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Prologue

Artificial neural networks are very interesting computation model with uni-
versal approximation ability, but there is not much known about designing
the structure of the network. There are plenty of ways how to connect neu-
rons in the structure, types of neurons that can be combined, and even the
possibility of approximation the biological model more precisely.

But the more complex the model is, the less we know about its abilities.
The bigger the model is, the less efficient are learning algorithms and we
cannot be sure if the designed topology is minimal and sufficient. Usually
we can only use the trial and error method, and every trial can take plenty
of time.

On the other hand evolving neural networks can provide us with unortho-
dox structures that can be smaller and more efficient than these designed
by human. Of course, there are plenty of problems with evolving neural net-
works, too. The search space defined by all possible structures and values of
weights is enormous. The most common way of reducing the search space
is evolving only the weights, but this way we lose the possibility of creating
unorthodox structures. Other problem is encoding the neural network into
the genome, that can limit the evolution in finding possible solution. Inge-
nious encoding can reduce search space. A guiding fitness function is very
desirable too. Even intelligent mutations make the evolution algorithm more
efficient. Lack of these features will not stop the evolution, but it will make
it practically unusable.

Aim of this work is to introduce a possibly new algorithm for evolution
of neural network motivated by existing approaches. The algorithm should
be able to evolve both parameters and topologies.



Structure of Diploma Thesis

This work is divided into several thematic chapters. The first chapter con-
tains brief introduction into artificial neural networks and evolutionary al-
gorithms. Main purpose of this chapter is to clarify basic notions of these
two artificial intelligence branches. The second chapter introduces the NEAT
algorithm, that was the main inspiration for this work. It contains detailed
definitions and information about the algorithm that will be used lately
throughout the work. The third chapter is devoted to ideas and motiva-
tions that were behind creating of the new algorithm presented in this work.
The fourth chapter presents (multi-)agent structure of implementation and
suggest possible solution of parallelization and synchronization. The fifth
chapter contains detailed description of presented algorithm implementa-
tion with more technical aspect than previous chapters. Information from
theoretical chapters three and four is utilized here without deeper analysis.
The sixth chapter contains description of experiments with complete set-
tings and results of the experiments. At the end in the seventh chapter,
there is a conclusion of the whole work (i.e. its results) and possible future
improvements or modifications of the presented algorithm.



Chapter 1

Artificial Neural Networks and
Evolutionary Algorithm

In this chapter we summarize definitions used in the branch of artificial
neural networks and outline problems connected with designing of networks.
Second part of this chapter is dedicated to the evolution algorithm and basic
definitions connected to it.

1.1 Artificial Neural Network

Artificial Neural Network or simply neural network is s biologically inspired
computational model. It is a structure composed of simple computational
units (neurons) connected together. There are many kinds of neural net-
works that differ in learning capability and suitability for different kind of
problems. Generally the most common type are feed-forward networks, that
have structure of direct acyclic graph. But there is not much known about
how to design such general structures despite that we know how to learn
them. A special case of feed-forward network is the (feed-forward) multi-
layer network which has the capability of universal approximation and for
which there are some clues how to design it.

The general structure of feed-forward multilayer network is composed of
several layers of neurons that are (fully) connected (see fig. 1.1). The first
layer is an input layer (neurons receive input numbers as their own input),
the last layer is an output layer (outputs of neurons are output of whole
model) and all other layers are hidden layers (neurons receive inputs as the
output of neurons from previous layer). Basic computation unit of neural



network is called neuron.
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Figure 1.1: feed-forward multilayer neural network with 3 layers and fully
connected input and hidden layer.

Every neuron is a simple computational unit (see fig. 1.2) that sum-
marizes all inputs (weighted outputs of previous layer) subtracts bias and
uses the result as the argument for an activation function. The result of the
activation function is the output of the neuron. There are several kinds of ac-
tivation functions, which in fact influence approximation capabilities of the
whole neural network, but the most common is logistic sigmoid or hyperbolic
tangent function (that both preserve universal approximation capability).

f—
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Figure 1.2: mathematical model of neuron, where p; are inputs, w; weights,
b bias and f is an activation function applied on sum.

The abilities of feed-forward multilayer networks are relatively well ex-
plored, and moreover there is known algorithm for learning the network,
i. e. setting the weights. On the other hand, there is not much known about



setting the number of layers and the number of neurons in each layer as well
as about designing more general topologies. The problem with design of the
neural network is not only a problem of feed-forward multilayer network, it
is a more general problem.

The problem with efficiency of learning is another reasons for using evo-
lution algorithm for constructing neural networks (not to mention that the
biological model for artificial neural networks was designed by evolution too).

1.2 Evolutionary Algorithm

Evolution algorithm is a procedure for finding solutions of problems inspired
by nature (which is most evident in terminology). The only requirements
for using this technique is the ability to code solution of the problem in a
sequence of genes and the possibility of construction of the fitness function
that can evaluate the solution.

Every solution of the problem is called specimen. The algorithm operates
not with one solution, but with a set of solutions (specimens) called popu-
lation. Specimen is defined by list of genes that describes the solution of a
problem.

[11111}11111]  [11111]oo000]

(0000000000 | [00000]11111]

Parents Offspring
(11111 11111]  [01011 00110
(00000 00000 ] [10100 11001 |

Figure 1.3: Example of one-point crossover in first case and wuniform
crossover in second case. in both cases genes are simply 0 or 1

The main procedure iteratively modifies the population an tries to select
the best specimens for new population. The loop (see fig. 1.4 for diagram of
evolutionary algorithm) of the evolutionary algorithm has three main steps:

1. mutation - mutations are applied on every specimen with some prob-
ability. They generally modify values in genes or add, remove whole
genes.
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2. evaluation - every specimen is evaluated by a fitness function, which
determines how good is the solution of the problem (specimen).

3. creating new population - new population is created as a selection
based on fitness from the old population. Genes of selected specimens
are usually used for a crossover procedure, that from two (or more)
specimens creates a new one (or more) offspring. Crossover procedure
generally mixes sets of genes in order of creating new one. In case of
linear sets of genes there is mostly used one-point crossover of two par-
ents (see fig. 1.3) that cuts list of genes into two parts and switch one
part with other parent. Similarly works the ”multiple-point” crossover
and the extreme is the uniform crossover that randomly chooses every
gene from some parent (thus it can be used in case of more than two
parents for example). These three steps are repeated as long as we are
not satisfied with solution (i. e. the best specimen).

START
¥ 4

Initialization | . | evaluation by
of population fithess function

(o9 -+—<Tominir>
@ 4

Creating new | selecting specimens
population crossover

Figure 1.4: Diagram of evolutionary algorithm with three main steps: eval-
uation, mutation and creating new population. The main loop is continuing
until termination conditions are met.

