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Abstract. In this paper we present application of genetic programming
(GP) [1] to evolution of indirect encoding of neural network weights. We
compare usage of original HyperNEAT algorithm with our implementa-
tion, in which we replaced the underlying NEAT with genetic program-
ming. The algorithm was named HyperGP. The evolved neural networks
were used as controllers of autonomous mobile agents (robots) in simu-
lation. The agents were trained to drive with maximum average speed.
This forces them to learn how to drive on roads and avoid collisions. The
genetic programming lacking the NEAT complexification property shows
better exploration ability and tends to generate more complex solutions
in fewer generations. On the other hand, the basic genetic program-
ming generates quite complex functions for weights generation. Both
approaches generate neural controllers with similar abilities.

1 Introduction

In training of artificial neural networks using evolutionary algorithms a method
of encoding the neural networks into individuals in the evolution is needed.
Basically, there are two types of encodings. Direct encoding of either connection
weights or a network structure causes individuals and therefore the search space
complexity growth. Indirect encoding that utilizes a system, which develops the
neural network from information encoded by the individual can overcome such
drawback of direct encoding.

One of the most perspective algorithm of neural network weights and struc-
ture encoding is the hypercube encoding invented by Ken Stanley [2, 3] as Hy-
perNEAT algorithm. The HyperNEAT algorithm consists of a function or a set
of functions, which generates weights for neural network. The neural network
consist of neurons placed in a rectangular mesh called substrate. The substrate
coordinates serve as inputs for the function. The function output is the weight
of connection between two neurons. In the original HyperNEAT algorithm, the
function is called CPPN (Compositional Pattern Production Network) and is



constructed from a set of nodes with scalar product on their inputs and non-
linear function at their outputs. The network structure reminds a neural network
(therefore, it is named network rather than a function). The CPPN in the Hy-
perNEAT is generated using the NEAT (NeuroEvolution of Augmenting Topolo-
gies) [3] algorithm. NEAT is a type of evolutionary algorithm, which evolves the
network from a simple form featuring complexification and niching.

The NEAT algorithm is the component that we decided to replace with a
different style of weights encoding and generation in our approach. Rather, we
use genetic programming, which generates functions that compute weights for
connections among neurons in the substrate.

The application domain is a control of autonomous agents in simulated envi-
ronment. The agents are equipped with sensors with scalable resolution. Encod-
ing of neurons weights allows the resolution of the sensory input to be changed
independently of the size of the individual that contains the weight generating
function. The previous experiments presented in [4] show that the NEAT can
produce recurrent neural network, which can control the agent to move through
the simulated environment with maximum average speed. The fitness of the
evolved neural network is the average speed of the controlled agent. Our goal
is to replace the NEAT algorithm with genetic programming and compare it to
the original HyperNEAT algorithm.

1.1 Related Work

Many techniques for evolution of either weights or structure of neural networks
were already developed such as Analog Genetic Encoding [5–7], Continual Evolu-
tion Algorithm [8], GNARL [9], Evolino [10] and NeuroEvolution of Augmenting
Topologies (NEAT) [11]. The NEAT algorithm became a part of the HyperNEAT
algorithm as a tool for evolution of CPPNs.

HyperNEAT algorithm was already applied to control artificial agents in food
gathering problem [2]. It was shown that HyperNEAT is capable of large scale
networks evolution (> 8 · 106 connections). The simulated agent was equipped
with concentric sensors for food in particular directions linked with effector,
which drives the agent to the direction. In our approach, the sensors are organized
in polar rays with particular angular and distance resolution. The sensors are
sensitive to the surface color.

The agents can share portion of one substrate together [12]. The substrate
splits to local but linked areas. The agents can exploit cooperative behavior
afterwards.

Agents can complete common goals also with a minimum information from
the sensors with evolutionary trained feed forward networks as well [13]. In the
case, the agents exhibit reactive behavior.

