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Abstract

This research paper presents different approaches in the field of Epigenetic Neuroevo-
lution and investigates their capabilities. The goal is to understand the underlying
principles and how they can be combined to create brain-like learning machines that
can adapt to and learn from environmental changes, just like humans, by taking sen-
sory feedback into account. Therefore, a short overview of basic neuroscience and
machine learning principles is given, followed by a derivation of the Epigenetic Neu-
roevolution approach. Based on these concepts, different approaches are presented
to build adaptive and robust systems for machine learning tasks. The work con-
cludes with an imaginary scenario combining the discussed approaches and further
investigating the possibilities of the gained knowledge followed by a short discussion.

Zusammenfassung

In diesem Forschungsbericht werden verschiedene Ansätze im Bereich Epigenetic
Neuroevolution vorgestellt und auf deren Leistungsfähigkeit untersucht. Das Ziel
ist, die zugrundeliegenden Methoden zu verstehen, um sie zu einem lernfähigen in-
telligenten System kombinieren zu können. Mit diesen Methoden soll es einem Sys-
tem möglich sein, ähnlich einem Menschen, von seiner Umwelt und dessen Feedback
zu lernen um sich an neue, bisher nicht erfahrene Situationen anpassen zu können.
Zu Beginn werden grundlegende Methoden aus dem Bereich Maschinelles Lernen
und der Neurowissenschaften erläutert, gefolgt von einer Herleitung des Epigenetic
Neuroevolution Ansatzes. Anschließend werden verschiedene Arbeiten aus diesem
Feld untersucht, welche dann in einem fiktionalen Szenario angewendet werden. Der
Bericht schließt mit einer Diskussion über die erworbenen Kenntnisse.
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Chapter 1

Introduction

Starting from performing simple tasks robots and artificial agents are nowadays
capable of dealing with more and more complex situations. A limiting factor for
these systems is that they are especially programmed or trained for a specific task. If
the environment, or the conditions they work in change, these systems cannot adapt
and will probably fail. The concept of Growing Adaptive Systems ([KBD14]) uses
bio-inspired principles trying to overcome these limitations by developing systems
that are able to learn from their experience and adapt to environmental changes
rather than being retrained for the new environment.

This seminar investigates the approach of Epigenetic Neuroevolution, which takes
the evolutionary process in the human brain as a motivation for adaptive learning
systems. Learning in the human brain, a huge net of interconnected neurons, is a
highly complex process. Each connection has its purpose and has evolved through
a long learning period. Depending on the performed task, different neurons fire
different patterns. Busy connections with lots of neuronal activity are strengthened,
and others with a low amount of activity are weakened. If a new task is learned, the
structure of the brain will adapt and new connections will be established. Likewise
if a connection is not needed anymore it will possibly be pruned. This process is
triggered given exposure to new external sensory inputs and influenced by experi-
ence.

Artificial Neural Networks (ANNs) are already an approach to use the concept of
the human brain in artificial intelligence. One drawback is that standard ANNs are
constructed and trained for a specific task beforehand can therefore not adapt to new
scenarios. Specially handcrafted topologies are used and the synaptic connections
weights are trained afterwards. Recently, approaches were made to further optimize
ANNs by using Genetic Algorithms and/or Constructive and Pruning Algorithms
to figure out optimal topologies as well. It has to be noted that this optimization
happens during the training phase of an ANN. Once the training is done and the
network is specified for a specific task it cannot and will not adapt to a changing
environment.

Epigenetic Neuroevolution is a new approach trying to overcome these limitations
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by letting the network learn from the environment and adapt to changes. This is
achieved by a combination of different bio-inspired techniques from Artificial Neural
Networks, Evolutionary Algorithms and the concept of Reinforcement Learning.
Section 1.1 explains the fundamental components the approach is built upon, Sec-
tion 2 gives an overview of the previous acquisitions in the field of Growing Adaptive
Systems and Section 2.1 shows the general structure of an Epigenetic Neuroevolu-
tion approach as well as possible design choices. In Chapter 3 already implemented
approaches are investigated and in Chapter 4 a fictional scenario were a Epigenetic
Neuroevolution approach could be applied is presented.