To supply some more detailed information, there is a theory about using
the crossover procedure, which tells us that solution of the problem should
be coded as a sum of features that are possible to encode as a subset of genes
(of the whole solution). The closer the genes of the feature are to each other
in the (linear) genome, the better is the chance that the feature survives
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crossover and is combined with other desired feature. In other words, the
solution of the whole problem should be a combination of desired compact
blocks of genes, that itself provides us with relatively well evaluated solu-
tion. If the encoding of the problem does not meet this requirement, then
the crossover is something like a multiple random mutation with hardly pre-
dictable effect and we can have rightfully some doubts about it. Thus in
some cases the crossover procedure is not necessary (or even desired, for
example in evolutionary programming [5]).

12



Chapter 2

Description and Analysis of
NEAT

In this chapter the NEAT algorithm, that was the main inspiration of this
work is described. Main features, definitions and analysis of its abilities are
described (more deeper analysis of some key features is presented in next
chapter).

2.1 NEAT

NeuroEvolution of Augmenting Topologies is an evolutionary algorithm which
simultaneously optimizes both topologies and weights of neural network. It
has two main features: indexing genes to allow simple crossover between
topologies and sorting specimens into species to adjust fitness. Now we de-
scribe the whole algorithm step by steep (as an evolutionary algorithm) and
introduce data structures necessary for its running.

The initial population contains individuals with minimal topologies (i.
e. fully connected inputs and outputs without hidden nodes), and the evo-
lutionary algorithm develops more complex topologies by adding new nodes
and connections. Before we can describe how it is done (by mutations) we
have to define the corresponding data structure (genes).

13



2.2 Genotype

Every specimen contains linear list of nodes and linear list of connections
between nodes (for example see fig. 2.1). Every connection is defined by
starting node (In), ending node (Out), weight, activity (enabled or disabled)
and innovation number (Innov). Nodes are defined by their number and type
(input, output, hidden).

Genome (Genotype)

Node Node 1 |Node Z |Node 3 |Node 4 |Node 5
Genes | sensor |Sensor |Sensor |Cutput |Hiddesn
Comnect. | <7 - In 2 In 3 In 2 Iin 5 o o
Genes| -~ ouE =
e Weight-0.
DISABLED

Network (Phenotype) 4

Figure 2.1: Example of simple neural network and its possible encoding into
gene. As you can see, genes contain all necessary information to reconstruct
the network. (figure used from [1])

2.3 Mutations and Innovation number

There are two types of structural mutations adding new connection and
adding new node. Adding new connection means simple initiation of vari-
ables: In, Out, Weight, Enabled and innovation number (see fig. 2.1) and
adding the whole gene into the list of genes. Innovation number is a global
incremental index for naming genes, i. e. the way how to recognize identical
genes (identical with respect to topology).

In every generation when new gene appears (structural mutation occurs)
it is compared with other new genes in this generation. If there is a match
(based on In and Out variables), the newly occurred gene receives the same

14



innovation number (same as all identical new genes in this generation). If
there is no match, the new gene receives new innovation number, and the
counter is incremented. Thus, we are able to recognize same mutations that
occurs in different specimens in one generation (all identical genes in one
generation have the same innovation number). The succession of innovation
numbers represents the genealogy of specimen and allows us to crossover
two specimens without thorough topological analysis.

Adding new node involves adding new record into the list of nodes, adding
two new genes connecting new node with two other nodes and disabling
connection between these two neighbours (if it exists). See figure 2.2 for
easier understanding.

1 213 4 | 5 6 | 2 |3 41 5 6 7
| —=4 P—=4 |3—>4|2—=5|5—>4|1—>5 |—=4 P—=d |34 2—>55—>4|] —=5|3—>5
DIS DIS
4 Mutate Add Connection 4
1 2 3 1 2 3
| 2 |13 4 | 3 6 | 213 4 5 6| 8 9
|—>4 =>4 |34 2->5|5-—>4|1=>5| |4 p—>4|3—>4[2—>55—>4 (| =>5|3—>6|6—>4
DIS DIS | DIS
4 Mutate Add Node 4

Figure 2.2: Example of two basic structural mutations. One adding new
connection and other one adding node.(figure used from [1])

2.4 Crossover

Crossover of two specimens uses the idea of innovation numbers which pro-
vide us a simple approach how to recognize similar genes. Two linear lists of
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parent’s genes are sorted and compared. If both parents have genes with the
same innovation number the offspring receives randomly one of each pair of
matched genes. If the genes are only in one of the parents then they are called
excess or disjoint. Disjoint genes are within the range of innovation numbers
of both parents. Excess genes are genes with higher innovation number than
all opposite parent’s genes. Disjoint and excess genes are inherited from the
more fit parent (see figure 2.3 for simple example).

2.5 Speciating and Fitness

Speciating is a method how to protect new topologies in population. First of
all we need to classify all specimens into species. Every specimen is compared
with list of species and classified (in case of a new species the new record is
added). For species comparison we use following formula 2.1:
(SZCIZ\fJ‘f—CjVD—i—CgW, (21)
where N is number of genes in larger genome, E is number of excess genes, D
is number of disjoint genes, W is average wight difference of matching genes,
and coefficients ¢y, ¢o and c3 allow us to adjust importance of every factor.
Representative of species are randomly selected from previous generation.
Every specimen is compared with these representatives and placed in the
first species where distance ¢ is lower than threshold. Classification into
species is used for adjusting the fitness of every specimen by formula 2.2:

' fi o [0 if sh(6(,4)) < 6
sty M >>_{1 if sh(6(i, 7)) > 0,

(2.2)

where the numerator is the calculated fitness value and the denominator
is count of specimen in species (the sharing function sh is set to 0 when
distance § is above threshold d;; otherwise, sh(d(7,j)) is set to 1, for more
details see [4]). This fitness adjusting protects new and small species and
reduces successful species to avoid overwhelming the whole population by
one species. Motivation for this is the observation that a neural network with
topological innovation has usually lower fitness than its ascendant and thus
a lower chance to reproduce. Because of specieating a neural network with
topological innovation has a chance to be sorted into different species than
other offsprings and thus it can be favoured by fitness adjusting.
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2
2-=4 | 3-=4
D1

3

2—=5

6—=4
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10
1-=6

%
v

disjoint
1 2 |3 5 8
Parentl | 1 o4|2—4 | 3->4 | 255 | 554 1->§
DISAB
1 2 3 |4 5 6 7 9 10
Parent2 1—>a [ 3 gl o PN o | g 35| 16
DISAB DISAB]
dis jointdisjoint BXCess Bxcess
. 1 2 3|4 5 6 7 ] 9 10
Offspring 14 | 2254 | 3-54| 255 | 524 | 5-26 | 6->4| 1->5| 35| 1->6
DISAB