This paper is organized as follows. Section 2 describes the HyperGP algo-
rithm. Section 3 describes the simulation environment and the agent setup. Sec-
tion 4 describes the experimental results, performance of HyperGP is compared
with HyperNEAT. Final section concludes the paper.
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Fig. 1. Experimental scenario with an agent placed in starting positions (a). The agent
has 3x5 sensors array. The color of the sensor represents a surface friction mapped to
0 and 1 for the neural network input. Track of the trained agent is depicted in (b).

2 HyperGP Algorithm

2.1 Genetic Programming

Our implementation of GP uses recombination and mutation operators and di-
rect representation of mathematical expressions. The final expression is a func-
tion of up to 4 variables (x1, y1, x1, y2), which was named CPPF (Compositional
Pattern Production Function). During the evolution the expressions are gener-
ated from the sets of elementary functions and atoms (variables and constants).
The operators are:

– Random expression generator generates expressions with defined depth.
The functions list (patterns) defines the set of basic function that the final
expressions will be composed of. The atoms list contains the variables (input
variables for the final expressions/functions) and constants. At the beginning
the first function is randomly chosen from the list and then the generator
is applied recursively on this expression - in this case not only functions
but also the atoms are used in random selection. The maximal depth of
the expression can be specified, so this value is decremented whenever the
generator is recursively run on some subexpression.

– Mutation selects random place/subexpression in the given expression and
replaces the subexpression by some randomly generated one (with respect
to the maximum depth of the expression). It splits the expression into par-
ticular subexpressions, then randomly chooses one of them, and using the
random expression generator replaces it by some random expression. The
depth parameter is also used, so the final (mutated) expression fulfills the
maximal depth condition.

– Recombination combines two expressions. Crossover position is selected
randomly in both expressions. It generates the positions of all subexpressions



in two given parent expressions (individuals). Then it replaces the subexpres-
sion in the first individual by the subexpression from the second individual.
So it keeps the positions and swaps the subexpressions. The maximal depth
condition is still fulfilled.

2.2 Evolution

We are working with the fixed size population of individuals (expressions). The
GP algorithm generates in each iteration the set of offsprings (the number of the
offsprings does not depend on the size of the population) using the mutation and
recombination operators. The parent population and the offspring population is
then joined into one set (pool) and using the selection function (based on the
fitness value of the individuals) the new population is created (all the unused
individuals are deleted).

3 Experimental Setup

3.1 Simulation Environment

Experiments with the agents were performed in simulation environment called
ViVAE (Visual Vector Agent Environment) featuring easy design of simulation
scenarios in SVG vector format [4]. There are two types of surfaces in the sim-
ulation (road and grass) with different frictions. The grass has friction 5 times
higher than the road.

ViVAE supports number of different agents equipped with various sensors for
surfaces and other objects in the scenario. In the current experiment, scenario
with one agent was user, see Figure 1.

3.2 Agent Setup

The agent in the simulation is controlled by neural network controller con-
structed by the HyperGP or HyperNEAT. The agent is driven by two simulated
wheels and is equipped with a number of sensors. The controlling neural net-
work is organized in a single layer of possibly fully interconnected perceptron
(global) type neurons (neurons compute biased scalar product, which is trans-
formed by bipolar logistic sigmoidal function). Steering angle is proportional to
inverse actual speed of the robot.

The sensors as well as the neural network are spread in a substrate. Neurons
and sensors are addressed with polar coordinates, see Figure 2. Two of the
neurons in the output substrate are dedicated to control acceleration of the
wheels. The neurons are marked with the red color in Figure 5.

Each individual in the evolution contains three different CPPFs, see Figure
2. Function fi generates weights between input sensors an the neurons, function
fb computes biases of the neurons and function fo expresses connection weights
among the neurons in the upper layer. Since the bias is a property of a neuron
in the output substrate, inputs x2 and y2 are setup to 0 for fb computation.
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Fig. 2. Organization of the HyperGP substrate. There were two distinct substrates used
(a) and three different GP function trees (CPPF) were evolved. Function fi is weight
between input substrate (sensors) and substrate with the neurons. Second function
fb generates bias for neurons in the upper substrate. For bias calculation third and
fourth CPPF inputs are set to 0. Last function fo represents connection weights among
neurons in the upper substrate.

