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Abstract. The paper presents for the first time automatic module acquisition
and evolution within the graph based Cartesian Genetic Programming method.
The method has been tested on a set of even parity problems and compared with
Cartesian Genetic Programming without modules. Results are given that show
that the new modular method evolves solutions up to 20 times quicker than the
origina non-modular method and that the speedup is more pronounced on lar-
ger problems. Analysis of some of the evolved modules shows that often they
are lower order parity functions. Prospects for further improvement of the
method are discussed.

1 Introduction

Since the introduction of Genetic Programming (GP) by John Koza [3] researchers
have been trying to improve the performance of GP and to develop new techniques
for reducing the time taken to find an optimal solution to many different types of evo-
[utionary problems. One such approach, called Evolutionary Module Acquisition is
capable of finding and preserving problem specific partial solutions in the genotype of
an individual [1]. Since then researchers have been interested in the potential and
power that this feature brings to the evolutionary process and have built on this work
or taken ideas from it for their own specific situations, to re-use these partial solutions
as functions el sewhere in the genotype [2] [7][8][13].

Recently another form of GP called Cartesian Genetic Programming (CGP), has
been devised that uses directed graphs to represent programs rather than a tree based
representation like that of GP. Even though CGP did not have Automatically Defined
Functions (ADFs) it was shown that CGP performed better than GP with ADFs over a
series of problems [5][6]. The work reported in this paper implements for the first
time in CGP a form of ADFs by automatically acquiring and evolving modules. We
call it Embedded CGP (ECGP) as it is a representation that uses CGP to construct
modules that can be called by the main CGP code. The number of inputs and outputs



to a module are not explicitly defined but result from the application of module en-
capsulation and evolution.

The problem of evolving even parity functions using GP with the primitive Boo-
lean operations of AND, OR, NAND, NOR has been shown to be very difficult and
has been adopted by the GP research community as good benchmark problems for
testing the efficacy of new GP techniques. It also is particularly appropriate for testing
module acquisition techniques as even-parity functions are more compactly repre-
sented using XOR and EXNOR functions. Also smaller parity functions can help
build larger parity functions. Thus parity functions are naturally modular and it isto
be expected that they will be evolved more when such modules are provided. It is
therefore of great interest to see whether modules that represent such functions are
constructed automatically. We show that the new technigue evolves solutions to these
problems up to 20 times quicker than the original. It also scales much better with
problem size. The plan of the paper is as follows. In section 2 we describe CGP. Sec-
tion 3 is an overview of related work. In section 4 we explain the method of module
acquisition and evolution. Our experimental results and comparisons with CGP are
presented in section 5. Section 6 gives conclusions and some suggestions for further
work.

2 Cartesian Genetic Programming (CGP)

Cartesian Genetic Programming was developed from methods developed for the
automatic evolution of digital circuits [5][6]. CGP represents a program as a directed
graph (that for feed-forward functions is acyclic). The genotype is a list of integers
that encode the connections and functions. It is a fixed length representation in which
the number of nodes in the graph is bounded. However it uses a genotype-phenotype
mapping that does not require al nodes to be connected to each other. Thisresultsin a
bounded variable length phenotype. Each of the nodes represents a particular function
and the number of inputs and outputs that each node has, is dictated by the arity of
function. The nodes take their inputs in a feed forward manner from either the output
of a previous node or from one of the initial program inputs (terminals). The initial
inputs are numbered from 0 to n-1 where n is the number of initial inputs. The nodes
in the genotype are then also numbered sequentially starting from n to m+n-1 where
m is the user-determined upper bound in the number of nodes. These numbers are
used for referencing the outputs of the nodes and the initial inputs of the program. If
the problem requires k outputs then these will be taken from the outputs of the last k
nodes in the chain of nodes. In Fig. 1 a genotype is shown and how it is decoded (an
even 4-parity circuit). Although each node must have a function and a set of inputs for
that function, the output of a node does not have to be used by the inputs of later
nodes. Thisis shown in Fig. 1, where the output of nodes 8, 11 and 13 are not used
(shown in grey). This causes areas of the genotype to lie dormant, leading to a neutral
effect on genotype fitness (neutrality). When point mutations are carried out on genes
representing connections (the mutation is constrained to respect the directed and acy-
clic nature of the graphs) these dormant genes can be activated or active genes can be
made dormant. This unique type of neutrality has been investigated in detail



[6][11][14] and found to be extremely beneficia in the evolutionary process for the
problems studied.
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Fig. 1. Cartesian genotype and corresponding phenotype for an even 4-parity program