Figure 2.3: Example of crossover of two specimens (Parentl and Parent2).
Although topology of both parents look different, crossover is possible even
without topological analysis. Matching genes (match based on innovation
number) are inherited from random parent. Disjoint and excess genes are
inherited from more fit parent — in this case, both parents have same fitness,

thus all genes are inherited. (figure used form [1])

2.6 Incremental Growth

The last feature of NEAT is reducing the search space by starting from mini-
mal structures. New topologies are introduced as structural mutations occur
and survived selection because of their fitness. Thus, only the successful (i.
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e. meaningful) topologies are preserved during the evolution. The algorithm
itself tries to find minimal topology that maximizes the fitness function.
More precisely, evolutionary algorithm can get stuck in local optimum and
adjusting weights provide as bad result as adding new connection or node
(generally structural mutation produces offspring with worse initial fitness
compare to their parents). In that case it is possible that enlarging the net-
work could help, and thus the evolutionary algorithm naturally produces
specimens with new nodes or connections (because of inability to improve
specimen by adjusting weights).

On the other hand, when it is possible to improve the fitness by adjust-
ing the weights, the offspring has better chances to survive into the next
population than offspring with structural mutations. The fitness adjusting
mechanism prevents overwhelming the whole population by one specie, not
reproducing the most successful specimens.

Technically there is also problem with terminating the evolutionary al-
gorithm in the right time. Even when the topology is correct, it is possible
that the improvement can be achieved only by adjusting few weights and
for evolutionary algorithm it could be hard to find them (because generally
mutations are random). Thus, the termination condition of algorithm could
be satisfied by ”good enough” solution. For example in case of binary clas-
sification problems the output 0.7 could be good enough and we will not
insist on values very close to 1. In fact when we s have correct topology
with weights close to optimum we can reach the optimum by teaching the
network by some traditional gradient-based learning algorithm.

18



Chapter 3

New Algorithm

In this chapter there are summarized ideas that were behind the design of
the new algorithm and there are described main differences from NEAT, i.
e. naming of nodes to improve preserving structures by crossover, redesign-
ing the crossover procedure, and few minor modifications at the end of the
chapter.

3.1 Motivation

The intention of our work was to improve and modify NEAT in order to get
a new algorithm with different features and better abilities. So we can start
with analysis of NEAT’s behaviour. First of all the crossover procedure is like
a multiple mutation of weights in most cases, more precisely the offspring
has the same topology as one of the parents. In case of equal fitness of both
parents the result is unpredictable because of genes encoding (for example
of NEAT crossover see fig. 2.3 or 3.1). As was told in the first chapter, the
meaning of crossover should be the recombination of parents abilities to
achieve offspring containing the best of both (all) parents. In the case of
NEAT the crossover is more like (maybe smart) multiple mutation and the
idea of genes recombination is fading away.

So if we presume that substructures (subgraphs) of neural networks have
any meaning, and thus the crossover is something more than a multiple
random mutation, there is not much chance that any complex substructure
survive NEAT’s crossover (in case of equal fitness). In most cases there is
not even possible to inherit different structures form both parents. Lack of
the possibility to inherit different structures from both parents is caused by
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names of the nodes. The naming of nodes does not reflect position of the node
in the structure of the neural network, and it does not allow to distinguish
different structures. Of course there is a mechanism to distinguish genes
(connections) thanks to innovation numbers but in most cases of crossover
the fitness of both parents will be different and thus only one topology will
be inherited (without any modification). In case the fitness of both parents
is equal the crossover procedure can not preserve substructures in parents.

For example, it is possible (either naturally during evolution, or inten-
tionally) to develop a partial solution that provides us with correct value on
one output node in one specimen, and another specimen with correct value
on output node (for example see fig. 3.1). Especially when different subset
of inputs are necessary for correct value on each output node it is highly
improbable that NEAT’s crossover of these two specimens preserve abilities
of both specimens. This is not a desirable behavior of a crossover.

The second observation focused on innovation numbers. It is a very sim-
ple and efficient way how to recognize similar genes, so why do we keep list
of new mutations only during one generation? Especially in the beginning
of the evolution it is highly possible that the same mutation occurs in next
generations, but we will not be able to recognize it without the list of new
mutations from previous generations. To improve similar genes recognition
we propose a way how to name nodes with respect to topology and thus
much more precisely recognize topologically identical mutations.

3.2 Node Naming

Our first modification is aimed at names of nodes. To be able to identify
different substructures we decided to name new nodes by combination of
two node’s names between which we add a new one (for description by
pseudo-code see fig. 3.2). To define it more precisely (for schematic example
see fig. 3.3):

- Initial nodes of the network are named by numbers in brackets. If the
network has n input neurons and m output neurons, then the names
of input neurons will be ”(1)”’, 7(2)”,..., ”(n)” and the names of the
output neurons will be ”(n+1)", 7 (n+2), ..., ”(m)” (initial structure
is the same as in NEAT, that means fully connected inputs and outputs
without any hidden nodes).

20



Parent1 Parent2

o]0 o0
) X o)
HOOO OO

Offspring

Figure 3.1: Example of NEAT’s crossover. Presume that Parentl has 1 hid-
den node, that calculates from inputs 1 and 2 good output 5 and Parent2
has 1 hidden node too, that calculates from inputs 3 and 4 good output
6 (in both cases hidden node has number 7). In NEAT’s terminology all
genes (used here) are excess or disjoint, and they will be inherited only from
the more fit parent. Even if both parents have equal fitness the result of
crossover is indicated in figure. We can doubt that at least one parent’s abil-
ity is inherited (i.e. it is no big problem to construct model where this result
of crossover is useless)

- Any new node (added by structural mutation) is named by the names
of its neighbours (any new node is connected with two other nodes).
Presume the name of the neighbours are (x), (y) and lexicographic
order of these names is < y. Then the name of the new node (added

one) will be "((x)(y))”.

- If node with constructed name already exist there is "+” added at the
end of name (if + is already there is another one added and so on...).

Node’s names are reflected into the names of connections too (In and
Out variables) so we are able to better recognize similar genes.

This naming can not cover up all graph isomorphisms, but it is com-
putationally effective (no topological analysis is necessary) and still it can
recognize similar substructures in graphs.
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Let x,y be two nodes between which we want to add new one z (x,y
selected randomly for example). x.name and y.name are names of these
two nodes.

Let x.name be lexicographic before y.name, i. e. x.name < y.name .
Set z.name to (x.name y.name): z.name="("+x.name+y.name+")" .

while exist node in list of nodes with name z.name do
z.name append + : z.name=z.name-+"+"
endwhile

add z to list of nodes

Figure 3.2: Description of naming procedure by pseudo-code.