1.1 Basic Concepts: neural models of computa-

tion and development

This section is gives a deeper insight into the basic concepts and ideas that are
combined in Epigenetic Neuroevolution.

1.1.1 Artificial Neural Networks and Supervised Learning

Artificial Neural Networks (ANNs) are very popular models used in machine learning
for a variety of applications such as classification, data clustering, function approxi-
mation and regression up to robot control ([WSM43], [MM69]). The inspiration for
ANNs comes from the structure of the human nervous system, consisting of a huge
network of interconnected neurons. In ANNs each neuron is defined by its number
of inputs, its synaptic weights and an activation function, that maps the inputs to
an output. The main purpose of an ANN is the mapping of input sets to desired
output sets. Classical feed forward networks are optimized using supervised learning
methods. In supervised learning, the expected desirable output for each set of in-
puts is already known and can be used in the training process to get an error signal
that can be used to improve the network. The most popular algorithm to optimize
ANNs is called Error-Backpropagation in which this error signal is propagated back
through the network to correct the synaptic connection weights.
A physiology based method for training ANNs is Hebb’s rule ([Heb49]), that de-
scribes how neuronal activities influence the connection between neurons. The basic
idea is just as in the human brain that neurons that fire together will most likely
strengthen or build a connection. A general model of Hebb’s Rule looks like the
following

∆ωij = A ∗ ai ∗ aj +B ∗ ai + C ∗ aj +D (1.1)

where ∆ωij is the change in the synaptic connection between neuron i and j, ai and
aj are the activation levels of the neurons and A,B,C and D are real numbers.
ANNs are a fundamental component in Epigenetic Neuroevolution, serving as the
adaptive brain in the approaches presented in the following Chapters.
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A special type of ANNs are the Compositional Pattern-Producing Networks (CPPNs),
which are used in certain approaches of Epigenetic Neuroevolution. The main dif-
ference is that CPPNs use various different activation functions in their networks
where standard ANNs normally mostly use sigmoidal functions. The usage of dif-
ferent activation functions is discussed in the HyperNEAT approach (in Section 2.1)
where CPPNs are used to encode ANNs with symmetric and/or repeating topologies
utilizing the different activation functions.

1.1.2 Development of the human brain and Unsupervised
Learning

During the lifetime of a human it undergoes a constant evolutionary process, where
each neuron or group of neurons have a specific task or react to a specific stimuli
([All99] and [Ede87]). The more incoming stimuli there are, the more strengthened
the interconnections between these neurons will become. Otherwise connections
will be weakened for less incoming stimuli up to the process of pruning connections.
Additionally, the learning and adapting process happens online while the human
is performing a task. As explained in Section 1.1.1 this is a major difference to
ANNs that are trained separately during a training phase before being applied. An-
other difference is unsupervised learning in the human brain compared to supervised
learning in ANNs. In the real world there is no expected output signal, instead the
human brain uses the environmental feedback it receives to tune the synaptic con-
nections. As shown in [WMJ+07] this feedback loop of performing an action and
getting environmental feedback is an important process that drives the learning ex-
perience. While a supervised ANN can only learn what it is provided with in the
training set, the human brain uses new environmental stimuli to let the brain adapt
to situations that have not occurred before. All these concepts drive the motivation
for Epigenetic Neuroevolution to get another step closer to an artificial brain.

1.1.3 Reinforcement Learning

Reinforcement Learning is a Machine Learning technique inspired by psychology
[RSS98], where the objective is to maximize the reward an artificial agent is re-
ceiving while it tries to achieve a specified goal. This is done by exploring the
environment and learning to take the correct actions in each step. A popular exam-
ple is a robot trying to escape a maze where the robot gets a small negative reward
for each taken step and a big reward for escaping the maze. This let’s the robot
learn to escape the maze as fast as possible in order to maximize the reward. In
the past studies have come up with the idea that the mammalian brain may use
learning methods resulting in behaviors similar to those in Reinforcement Learning
([MDS96], [WS97]). Therefore, the concept of using a reward based environment
where the agent gets a positive or negative stimuli, depending on actions is picked up
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in Epigenetic Neuroevolution to get an environmental feedback that can be utilized
to learn optimal behavior.