The evolutionary algorithm used for the experiments is a form of 1+A evolutionary
strategy, where A=4, i.e. one parent with 4 offspring (population size 5). The algo-
rithmis as follows:

1. Randomly generate aninitial population of 5 genotypes and select the fittest;
2. Carry out point-wise mutation on the winning parent to generate 4 offspring;
3. Construct a new generation with the winner and its offspring;
4. Select awinner from the current population using the following rules:
« If any offspring has a better fitness, the best becomes the winner.
* Otherwise, an offspring with the same fitness as the best is randomly se-
lected.
* Otherwise, the parent remains as the winner.
5. Go to step 2 unless the maximum number of generations is reached or a solution
isfound.

3 Related work on Module Acquisition

The origina idea of Module acquisition [1] was to try and find a way of protecting
desirable partial solutions contained in the genotype, in the hope that it might be bene-
ficial in finding a solution. Thisis because in practice you may find a desirable partia
solution in the genotype, but due to the nature of evolution, an operator could modify
the partial solution therefore causing the program to take longer to find a solution.
Module acquisition does this by introducing another two operators to the evol utionary
process, compress that selects a section of the genotype to make it immune to manipu-
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lation from operators (the module) and expand that decompresses a module in the
genotype therefore alowing this section of the genotype to be manipulated once
more. The fitness of a genotype is unaffected by these operators. However they affect
the possible offspring that might be generated using evolutionary operators. Atomisa-
tion [1] not only makes sections of the genotype immune from manipulation by opera-
tors but also represents the module as a new component in the genotype therefore al-
lowing the module to be manipulated further by additional compress operators. This
allows the possibility of having modules within modules therefore creating a hierar-
chy organisation of modules. These techniques have been shown to decrease the time
taken to find a solution by reducing the amount of manipulations that can take place
in the genotype. Rosca's method of Adaptive Representation through Learning (ARL)
[7] aso extracted program segments that were encapsulated and used to augment the
GP function set. The system employed heuristics that tried to measure from popula-
tion fitness statistics good program code and also methods to detect when search had
reached local optima. In the latter case the extracted functions could be modified.
More recently Dess et a [2] showed that random selection of program sub-code for
re-use is more effective than other heuristics across a range of problems. Also they
concluded that, in practice, ARL does not produce highly modular solutions. Once the
contents of modules are themselves allowed to evolve (asin this paper) they become a
form of automatically defined function (ADF), however in contradistinction to Koza's
form of ADFs [4] and Spector's automatically defined macros [8], there is no explicit
specification of the number or interna structure of such modules. This freedom also
existsin Spector's more recent PushGP [9].

In addition to decreasing computational effort and making more modular code van
Belle and Ackley have shown that ADFs can increase the evolvability of populations
of programs over time [10]. They investigated the role of ADFsin evolving programs
with atime dependent fitness function and found that not only do popul ations recover
more quickly from periodic changes in the fitness function but the recovery rate in-
creases in time as the sol utions become more modular.

Woodward [12] showed that the size of a solution is independent of the primitive
function set used when modularity is permitted, thus including modules can remove
any bias caused by the chosen primitive function set.

4 Algorithm details and mutation operators

The performance of CGP and ECGP were tested on even 4 through to even 8 parity.
The output of even parity is one if an even number of inputs are one and zero other-
wise. Initially all genotypes are randomly initialized with fifty nodes (150 genes). The
fitness is defined as the number of phenotype output bits that differ from the perfect
parity function. A perfect solution has score zero. Every generation, any modules in
the function list are removed and any modules present in the fittest genotype of the
generation are added to the function list. This alows the 1-point mutation operator to
randomly choose from any of the modules found in the fittest genotype and the primi-
tive functions to insert into the genotype of the offspring for that generation. The crea-
tion of modules allows new functions to be defined from a combination of primitive



functions that can then be re-used in other areas of the genotype. For al the experi-
ments, both versions of the program: CGP and ECGP were averaged over fifty inde-
pendent runs.