3.3 HyperGP Setup

The HyperGP algorithm described in Section 2 was executed with the following
set of functions, from which the functions are selected.

x + y, x · y, sin x, cos x, tan−1 x,
√
|x|, |x|, e−x2

, e−(x−y)2 (1)

The list of atoms used in the functions is the following one:

x1, x2, x3, x4, −1, RandomReal(-5,5) (2)

Besides the CPPF inputs, there is extra negative multiplier and random
constant between −5 and 5. Depth of the expression was set up to 3.

3.4 HyperNEAT Setup

We have used our own implementation of the HyperNEAT algorithm. The NEAT
part resembles Stanley’s original implementation. The HyperNEAT extension
is inspired mainly by the David D’Ambrosio’s HyperSharpNEAT1. Following
function have been used as output function of the NEAT nodes:

2
1 + e−4.9 x

− 1, x, e−2.5 x2
, |x|, sin(x), cos(x) (3)

1 Both Stanley’s original NEAT implementation and D’Ambrosio’s HyperSharpNEAT
can be found on http://www.cs.ucf.edu/ kstanley.



The parameter settings are summarized in Table 1. Note, that we have ex-
tended the original set of constants which determine the genotype distance be-
tween two individuals (C1, C2 and C3) by the new constant CACT . The constant
CACT was added due to the fact that, unlike in classic NEAT, we evolve net-
works (CPPNs) with heterogeneous nodes. CACT multiplies the number of not
matching output nodes of aligned link genes. The CPPN output nodes were
limited to bipolar sigmoidal functions in order to constrain the output.

Table 1. HyperNEAT parameters

Parameter Value

population size 100
CPPN weights amplitude 3.0
CPPN output amplitude 1.0
controller network weights amplitude 3.0
distance threshold 15.0
distance C1 2.0
distance C2 2.0
distance C3 0.5
distance CACT 1.0
mating probability 0.75
add link mutation probability 0.3
add node mutation probability 0.1
elitism per species 5%

4 Experimental Results

4.1 HyperGP with Mutation Only

All experimental results are collected from 10 runs of each algorithm. The Hy-
perGP was executed 2 × 10 times. In the first set, the mutation only was used
as the genetic operator. The convergence of the HyperGP algorithm is plotted
in Figures 3. Sub-figure (a) contains convergence plots for the 10 experiment
runs. Sub-figure (b) contains plot of the whole population in one experiment run
(50 iterations). The individuals are sorted according to their fitness (from left
to right). We consider the fitness of 0.83 to be enough for the robot to follow
the road. HyperGP with mutation only reaches that fitness in 20 generations
(median). Mean fitness reached in the 10 runs is 0.875.

Following set of functions is the one generated in one of the experiment run:

fb = e
−
“

e−
1
2 (x2−x3)2−x2

”2

(4)

fo = sin x1(x3 + sin x4) (5)



fi = exp


e

−

0@e−e
−2(x2−tan−1(x4))2

+x3+x4

1A2

− |x1|


2
 (6)

4.2 HyperGP with Crossover

In the second set of runs, the crossover operator was added (see Figure 4). Proba-
bility of the crossover is 0.75, probability of the mutation is 0.25. We can see that
the performance of the algorithm has decreased. The target fitness (0.83) was
reached in 7 out of 10 runs only. Algorithm convergence is slowed down. Average
fitness reached after 50 evolution generations is of 0.82. Additional increasing of
the crossover probability decreased the performance of the algorithm.