Other problems appear when trying to crossover structures with these
names. Of course we are still able to find matching genes and correctly
crossover two list of genes without more work than in original NEAT. But
we have to pay attention to merging list of nodes because their are not
identical like in original NEAT and we have to compare names of the nodes
(not only position in list, which in NEAT reflect name too).

3.3 Crossover

If we want the ability to inherit substructures from both parents and have
chance to inherit different features of both parents, we have to modify the
crossover too. We decided to implement a "merging crossover” that merges
booth list of nodes and list of genes (in case of genes pair with same inno-
vation number choose randomly one).

This caused a problem not from the technical point of view but a the-
oretical one. With this merging crossover used on genes with new names it
is very hard to develop small topologies. With more precisely differentiation
of genes and nodes, the result of merging (offspring) is usually bigger than
parents.

One way how to deal with this problem is to enhance structural mu-
tations. If species are improving their fitness (there is better specimen in
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(3)

(1NN

(13N

(2)

Figure 3.3: Two examples of nodes names and also an example of problem
with graph isomorphism. Exact names of nodes depends on order of adding
nodes. In left case there was firstly added node between nodes (1) and (3).
After that there was added node between new node ((1)(3)) and node (2).
At the end there was added connection between (((1)(3))(2)) and (3). In
right side case there was firstly added node between (2) and (3). After that
there was added node between new node ((2)(3)) and (1). At the end there
was added connection between ((1)((2)(3))) and (3). It must be pointed out,
that this is the worst case that can happend and this topology can be created
by several other ways with better similarity.

species than in previous generation) the structural mutations occur only
with some probability (it was for example 50 per cent in our tests). This
mean that without consideration of individual probabilities of mutations,
there is a chance that structural mutations will be skipped. Mutations vari-
ating parameters (weights) are not affected. This mechanism give chance to
optimize weights without adding new nodes and connections into topology.

Another way how to deal with the crossover problem is to implement
different crossover. Together with merging crossover, a classical one point
crossover was added. The result of this new crossover procedure are three
offspring - one as a result of merging crossover and two as a result off one
point crossover.

It is not ideal because of linear list of genes, which does not respect
the topology and thus the crossover could create isolated subgraphs with
no connection to the rest of the network. To improve the situation there
is a cleaning procedure which removes nodes that are in different graph
component than inputs and outputs. It finds components of connectivity
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within only one pass of genes list, and then it removes all redundant genes
and nodes.

It is computationally comparable with crossover procedure in NEAT and
the other possibility is to leave isolated subgraphs there and hope that some
structural mutation connect them back to the rest of network. But this
option enlarge the search space, because of leaving (maybe temporally) re-
dundant genes in genotype (list of genes).

Computationally, the new crossover procedure is slightly more compli-
cated than original NEAT crossover because of the cleaning procedure, but
it allows to produce offspring with comparable genome’s list length (even
shorter than parents) and still there is some chance to preserve at least part
of the abilities of both parents.

These two kinds of crossover preserve the advantages of merging (i. e.
chance for inheriting good features form both parents) and improve explo-
ration abilities of the whole evolutionary algorithm because of one point
CTOSSOVer.

A positive result of these modifications could be the possibility to evolve
of only subset of required outputs and than finish learning with modified
fitness to achieve fair values on all outputs (incremental evolution). On the
other hand we cannot anticipate minimal possible topology (in cases of in-
cremental evolution), because all restrictions were unknown from the be-
ginning, but we can find a suitable solution of problems thats are too hard
without some decomposition. This behaviour is a result of preserving sub-
structures which can be counterproductive — two features of network could
be calculated by (separated) structures instead of one (more complicated).

3.4 Minor Modifications

There are also some other minor changes in our algorithm in comparison to
NEAT. One of them is the modifycation of formula for calculation distance
between specimens to the formula 3.1:

. ClE CQD _— C4O C5T

where two fractions was added. The first one is %, where O is number of

nodes with different names (names that are not in opposite specimen), ¢, is
coefficient to adjust wight of this difference and M is number of nodes in
larger specimen. This allow us to make bigger difference between networks
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with relatively low count of connections and different nodes. The original
NEAT is not able to recognize the position of nodes in structure and thus can
not distinguish them (nodes) in different specimens. Without this fraction
formula is still able to recognize different structures via different genes, but
this allow us to give bigger (or less) importance to different nodes. The last
fraction % from formula 3.1 is for making difference between nodes with
different activation function. M is number of neurons, c; is coefficient for
adjusting the importance, and 7T is number nodes with different activation
function (difference is counted only if exist in opposite specimen neuron with
same name). Of course, this is useful only when heterogeneous networks are
evolved.

Other minor modifications with respect to NEAT contain enhancing
probability of structural mutation by possibility to skip them in case of
improving fitness of the whole specie (defined above in this chapter in sec-
tion devoted crossover), and persistent list of genes to improve identifying
similar genes. If large amount of genes is anticipated (large network evolved)
it is possible to set the maximum length of the genes list to improve com-
putational demandingness.
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Chapter 4

Agent Parallel Implementation

In this chapter, the solution of our evolutionary algorithm is outlined. The
synchronization between agents is also analyzed and our solution presented.
The agent implementation was chosen for possible application in multi-agent
system.

4.1 JADE

Java Agent DEvelopment Framework (or simply JADE) is a framework fully
programed in JAVA for the purpose of simple multi-agent system develop-
ment [3]. It contains a middle-ware that complies with FIPA specification
([7]) and a set of graphical tools that supports debugging and deployment
of agents.

One of the advantages of implementation in JADE is the possibility to
divide the work between multiple agents. JADE provide us with simple way
of communication between agents with communication system. Moreover,
planing behaviors inside the agent is not preemptive, and the agent is typ-
ically executed in one thread. Because of this we have an absolute control
over agents behavior and there are no problems with data consistency in
one agent. We only have to decide the way of problem decomposition, data
exchange and synchronization.
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4.2 Agent’s structure design

Parallelization of evolutionary algorithm could be done in several more or
less difficult ways. The outcome of this effort will be improvement of the al-
gorithm performance, because the work can be divided to multiple processor
units. T'wo main approaches to parallelization of evolutionary algorithms are
distribute only computation of fitness, or having several populations with
sharing some specimens [6]. In this case the model with multiple populations
is used.

The agent’s structure is designed as a radial with multiple computation
agents performing evolutionary algorithm and one synchronization agent in
the center for the purpose of synchronization and data sharing. In order
to communicate with the rest of the multi-agent system, a communication
agent connected with the center was designed to ensure distribution of task
and data. Since the connection to the multi-agent system was not part of

the problem, this agent has not been implemented yet (for scheme see fig.
4.1).