4.1 Modules

In this paper we only allowed modules to contain nodes rather than other modules.
Also we only allowed the number of nodesin amodule to be not greater than a certain
user defined value. Modules were required also to have greater than one node for ob-
vious reasons. The modules were required to have a minimum of two inputs and a
maximum number of inputs equal to twice the number of nodes contained in the
module. Thisis so that a module has at least the first node, and at most all the nodes,
in the module connected to the outputs of earlier nodes or modules or the initial inputs
outside the module. It must also have a minimum of one output and a maximum num-
ber of outputs equal to the number of nodes contained in the module so that thereis at
least one output from a node, and at most every output from a node in the module
available for connection to the later nodes or modules outside of the module. Modules
with no outputs are not allowed, as they would simply contain “junk code” which is
not in use and could never be connected, therefore increasing the complexity and size
of the genotype. The number of inputs and outputs that a module initially has is de-
termined by the connections between the nodes and modules when a module is cre-
ated. The nodes within the module whose inputs were connected to the outputs of ear-
lier nodes and modules or the initial inputs when modularisation takes place remain
connected to the outputs of the same nodes, modules or initial inputs via the inputs of
the module. The later nodes or modules whose inputs were connected to the outputs
of the nodes contained in the module before modularisation took place remain con-
nected to the same outputs of the nodes contained within the modules via the module
outputs. The module inputs are the initial inputs to the CGP program in the module,
therefore they act as pointers to the output of the previous node or module in the
genotype which represents their value as an initial input to the CGP program in the
module. This means that each module input now has a number and the nodes in the
module are now numbered starting from the “number of inputs’, asthey would bein a
CGP program. The outputs of the module are also numbered starting from the “num-
ber of inputs + number of nodes’ as this allows them to be treated as part of the geno-
type in the module.

4.2 Operators

ECGP uses four main evolutionary operators. a standard point mutation operator, a
compress operator, an expand operator and a module mutation operator.
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Mutation. The 1-point mutation operator used for ECGP is the same as the mutation
operator used in standard CGP. It selects a node or module from the genotype at
random and then chooses randomly one of the inputs or the function of the selected
node or module to mutate. If an input of a node or module is chosen for mutation then
the new value for the input is chosen at random from the outputs of any of the
previous nodes or modules in the genotype so that it preserves the directedness of the
graph. If a function of a node is chosen for mutation, then the new value for the
function of the node is chosen at random from any of the pre-defined primitive
functions or any of the modules contained in the module list. However, if the function
of amodule is chosen for mutation, there are certain conditions that must be met.

If the function chosen for mutation belongs to a module that was introduced to the
genotype by the 1-point mutation operator then the new value for the function of the
module is chosen in the same way as the function of a node. This is because these
modules are treated just like the primitive functions, they represent a copy of a section
of the genotype that has been reused in another area of the genotype. We found that
this also helpsto stop “bloat”, as the total length of the genotype can be made shorter
a any point by changing a module to a primitive function. On the other hand, if the
function chosen for mutation belongs to a module that was introduced to the genotype
by the compress operator (rather than the 1-point mutation operator), the function of
the module cannot be changed, as the module isimmune from function mutation. This
is because it is an origina section of the genotype encapsulated in a module, which
can only be atered once the modul e has been decompressed by the expand operator.

Whenever a module in the genotype (with arity m) is mutated to a primitive func-
tion (with arity n), the new function uses the first n inputs from the module so that it
keeps the number of changes in the genotype to a minimum. The same goes for when
a primitive function is mutated to a module, the first “k” inputs of the module use the
values of the inputs of the primitive function and the rest of the inputs are randomly
generated as required. The new value for either an input or function of a node or
module is chosen at random with an equal probability. The 1-point mutation operator
has a probability of 0.6 of being used on the fittest parent of the population in each
generation and a probability of 0.3 of being used in conjunction with either the com-
press or expand operator on the fittest parent of the population in each generation. The
remaining probability of 0.1 is the chance of a module mutation being used on the fit-
test parent of the population. This is because every offspring is to be mutated in some
way to minimise the chance of two parents in the population having the same geno-

type.

Compress. The compress operator randomly selects two points in the genotype of
the fittest parent, a minimum of two nodes apart and a maximum of the pre-defined
maximum module size, and creates a new module containing the nodes between these
two selected random points. In the work of this paper it was chosen to disallow mod-
ules being called within modules - so the modules can only contain nodes. The mod-
ule then replaces the sequence of nodes between the two randomly selected pointsin
the genotype but is not added to the module list. The only time modules are added to
the module list is in the selection process of the fittest parent of a generation. The
compress operator has the effect of making the contents of the module immune from
the 1-point mutation operator and also shortening the genotype of the fittest parent but



does not affect the fitness of the parent. The compress operator has a probability of
0.1 of being used on the fittest parent in the production of each new member of the
population for each generation. This value was chosen because in tests it proved to be
optimal when compared with higher and lower values. If the encapsulation processis
too frequent too many modules are introduced and they don’'t have enough time to
replicate through the genotype if they are associated with higher fitness. For lower
values not enough modules are produced.