0 10 20 30 40 50
0.60

0.65

0.70

0.75

0.80

0.85

Generation

Fi
tn

es
s

(a)
0

20

40

Genome

0

20

40
Generation

0.0

0.2

0.4

0.6

0.8

Fitness

(b)

Fig. 3. Convergence of HyperGP algorithm with mutations only. Plot (a) contains
linearly interpolated convergence of 10 independent experimental runs. Figure (b) dis-
plays how the genomes with the fitness approaching the local optimum are growing in
the population. All 50 individuals are sorted by their fitness. Solution with fitness of
0.65 is very common in the initial population. In the populations after 30 generations
solution with fitness close to 0.88 spreads in the population.

4.3 HyperNEAT

The HyperNEAT was setup according to Table 1. The algorithm was executed
10 times. Convergence of the algorithm is plotted in Figure 6. The red line in
the figure appears in 50th generation, in which the HyperGP was stopped. The
target fitness of 0.83 was reached in 92th generation (median). We can observe
that the HyperGP algorithm outperforms the HyperNEAT in the speed of the
convergence.
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Fig. 4. Convergence of HyperGP algorithm with crossover probability of 0.75 and
mutation probability of 0.25. Plot (a) contains linearly interpolated convergence of 10
independent experimental runs. Figure (b) displays how the genomes with the fitness
approaching the local optimum are growing in the population. All 50 individuals are
sorted by their fitness.

(a) (b)

Fig. 5. Visualization of the evolved neural network controlling the agents. Figure (a)
displays the complete network including inputs. Layer of 3×3 neurons is depicted in
figure (b). The network consists of two layers. The bottom layer represents input sensors
in a grid of 3x5 inputs. The upper layer contains 9 (3 × 3) neurons. The neurons are
mapped into a substrate in polar coordinates to match shape of the input substrate.
Red spheres represent neurons (numbers 19 and 21) that steer the agent wheels. The
most upper sphere represents bias for the neurons. Connections are displayed with
lines. The most visible lines represent connections with stronger synaptic values. The
neurons in the neuron layer are emphasized in figure (b). The weights of connections
between the neurons are represented by a thickness of arrows. Recurrent weight of a
neuron is represented by a color of the disk representing the neuron. Darker neuron
has a stronger recurrent self-connection.
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Fig. 6. Convergence of HyperNEAT algorithm in 300 generations performed. The Hy-
perGP algorithm was stopped after 50 generations (dashed line - B) and reached target
fitness (0.83) in after 20 generations (median, dotted line - A). The HyperNEAT algo-
rithm reached the fitness of 0.83 after 92 generations (median, solid line - C).

5 Conclusion and Future Work

In this paper we present results of experiment with generation of recurrent neu-
ral network weights using hyper-cubic encoding and multidimensional functions
generated by genetic programming. We have replaced the authentic NEAT algo-
rithm in the original HyperNEAT by genetic programming, the algorithm was
named HyperGP. The neural networks were used as controllers for mobile agents
in simulated environment. Fitness function of the particular agents is the average
speed of the agent, which forces it to drive on road.

Both HyperNEAT and HyperGP generate suitable solution with agents mov-
ing with possibly maximum speed through the scenario, following the roads.
HyperNEAT algorithm utilizes it’s complexification feature and the resulting
CPPNs are simple but the evolution reaches the desired fitness after 92 genera-
tions. HyperGP algorithm with same size of population reaches the same fitness
in 20 generations.

The HyperGP algorithm has a better explorative property and generates
more complex functions in early state of the evolution. The HyperNEAT al-
gorithm sets up the weights in the CPPN in the early evolution phase. More
CPPN nodes are added in the latter evolution phase. Both algorithms require
more testing and some tuning is required as well.

Both mutation and crossover operators were tested. The best results were
reached with mutation operator only. The crossover operation causes major
changes in the function. The mutation operator is more tender to the func-
tion structure than the crossover. Besides, the problem is sensitive to the CPPF
structure and combination of two functions together can completely change the
function output within the desired range.

The future work will involve experiments with different presets of both ap-
proaches to generation of the weights functions as well testing on different sce-
narios and goals in the mobile agents.
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