (iA
could simultaneously evolve the two sub-networks
and generate a neural network that computes the
decoder boolean function of 10 inputs, 1024 outputs.
However, the GA had to be helped with two pieces of
code provided by hand. The first one describes how
to include the sub-networks searched by the GA, the
other one encodes a sub-network which can be then
used by the GA as a building block. This way of
adding information is a general technic, interesting
in itself. The decoder is a boolean function which
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belongs to a more complex class compared to the
parity and the symmetry studied in [3], with respect
to Cellular Encoding. The corresponding architec-
ture although regular, is more elaborate. Both type
of architectures are compared in the appendix. Be-
cause the decoder was so hard, we had to design an
improved GA that efficiently preserves genetic diver-
sity, in order to solve the decoder problem
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Figure 3: A neural network found using the GA for the parity of 21 input units, 1 output unit. The

architecture is layered, the fan-out is bounded by 2, the complexity is linear.

Figure 4: The neural network found byt the GA for the decoder of 7 input unit, 128 output units. The links

are arranged in a structure of trees, the fan-out is unbounded, the complexity is exponential.