T8

communication
agent

48

synchronization
agent

\\\\\\\

computation computation
agent agent

Figure 4.1: Scheme of agents communication and task decomposition.

The computation agent performs evolutionary algorithm as it is described
in chapter above (the detailed technical description will be provided in the
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next chapter). The computation agent communicates only with the synchro-
nization agent, while the synchronization agent ensures sharing of specimens
necessary for the purpose of algorithm (without sharing of specimens the al-
gorithm will not be distributed).

Synchronization agent keeps list of all mutations to be able to synchronize
innovation numbers across all computation agents and to send them back
the corrected numbers. Besides this, the agent keeps list of all species of all
computation agents to be able to determinate where to send the specimens in
order to keep species together. Thus, the last function of the synchronization
agent is to distribute incoming specimens among computation agents. If no
computation agent has a similar specie, one agent is selected by round robin
rule and the specimen is send to it.

The communication agent is not implemented yet as it was mentioned
above. The purpose of this agent will be communication with multi-agent
system, receiving problems, distributing them to the rest of agents and pro-
viding solutions to contractors.

4.3 Synchronization

If we allow transferring of specimen between agents we have to sort out a
problem with synchronization of innovation numbers. Without it the trans-
ferred specimen will not be able to crossover correctly with other specimen.
If we want to be able to crossover any two specimen we have to ensure at
some point that both specimen will have their innovation numbers synchro-
nized. Thus there has to be some central authority with list of all mutations
to be able to synchronize any two specimen.

This is the reason why we decided for simple radial structure of agents.
The central synchronization agent keeps a list of all mutations and it can
provide correct innovation number for any genom. It could be possible to
synchronize only incoming specimens with the list of mutations of receiving
computation agent, but the amount of transferring agents (and all genes that
they have inside) would have to be smaller than amount of new mutations.
Another possibility could be the synchronization of transferring agents inside
receiving computation agent, but the synchronization agent needs synchro-
nized genes in order to be able to correctly count distance between specimens
(to determine the specie).

To summarize it, synchronizing genes in receiving computation agent is
not possible with this model of transferring specimens. We could transfer for
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example only the best specimens (or the worst — it depends on the chosen
model [6]) but we would have to leave the idea of keeping species together.
Synchronizing the whole agents (with list of receivers genes) in synchroniza-
tion agent is computationally time consuming and it could be profitable
only in case of small amount of transferring agents. But the small amount
of transferring agents means small amount of new species and this is most
probably a sign of bad setting of the algorithm coefficients (in the formula
calculating distance between specimens). Selected solution suits for idea of
keeping species together. The synchronization agent could be a bottleneck
of the whole system, but as long as it is able to synchronize at least one

generation of new genes (even if it deletes previous generation), the result
should be comparable with NEAT.

4.4 Algorithm Parallelization

All computational agents are equal and independent on the rest of the system
if we do not consider transferring specimen. The content of communication
with synchronization agent is a list of species, a list of new genes for syn-
chronization of innovation numbers and a list of specimens designated to
transport to another computation agent.

For the purpose of specimen transferring we decided to keep all popula-
tion synchronized. At the end of mutation (see fig. 5.2) the list of all new
mutations is send to the synchronization agent. By the reply all new genes
are corrected with new innovation numbers. The start of the communica-
tion is timed before the fitness calculation, because for the purpose of the
fitness the synchronization is not necessary. The second aspect of the timing
is presumption that fitness function takes most of the computation time and
thus there is some space for delay evoked by communication. If the time is
not enough, the progress of the algorithm inside one computation agent is
stopped and the agent waits for message with correct innovation numbers.

After the synchronization of innovation numbers the list of representa-
tives is send to synchronization agent. Besides, the list of specimen of low
count species is sent too. The idea is to keep species together and not dis-
tribute them among more agents. It is an attempt to ensure the diversity
and living space for more species and to collect specimen of low count species
together to improve their chances for survive. One specimen of specie in a
whole population can survive, but it is highly probable, that the result of
crossover with specimen of different specie will not be same specie.
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Chapter 5

Description of New Algorithm
Implementation

This chapter contains a ideas and mechanisms mentioned in previous chap-
ters. All of them are put together into a detailed description of new algorithm
with all its implementation aspects.

5.1 Genotype

Encoded genes are the mostly same as in the case of NEAT. From technical
reasons, In and Out variables are still numbers, i. e. position of node in the
list of nodes. In our implementation variables In and Out are called To and
From (we find it more descriptive). To be able to determine a similarity
of genes based on names the of nodes, every gene contains its name. The
name of the gene is a composition of names of nodes that it connects. More
precisely it is a string in a form "name of From node”-"name of To node”
(see fig. 5.1).

The list of nodes was slightly modified: every node contains information
about its Name, Bias value, number of Inputs connections and Type. The
Type it is not an input/output/hidden value, but it is the type of activation
function. Activation functions are predefined, and Type contains only an
index of corresponding activation function (for example see fig. 5.1). Number
of inputs and outputs is defined by the problem, that network solves and it
is not a variable that could differ in every specimen. Thus the first nodes
in the list of nodes are inputs, after them there are outputs (both numbers
are fixed for every problem) and after them there are hidden nodes. Number
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of inputs of every node was stored for network consistency tests on several
occasions. During calculation of network output, the node with most known
inputs is calculated next — in case of acyclic graphs there is always a node
with all known inputs, in case of cyclic graph we have to do a topological
analysis to break the cycle or use a heuristic and calculate output of node
with most known inputs. Because the topological analysis is time consuming,
the heuristic has been preferred in our case.

Geneme (Genotype)

Nodes:

Hame: (1) Name: (2) Hame: (3) Hame: ({1)(3)) Hame: (((1)(3))(2))

Bias: 0.7 Bias: 0.3 Bias: 0.4 Bias: 0.1 Bias: 1.9

Inputs: 0 Inputs: 0 Inputs: 1 Inputs: 3 Inputs: 1

Type: 2 Type: 2 Type: 2 Type: 2 Type: 2
Connections:

From: 0 From: 1 From: 0 From: 3 From: 1 From: 4 From: 1

To: 2 To: 2 To: 3 To: 2 To: 4 To: 3 To: 3
Weight: 0.7 VWeight: 0.3 Weight: -0.3 Weight: 1.3 Weight: 1.1 (Weight: 1.3 Weight: -1.1
DISABLED DISABLED ENABLED ENABLED ENABLED ENABLED ENABLED
Innov: 1 Innowv: 2 Innov: & Innov: & Innow: 9 Innov: 10 Innow: 15
Name: (1)-(3) (Name: (2)-(3) |Name: (1)-({1)(3)) [Name: ((1){3))-(3) (Name: (2)-(((1)N(1)(3))) [Name: (((NIN-(IN3Y) |Hame: (2)-((1)(3))
Network (Phenotype) 3)

1IN,
(11130 (320
1) (2)

Figure 5.1: Example of network and its encoding into the list of genes and
list of nodes. First two nodes in the list of nodes are input neurons, third
one is output and all others are hidden nodes.