1.1.4 Genetic Algorithms

Genetic Algorithms (GAs) are optimization methods inspired by Darwinian Evolu-
tion (see [MTK96]). An algorithm is initialized with a population of solutions, where
each solution is represented as a genome, that contains the defining characteristics
as parameters. Each individual of this population is then applied to the problem
and evaluated on its performance that is called its fitness. In the next step the
best solutions are used to create offspring either through cross mutation of different
candidates or self mutilation. This process repeats until a solution converges or a
terminal condition is reached.
This is a fundamental concept in Neuroevolution, an approach to evolve weights and
topology of ANNs with Evolutionary Algorithms. In Epigenetic Neuroevolution GAs
are used in a similar way that will be explained in Section 2.1.
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Chapter 2

Deriving Epigenetic
Neuroevolution

The human brain has always been a great inspiration and motivation in machine
learning. A first step towards an artificial brain was formulated with Artificial Neu-
ral Networks (ANNs). As explained in Section 1.1 ANNs consist of an aggregation
of interconnected artificial neurons. A crucial difference between this model and
the human brain is that the topology of an ANN is handcrafted and it is trained
in advance for a specific problem. This means it is not guaranteed that the chosen
topology is optimal for a specific task and that the network will produce false re-
sults for inputs not covered within training data. This is a big difference compared
to learning in the human brain which undergoes an ongoing update process that
takes new experiences in consideration, where constantly new synaptic connections
are formed and others get pruned. With this motivation constructing and pruning
algorithms have been developed to imitate this behavior. A next big step towards
an artificial brain was the introduction of Neuroevolution, the concept of evolving
the structure and the synaptic weights of ANNs with the use of Evolutionary Al-
gorithms. Even though these methods are capable of solving complex tasks they
are not able to handle new situations or can learn from them. After their training
phase these networks are optimized for a specific task and will most likely fail for
unexpected input data. The concept of Epigenetic Neuroevolution tries to go one
step further by evolving more general systems that take environmental stimuli into
account achieving an optimal robust behavior and adapting to- and learn from new
situations. It uses therefore ANNs with special types of network encoding, Genetic
Algorithms and a Reinforcement Learning like framework where the environment
allocates a reward to the agent depending on it’s behavior. Additionally, as it can
be observed in biological brains, the change of synaptic connections is influenced by
certain neuromodulatory neurons that react to particular stimuli . The following
section will explain this components in more detail.
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2.1 Introducing Epigenetic Neuroevolution: algo-

rithms, formalisms, applications

A big difference between artificial brains and the biological brain is the construction
and learning process. Artificial systems are usually designed using engineering expe-
rience, and or with optimization algorithms before being trained. Once the training
is done the network will not change anymore, and is unable to learn anything it has
not encountered during the training phase.
In the biological brain, there is no strict separation into constructing, learning, or
application phase. Where in the artificial brain the process chain is sequential, the
human brain performs reconstructing, learning and adaption concurrently, while
performing a task. Therefore, it uses the external stimuli provided by the environ-
ment. In Epigenetic Neuroevolution this key fact is taken into account to develop a
general system that is not restricted to only scenarios it has already learned, but is
able to use new experienced data to adapt it’s behavior. The basic concept can be
describes as the following and is visualized in Figure 2.1.