Expand. The expand operator randomly selects a module from the genotype of the
fittest parent and replaces the module with the nodes contained inside. This operation
can only be used on modules that have been made by the compress operator, as the
module contents were nodes in the original genotype. We did investigate the possibil-
ity of allowing modules created by point mutation to be expanded but found the geno-
type code grew uncontrollably in length. This operator therefore has a lengthening ef-
fect on the genotype. The expand operator has a probability of 0.2 of being applied to
the fittest parent of each generation when creating each new member of the popula-
tion. This value proved to be optimal in tests as it means that modules can only sur-
vive if they exist in the genotype more than once. This is because there is a greater
chance of a module being destroyed by the expand operator than created by the com-
press operator, so only the good modules can survive by being replicated (by 1-point
mutation) in genotypes with improved fitness.

M odule mutation. The module mutation operator consists of five different mutations
which all affect the contents or the structure of a module. The operator works by
firstly selecting a module at random from the module list and then applying one of the
following mutations (at random). Note that the changes only apply to al occurrences
of the mutated module in a single offspring and not to any occurrences of the module
in the whole population.

Add input. The “add input” mutation randomly selects an output of a previous node
or module in the genotype and creates a new module input to act as a pointer to the
selected node or module output. Once the new input has been created, the operator
randomly selects an input of a node contained inside the module and reassigns it to
the new module input. Anillustration of this processis shown overleaf in Fig. 2.

Remove input. This operator reduces the number of inputs by one each time it is ap-
plied but only if there are more than two inputs. Thisis because the module must have
aminimum of two inputs to connect the first node in the module to the previous nodes
and modules in the genotype. First the operator randomly selects the module input
that it is going to remove. Then it checks through the nodes contained in the module
to see if any node inputs are connected to the selected module input. If any inputs are
found, they are randomly reassigned to one of the other module inputs or to the output
of any previous nodes contained in the module. Once nothing is connected to the
module input it is deleted from the module. An example of the remove input operator
isthe reverse of the example shown above in Fig.2.
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Fig. 2. Anillustration of the phenotype of a module before (l€eft) and after (right) the applica
tion of the add input operator

Add output. The add output operator increases the number of outputs that a module
has by one each time it is applied to amodule in the fittest parent, providing that there
are fewer outputs than nodes in the module. The add output procedure is started by
randomly selecting a node output contained in the module. A module output that
points to the chosen node output is then added to the module. The addition of another
module output alows later nodes or modules outside the chosen module greater con-
nectivity to the module, but nothing is connected to the modules new output and the
fitness of the parent hasn’t changed from that of the fittest parent. Therefore the sec-
ond step of the procedure is to apply the standard mutation operator to the parent, as
this will mutate the parent, hence altering its fitness and maybe even creating a con-
nection to the mutated module viaits new output.

S0 R e ==

Fig. 3. Anillustration of the phenotype of a module before (l€eft) and after (right) the applica
tion of the add output operator

Remove output. The remove output operator reduces the number of outputs a module
has by one each time it is applied to the fittest parent unless the module only has one
output. Thisis because if the only output of a module were removed it would have no
way of allowing latter nodes or modules in the genotype to connect, thus making the
module “junk” which can never be used until an add output operator is applied to it.
This operator has the effect of limiting the number of connections to nodes contained
in the module. The first step of the operator is to randomly select an output of the
module that is going to be removed. Before removing the module output however, it
is possible that the selected output of the module is in use by later nodes or modules
in the genotype. Therefore al the inputs of the nodes or modules that follow the mu-
tated module in the genotype are checked and if an input of a later node or module is
using the selected module output, then it is randomly reassigned to one of the other
module outputs. The selected module output is deleted once it is no longer in use.



1-point mutation. This mutation operator is essentially the same as the standard muta-
tion operator in CGP but with some limitations. The operator starts by selecting either
a node contained in the module or a module output at random. If a node is selected,
then it randomly mutates either an input or the function of the node. If an input is se-
lected for mutation then the new value for the input can be any of the module inputs
or any output of the previous nodes in the module and is chosen at random. If a func-
tion is selected for mutation then the new value can be any of the primitive functions
(AND, NAND, OR, NOR) and is chosen at random. No modules from the module list
can be used, as this would allow modules inside other modules. If a module output is
selected for mutation then its new value can be the output of any of the nodes con-
tained inside the module and is chosen at random. The new value of an output cannot
be any of the module inputs as this allows a connection that completely bypasses the
contents of the module and is the same as connecting to the output of the node or
module previous to the modul e in the genotype.