5.2 Mutations

Probability of all mutations is normalized to fixed length of a genome, we
refer to this normalized value as mutation rate. With longer list of genes
the probability of mutation is getting lower. For example the probability
of modifying weight of connection is normalized to 10 genes. Thus setting
mutation rate to 0.6 means that statistically there will be modified 6 weights
no matter of length of genome list (therefore there is a good meaning in
setting mutation rate higher than 1 for larger networks). This allow us fast
exploration of search space in the beginning of algorithm and more precise
tuning weights in later phases of algorithm.
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For all experiments we have used only general mutations and not prob-
lem based ones (i. e. special mutations for specific problem). There are two
structural mutations: adding node and adding connection. Both of them are
enhanced by skipping possibility in case of improving species. Both of them
do not create connections leading from outputs and to inputs. It is in order
to improve search abilities of algorithm in the beginning.

As for mutations changing parameters there are biased mutation (value
:= value 4+ random_gaussian_number) and unbiased mutation (value := ran-
dom _gaussian_number) modifying values of connections and biases. There
are two more mutations, one enabling and disabling connections (genes re-
main in the list, so it is not a structural mutation), and one changing type
of node activation function.

5.3 Selection and Crossover

To improve abilities of evolutionary algorithm there were implemented mech-
anism of elite that preserve into new generation a preset amount of the best
specimen of previous generation. Another one similar mechanism is the hall
of fame that protect presets amount of best specimens of the whole evolution
and adds their copies into the population before crossover. Last mechanism
influencing selection is used from NEAT, it is checking if species are getting
better. If there is no better specimen produced in preset amount of genera-
tion, the fitness of every member of specie is set to zero. Selection procedure
for crossover is simple roulette method that distributed the probability of
selection according to the proportion of fitness in population.

For the purpose of crossover there are two specimen selected and three
offspring created. One offspring is a result of merging crossover, and two
are result of one-point crossover. During the crossover procedure s cleaning
procedure as was described in chapter 3 is used. The size of population is not
fixed and it can temporarily get bigger than preset. It is because of incoming
specimen, that are added into the population. When new population (new
generation) is created, the size of it is nearest possible to preset number
(crossover produces three offsprings so it is the nearest multiple of three
larger than the preset size).
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5.4 Computation Agent

Computation agent performing evolutionary algorithm has two behaviours
(procedures). Evolutionary behaviour performs the evolution, and Commu-
nication behaviour that services incoming communication. For better under-
standing how computation agent works see fig. 5.2.

Computation Agent
Evolutionary Behaviour

START
(of agent) {
+ + Hall of Fame
Agent | 0| Initialization Elite
initialization of population non-improving
.* species penalization +
start sending B . .
Communication | "Ready” | =» Creating new | selecting specimens
Behaviour message population crossover

+

START - re-Speciating
{of this procedure) o mutations

Communication Behaviour

START = New Message new mutations §> +
sending
|of this procedure) +
block
(wait) evaluation by

fithess function

Type +

waiting for
synchronisation
New 0 Speciating
v Start +
specimen signal +
low count species f:>
sending =
fitness
Synchronization normalization

start
Add new specimen Elovutionary
to population Behaviour

Synchronize
Innovation nubers

Figure 5.2: Scheme of computation agent.

First, the agent initializes all internal variables, population and sends
"ready” signal to synchronization agent. At the end of the initialization
communication behaviour starts. Communication behaviour is waiting for
message from synchronization agent (thread is blocked until a message ar-
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rives). When signal for start arrives, communication behaviour starts evo-
lutionary behaviour. Both behaviours are active and they can switch after
the other procedure makes a step (i. e. the behaviour finishes its action()
function). Communication behaviour has only one step (i.e all incoming mes-
sages are executed), and evolutionary behaviour has six steps. All six steps
(of evolutionary behaviour) are depicted as boxes in fig. 5.2.

Evolutionary behaviour starts from mutations. ”Re-Speciating” tries to
determine if a specie is improving (in the beginning it does not make sense
but the algorithm is working in a loop). To determinate it a specimen is
classified into a specie. This is necessary to be able to determine if we should
apply probability to skip structural mutations (to get network a chance to
improve weights if the specie is improving - an idea of this is described
in chapter 3). If there is no suitable specie, a skipping feature can not be
applied and all mutations are regularly calculated. If the specie is improving,
there is 50 per cent chance to skip structural mutations. After finishing the
mutations, the list of new mutations is send to synchronization agent.

The next step of the algorithm is evaluating every specimen via fitness
function. During this step a message from synchronization agent with cor-
rected innovation numbers should arrive. At the end of the step a commu-
nication behaviour gets chance to process messages. If the synchronization
message has a delay, the next step holds the progress of evolutionary be-
haviour, and the agent has to wait for synchronization message.

Another step after synchronization is speciating of all specimens into
species. If there is no suitable specie for some specimen, a new representative
is created to represent new specie. The next step sends to synchronization
agent low count species and normalize fitness as prescribed by formula 2.2.

Another step (on fig. 5.2 it is on the top of the diagram) actualizes the
Hall of Fame (HoF contains best specimens ever), the elite is determined
(the best specimens of population) and the best specimen of every specie
gets its place in new population too (i. e. it receives flag to be preserved to
new population).

After this, the crossover procedure takes place and the new generation
is created. The loop continues as long as termination condition is satisfied (
the most common condition is a maximum number of generation).
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5.5 Synchronization Agent

Synchronization agent is simple having only one behaviour that reacts on in-
coming messages. The agent has a list of all mutations, list of all computation
agents and list of representatives of all computation agents. Computation
agents register to synchronization agents via ”"Ready” message. When the
synchronization agent receives a message with genes, it tries to find them in
the list of all genes and correct their innovation number or add them into
the list (and correct the innovation number too if it is necessary). When
the synchronization agent receives message with specimens, it tries to find
agent with similar specie. If synch. agent can not find suitable computa-
tion agent it (synch. agent) choose one of the computation agents by round
robin rule and send it a specimen (representative is added to the target’s
representatives list too).