252 J.-B. Mouret and P. Tonelli

Fig. 1 The artificial evolution of plastic neural networks relies on the classic evolutionary loop

used in neuro-evolution. The algorithm starts with a population of genotypes that are thereafter

developed into plastic neural networks. The topology of the neural network is sometimes evolved

[17, 18, 21–24, 28]. Typical plastic neural networks use a variant of the Hebb’s rule to adapt the

weight during the “lifetime” of the agent. The fitness of the agent is most of the time evaluated in

a dynamic environment that requires the agent to adapt its behavior. The agent is therefore usually

directly selected for its adaptive abilities

successfully employed to automatically design small “nervous systems” for robots

[7, 10, 12, 13, 25, 26], sometimes by taking inspiration from development processes

[10, 13, 16, 25]. A comparatively few articles proposed to combine the artificial

evolution of neural networks with synaptic plasticity to evolve artificial agents

that can adapt their “artificial nervous system” during their “lifetime” [7, 15–18,

21–23, 28, 30] (Fig.1). However, the analysis of these articles shows that they often

address different challenges in very different situations, while using the same termi-

nology (e.g. “learning”, “robustness” or “generalization”).

The goal of the present article is to provide a set of definitions to make as clear as

possible current and future work that involve the evolution of such plastic artificial

neural networks (ANNs) to control agents (simulated or real robots). While some

definitions and some distinctions are novel, the main contribution of the present

chapter is to isolate each concept and to present them in a coherent framework.

For each definition, we will provide examples of typical setups and current results.

Figure 2 displays the hierarchy of the concepts that will be introduced; it can serve

as a guide to the chapter.

2 Synaptic Plasticity

In neuroscience, plasticity (or neuroplasticity) is the ability of the brain and nervous

systems to change structurally and functionally as a result of their interaction with

Figure 2.1: Concept of an adaptive system in Epigenetic Neuroevolution ([KBD14])

1. Initialize a population of genotypes that encodes the ANN (the phenotype)

2. Construct ANN from phenotype.

3. Simulate agent using ANN as brain. While simulating, let the network adapt
to the environment.

4. Evaluate adapted ANN and select best individuals depending on a metric.

5. Mutate genotype.

6. Go-to 1.
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The design of the reward metric plays a key role in this approach. A straight
forward solution is to use a Reinforcement Learning like scenario (see Section 1.1)
where rewards are earned depending on the performance of the agent. It will be
seen in Chapter 3 that this kind of metric can be deceptive for a learning task and
the idea of novelty search is introduced as an alternative strategy. The termination
criteria for the algorithm explained above can be set as a reward threshold, a number
of trials or if the behavior converged.

2.1.1 Network representation

An important factor in Neuroevolution is the representation of a network. There
are different approaches that influence computational speed and complexity as well
as they help to build modular structures and provides structures to reuse building
pattern as it is known in the human brain. In the following the most important
types are described.

• Direct representation: In this representation there is a one to one mapping
from the genes to the parameters of the neural network. The genes specify
e.g. how many inputs a neuron has, the synaptic weights and/or the activation
function of the network. This type of encoding is easy to implement, especially
for genetic algorithms, but it is costly to encode each neuron separately for
big structures. The NEAT algorithm that is explained later in this section is
an example that uses a direct encoding.

• Developmental representation: The developmental representation is in-
spired by the human brain and uses an encoded process in the genes that
provides rules on how the neural network will be constructed. This method
is suited to encode big structures with certain patterns by following the rules
provided in the genes. An example of this type of encoding can be seen in
the HyperNEAT algorithm explained below, where the genotype is already an
ANN that specifies the rules for the connections of the phenotype.

• Map encoding: In map encoding the genes of the genome do not only specify
single neurons but whole maps of identical neurons, that are then connected
following certain patterns (mostly one-to-one or one-to-all). This is inspired by
computational neuroscience to let the networks scale up to larger maps and to
be able to higher dimensional inputs. A map encoding approach is evaluated
in Section 3.5.

2.1.2 Plasticity

The term plasticity describes the ability of a brain to change it’s structure and
functionality in response to environmental stimuli during a learning process. It can
be distinguished between structural plasticity, where new connections grow to change
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the topology of a network, and synaptic (or functional) plasticity which describes
the mechanism of strengthening or weakening the connections in a nervous system.
The concept of neuromodulation explained below supports adjusting the networks
plasticity regarding to certain stimuli.