5 Reaults

5.1 What isthe optimum maximum module size?

We investigated the variation in average evolution time for the even 4 parity problem
as a function of maximum module size (varying module size from 3 to 11 primitives).
If the maximum module size is too small then it may not be possible to create a good
module. If it were possible, it might take along time to find, as the limited number of
nodes would mean exploration would be slow, as there would be very few, if any, un-
used nodes. If the maximum module size is set too large then the complexity of the
modules could be too high. We found a marked improvement in performance for a
maximum modul e size between three and five but performance flattened off for larger
modules (with size 8 performing best). This could be due to the fact that one requires
aminimum of three primitives to construct either the XOR or EXNOR function.

5.2 Performance comparison of CGP versus ECGP

The next experiment was a direct comparison between ECGP and CGP to see the dif-
ferences in speed of solving even-parity functions. The maximum module size was
chosen to be five for ECGP. The results are shown in Table 1.

Over dl five of the even parity problems tested ECGP varies between 1.25 and
20.27 times faster than standard CGP. Notice that the speedup factor grows with prob-
lem size, indicating that ECGP may perform substantially better on even larger prob-
lems. It was observed that as the fitness of genotypes improved so the proportion of
modules to primitives grew.
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Table 1. Average number of generations required to solve even parity problems for CGP and
ECGP (to calculate the average number of individuals processed multiply by 4)

CGP ECGP | Speedup of ECGP vs. CGP
Even 4-parity | 20,432 16,324 1.25
Even 5-parity | 73,393 45,480 161
Even 6-parity | 243,105 | 71,941 3.38
Even 7-parity | 874,883 | 77,985 11.22
Even 8-parity | 2,737,314 | 135,056 20.27

To give the CGP program a fairer chance against ECGP we looked at how many
nodes were contained in the genotype of the final parent when a solution was found.
In ECGP the genotype can have grown significantly when all the modules are ex-
panded to nodes. We found that when we ran CGP program using the average number
of nodes calculated from ECGP for the corresponding parity problem we found it to
be even slower. This suggests strongly that it was not the program size of the pheno-
types evolved using ECGP that provided its advantage, but rather, it was the nature of
the modules that made the difference. However further investigation is required as it
might have been that the mutation rate was too low for the number of nodes so the
mutations were being wasted on the junk code in the genotype.

5.3 What kinds of modules evolve?

We examined genotypes that solved the parity problems. In the majority of cases, the
genotype consisted mainly of modules and a few primitive functions, which shows
that the modules were more desirable in terms of improving fitness. Occasionally we
observed modules with few active nodes (sometimes only a single primitive was ac-
tive).

B |
=1

Fig. 4. Evolved modules producing XOR (top left and bottom) and EXNOR.

However, in most cases there were only approximately three to six different modules
present, with some modules being used at least ten times in the genotype. The pheno-



type of modules that were being frequently used almost always constructed the XOR
or EXNOR functions. These functions were not always made in the same way, some
were made compactly out of three nodes, while others were made in a much more
complex way, asshowninFig. 4.

The average number of modules that were available for re-use per generation was
approximately five but this could vary depending on the size of module chosen and
length of genotype used, as both of these factors could allow a greater or fewer num-
ber of modulesto be created respectively.

7 Conclusion

We have presented a form of module acquisition and evolution called ECGP. The
new method is able to evolve solutions to even parity problems much quicker than the
original non-modular form of CGP. Furthermore the speedup grows with problem dif-
ficulty, and we found that ECGP was able to evolve solutions to even 8 parity about
20 times quicker on average. It would be interesting to see if ECGP performs better
than CGP and GP on other problems.

Other types of problem that could benefit from this approach are the design of ad-
der and multiplier digital circuits as these are also modular like the even-n-parity
problems. Many other problems that are modular could benefit as well. Problems
where this approach wouldn’t be beneficia are quite simple problems, whether modu-
lar or not, as the overhead of having to compress, evolve and expand modules might
make this approach slower when compared to a non-modular approach such as CGP.

Currently ECGP does not allow modules within modules. We intend to allow this
in future investigations. Our results indicate that success is associated with modules
building smaller parity functions, thus we can hope that we might improve perform-
ance even further.
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