When the synchronization agent receives list of representatives, it re-
places an old one. It is possible that there is an inconsistency (a computation
agent can send list of representatives before it received new specimens), but
it is not a big problem, and it is a price for being able to execute most of
the algorithm without a synchronization signal. If we would like to insist
on absolute synchronization, it could happen that the system would be as
fast as the slowest agent. In any case, there will be more synchronization
signals necessary and they will be burdening the synchronization agent. So
this one flaw in synchronization has been taken as an acceptable price for
better performance of whole system.
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Chapter 6

Experiments

This chapter contains several results of our new algorithm and compari-
son with the NEAT algorithm. There were selected three types of exper-
iments: XOR experiment to verify basic functionality and for comparison
with NEAT, Building dataset as a representative of approximation prob-
lem and Cancer dataset as a representative of classification problem. Both
datasets are form Probenl set of benchmarks for neural networks [2].

6.1 XOR Experiment

The XOR experiment has been selected because it is not a linearly separable
problem, and it requires hidden nodes in the network. This should verify the
ability to create such hidden nodes and do not stuck in local optimum.
Another reason for choosing this problem is the possibility to compare the
results with original NEAT’s results described in source [1].

For this problem the initial population has been set to 100 specimens.
Probability of adding edge has been set to 0.4 (normalized to 30 genes, i. e.
with more than 30 genes the probability is linearly lowered). Probability of
disabling edge has been set to 0.2 (normalized to 30 genes too). Probability
of adding node has been set to 0.05 (normalized to 10 nodes). Probability
of connection value perturbation has been set to 0,6 and probability of bias
value perturbation has been set to 0.3. Probability of reseting value of con-
nection has been set to 0.2. Probability of reseting value of bias has been
set to 0.1 and probability of deactivating the edge has been set to 0.2 (all
probabilities normalized to 10 genes/nodes). Probability of changing type of
activation function has been set to 0, because it was not desired to change
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@ number of neurons | g number of genes | @ output value

kill specie 20 6.4 10.5 0.838 / -0.856

kill specie 10 5.6 8.9 0.888 / -0.870
NEAT 4.35 7.48 unknown

Table 6.1: Table with results of XOR experiment. Caption kill specie means
number of generation, after which the penalization is applied for non-
improving species. Row captioned by NEAT shows result of the original
NEAT presented in [1]. The column captioned by g number of genes shows
the average numbers of non-disabled genes.

it. As an activation function the hyperbolic tangent has been chosen. Num-
bers for perturbation has been chosen from (normal) Gaussian distribution
divided by 10. Numbers for reset has been chosen from (normal) Gaussian
distribution. Size of elite has been set to 1 (i.e. the best one of every specie
has been preserved by crossover) and size of hall of fame has been set to 3 (i.
e. the three best specimens of whole evolution has been add to population
before crossover). Coefficients of specie distance formula 3.1 has been set to
c1=5, c5=5, c3=10, ¢4,=8 and c¢; has no meaning, because the types of acti-
vation function have not been changed during the evolution. The threshold
0 has been set to 1. Numbers of generations during which the species do not
have to improve (without penalization) has been set to 20 (in the first half
of tests) and to 10 (in second half of tests). The termination condition of
the evolutionary algorithm has been set to 100 generations. There were 20
tests together and the fitness function has been (14 x)? and after z reached
+0.4 there were added another bonus 42 (i.e. it was consider as a good
classification).

The evolutionary algorithm successfully found satisfying solution in all
20 tests. As you can see from table 6.1 the results are comparable with the
original NEAT algorithm despite that there were expected problem with
evolving very small topologies (because of more precise distinction between
genes and nodes). To see comparison in the right view it is necessary to
point out several things. First of all, in the source material ([1]) there is
not specified what solution (output value) has been accepted as a correct.
Because it is a classification problem the values (for example) 0,3 and 0,7
(in case of sigmoidal activation function) could be considered as a correct
classification. Thus the evolution can be stopped sooner and thus lower risk
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of adding unnecessary connections or even nodes. In the original paper there
is also stated, that average number of generations was 33 (in the worst case
90). In our case there were always 100 generations (because there were no
other termination condition). The average achieved output values are stated
in table. Secondly, because of different network encoding into genes, in our
case the number of genes should be higher (to be able to correctly com-
pare these numbers) because in the list of genes there are no biases (every
bias value is in node object). Finally, the attempt to repeat the results of
NEAT was only partially successful. In source material there is no descrip-
tion of select procedure and more detailed description of mutations (exact
numbers and description missing). Our best possible reconstruction of the
original NEAT algorithm has similar results (number of genes and nodes) as
described, but the results were not very stable and it takes twice more gen-
erations to achieve them. With small improvements (for example improve
NEAT by enhanced mutations used in new algorithm) the results were much
more better, but we can not be sure if it was due to the mutations, because
of lack of detailed description of some parts of algorithm.

The overall result of this experiment is, that the new algorithm has no
problem with this simple task and it is able to develop relatively small
topology comparable with original NEAT, despite the slightly worse results
than expected.

6.2 Building Experiment

The building experiment is an example of hard approximation (prediction)
problem. It uses the building dataset from the probenl benchmark tests.
The dataset contains originally 6 inputs values (date, time of day, outside
temperature, outside air humidity, solar radiation and wind speed) and 3
output values (consumption of electrical energy, hot water and cold water
in building). The 6 inputs values are re-encoded into 14 inputs and both
inputs and outputs are normalized to range < 0;1 >. The dataset contains
4208 examples all together.

The first setting (setting 1) for this experiment was: 50 specimens in pop-
ulation, 100 generations, 0.6 probability of connection adding, 0.1 probability
of node adding, 0.9 probability of connection perturbation, 0.4 probability of
bias perturbation, 0.3 probability of connection value reset, 0.13 probability
of bias value reset and 0.3 probability of connection disabling. Normaliza-
tions, size of elite, hall of fame and mutations (choosing new value) were
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the same as in the XOR experiment. Type of activation function was the
hyperbolic tangent in hidden and input nodes. In output nodes there were
the sigmoidal activation function (because of output values normalization).
Coeflicients of specie distance formula 3.1 has been set to ¢;=6, ca=6, c3=8,
c4=10. The threshold d has been set to 1.5. Maximum size of the list of
all genes (for the purpose of synchronization) has been set to 1000 genes.
The fitness for one output was (1 — |zg — z|)?, where zy was target value
and x was output value. Gain on all three outputs and of all examples were
summarized to get fitness of the specimen.

The low count of specimens and the low count of population for the
first try has been set because of time demandingness of the whole evolution
(4208 examples and starting topology containing 17 nodes plus 32 connec-
tions). From same reason (speeding the algorithm) the maximum number of
remembered genes was set.

The second setting (setting 2) was almost the same but instead of single
population of 50 specimens, there were 3 populations (three computation
agents) of 25 specimens (75 together). Species with less than 3 specimens
were send for sharing. Purpose of this settings was the comparison of the
results of single-population evolution and multi-populations evolution with
similar number of specimens. The disadvantage of multi-populations model
is the inability to crossover any two specimens. On the other hand, the
advantage is that it is less time consuming.

The third setting (setting &) was multi-populational too, and there was
50 specimens in each of three populations (150 specimens together). Max-
imum number of generations has been set to 150. Species with less than 5
specimens were send for sharing. Purpose of this settings was to show the
progress of convergence with better settings.

All three settings were repeated 10 times and an average square errors
and standard deviations were counted. Results of the experiments are in
table 6.2.

In all 3 tests more than 75 per cent of examples were approximated with
less than 1 per cent square error (i.e. less than 0.1 error in absolute num-
bers). This means the algorithm, in limited time and with limited resources,
was able find relatively fair solution. An interesting observation concerns
the number of used connections. In all experiments during the crossover
procedure, there were 25 per cent chance, that the inherited gene will be
re-enabled even if it is disabled in both parents (and the inherited gene was
always enabled if at least one parent has this gene enabled too). In spite of
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¢ neurons ¢ genes ¢ error ¢std 1% 4%
setting 1 20.5 16.7 0.043 0.014 9508 409
setting 2 18.7 17.9 0.049 0.011 9217 571
setting 3 24.4 17.3 0.037 0.015 9898 275

Table 6.2: Table of building experiment results: g neurons is average number
of neurons, ¢ genes is average number of enabled connections, ¢ error is
average square error, ¢ std is standard deviation (of 10 runs) of square errors,
1% 1is average number of outuput values with less than 1 per cent sqaure
error and 4% is average number of output values with worse than 4 per cent
square error. Number of all output values is 3 % 4208 = 12624 together.

this half of the genes in the best specimens was disabled.

The results can be compared with results in Probenl [2], that were
achieved with traditional gradient-based learning algorithm RPROP (fast
backpropagation variant similar in spirit to Quickprop) on several topologies.
The topology with no hidden nodes achieved during (average) 400 learning
epochs mean 0.78 of squared test set error percentage (in our test with set-
tings 3: 3.7 per cent). Several topologies with hidden nodes achieved mean
between 0.76 and 1.70 of squared test set error percentage. Number of epoch
were between 300 and 2600 (depends on topology).

6.3 Cancer Experiment

Cancer experiment is a classification problem from Probenl. The dataset
contains 699 examples defined by 9 input values and 1 output value. From
the sixth input characteristic 16 values is missing and were defined as an
average value. The output has 2 values defining 2 types of tumour (be-
nign/malignant). All input values were normalized to range < 0;1 >.

Two models were used. The first model (model 1) with one output neu-
ron (i. e. state of the neuron defines the kind of tumour) and second model
(model 2) with two output neuron — for every kind one output. For both
models same settings were used: 100 specimens in population, 200 genera-
tions, 0.6 probability of connection adding, 0.1 probability of node adding,
0.9 probability of connection perturbation, 0.3 probability of bias perturba-
tion, 0.3 probability of connection value reset, 0.1 probability of bias value
reset and 0.15 probability of connection disabling. Normalizations, size of
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@ neurons ¢ genes ¢ errors ¢ std
model 1 26.1 35.5 19.7 1.73
model 2 229 37.4 51.2 4.66

Table 6.3: Table of cancer experiment - model 1 with one output and model 2
with two outputs:g neurons is average number of neurons, g genes is average
number of enabled connections, g error is number of wrong classifications,
o std is standard deviation (of 10 runs).

elite, hall of fame and mutations (choosing new value) were all the same as
in the XOR experiment. The type of activation function was the hyperbolic
tangent. Coefficients of specie distance formula 3.1 has been set to ¢;=5,
c9=b, c3=8, ¢4=9. The threshold ¢ has been set to 3. Maximum size of the
list of all genes (for the purpose of synchronization) has been set to 1000
genes. The fitness for one output was +sgn(z)z?, and for the values above
0.4 (or under -0.4) there were as a bonus of +1. In model with 2 outputs
they were summed together and one more additional bonus for fitness was
applied: 699 — 2¢, where e is number of examples, where both outputs give
wrong value. Output values above 0.4 (or under -0.4, respectively) have been
considered as correct classification.. Results of the experiments are in table
6.3.

In case of model 1 networks recognized more than 97 per cent of samples.
In case of model 2, the success rate was lower (93 per cent). To compare
with Peobenl(i.e. with gradient-based learning algorithm RPROP) — linear
networks have average 20.5 wrong classifications (97 per cent success rate),
and (different) multilayer networks have 8.0, 10.2, 9.6 wrong classifications
(98.9, 98.5, 98.6 success rate).
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Chapter 7

Conclusion

This chapter contains brief recapitulation of the whole work and several
ideas for future work.

7.1 Recapitulation

The intention of this work was to introduce an algorithm for artificial neural
networks evolution. We have developed a neuroevolution learning procedure
capable of training both topologies and weights of the network. The new
algorithm utilizes ideas of the NEAT algorithm and tries to further improve
them. The idea of keeping track of topologies evolution by means of inno-
vation numbers has been improved by introducing a more sofisticated node
coding. This approach is able to detect larger class of equivalent topologies
throughout the evolution run. Furthermore improved crossover and muta-
tion operators have been introduced. And finally, the algorithm has been
implemented in a distributed way by means of the JADE agent framework
and tested on several benchmark datasets. Sadly, the direct comparison with
the NEAT algorithm failed — not because of our new algorithm, but because
of the inability to reproduce the performance of NEAT referred to in the
literature. As an alternative we provide a comparison with traditional (ad-
vanced) gradient-based algorithms. Despite it is known that neuroevolution-
ary techniques searching much more complex space usually need an order of
magnitude more time to achieve comparable errors than gradient methods
performing local search of weight parameters only. The datasets are public
and can be used to indirect comparison of introduced algorithm with any
possible evolutionary algorithm.
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My personal gain form this work was a chance to create and test interest-
ing algorithm enhanced by my own ideas and familiarization with practical
aspects of agent design, experienc with using JADE and JAVA.

7.2 Future work

In the future work we would like to improve our algorithm by modification of
the list of genes. Instead of linear representation some tree structure could
be very interesting. Maybe some tree structure will be necessary for the
list of nodes too. The idea of this representation is to be able to crossover
two topologies to merge or switch their substructures without additional
analysis of connectivity. This idea come only recently after experiences with
the original algorithm proposal and we did not have time to figure out useful
tree representation.

The implementation of the algorithm is far from finished. It is fully op-
erational, but every experiment has to be set manually and there is no
user-friendly interface. There are several reason for it, and most cardinal is
absence of application environment definition (i. e. the multi-agent environ-
ment and communication definitions were not a part of this thesis).
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