2.1.3 Neuromodulation

Neuromodulation describes a process where specialized neuromodulatory neurons
can control the plasticity of a synaptic connection. In biology this effect is main-
tained by special neurotransmitters as dopamine or serotonin. In Neuroevolution
this concept is used to modify the Hebbian Rule (see Equation 1.1) so that certain
connection weights can only adjust when a certain stimuli is active. Using this con-
cept the network can switch on and off the learning ability for needed situations.
The standard Hebbian Rule:

∆ωij = A ∗ ai ∗ aj +B ∗ ai + C ∗ aj +D (2.1)

can therefore be changed to

∆ωij = m ∗ (A ∗ ai ∗ aj +B ∗ ai + C ∗ aj +D) (2.2)

where m is the modulation parameter and corresponds to the sum of inputs of a
modulatory neuron. This concept can be used to activate learning at a crucial point.
Approaches in Chapter 3 will show the usage of neuromodulation and in Figure 2.2
the concept of a modulatory neuron can be seen.

Standard

Modulatory

Figure 2.2: A standard neuron that is influenced by a neuromodulatory neuron

2.1.4 Novelty Search

Traditional Evolutionary Algorithms optimize systems according to an objective
based fitness function. In the task of acquiring an adaptive neuronal system this
can lead to certain deceptiveness. After adding a new neuron or a connection it
may take some time for the system to tune this new connection during which the
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fitness most likely decreases. Therefore, networks may be discarded prematurely
that would otherwise evolve to a reasonable solution, whereas non-adaptive systems
with a higher fitness stay in the population. Novelty search is a concept which takes
intermediate steps towards an optimized solution into account. Rather than search-
ing for a final objective, in novelty search a reward is given for finding functionally
different behaviors from ones that have been discovered before. In the approach
presented in Chapter 3.3 Risi et Al. [RVHS09] could show that by using a nov-
elty metric to search the space of behaviors they could outperform systems using
traditional objective-based fitness functions.

2.1.5 Topology augmentation

NeuroEvolution of Augmenting Topologies (NEAT, [SM02]) is one of the most popu-
lar approaches in NeuroEvolution to evolve the topology and synaptic weights of an
ANN. The goal is to find the minimal topology and the corresponding weights for a
given problem. Therefore it starts from the smallest topology and increases it’s com-
plexity incrementally. The most important concepts that differentiates NEAT from
earlier Neuroevolution approaches are: Tracking the gene history and protecting
innovation with speciation. NEAT uses a direct encoding where each gene specifies
the connection strength between two neurons. Additionally, each gene states if a
connection is enabled or not and has an innovation number that shows in which
mutation step the gene was added to the genome (See Figure 2.3).

K� �� ������� ��	 
� ����������

Figure 2: A genotype to phenotype mapping example. A genotype is depicted that
produces the shown phenotype. There are 3 input nodes, one hidden, and one output
node, and seven connection definitions, one of which is recurrent. The second gene is
disabled, so the connection that it specifies (between nodes 2 and 4) is not expressed in
the phenotype.

fitness function in this way can encourage smaller networks, it is difficult to know
how large the penalty should be for any particular network size, particularly because
different problems may have significantly different topological requirements. Altering
the fitness function is ad hoc and may cause evolution to perform differently than the
designer of the original unmodified fitness function intended.

An alternative solution is for the neuroevolution method itself to tend towards
minimality. If the population begins with no hidden nodes and grows structure only
as it benefits the solution, there is no need for ad hoc fitness modification to minimize
networks. Therefore, starting out with a minimal population and growing structure
from there is a design principle in NEAT.

By starting out minimally, NEAT ensures that the system searches for the solu-
tion in the lowest-dimensional weight space possible over the course of all generations.
Thus, the goal is not to minimize only the final product, but all intermediate networks
along the way as well. This idea is they key to gaining an advantage from the evo-
lution of topology: it allows us to minimize the search space, resulting in dramatic
performance gains. One reason current TWEANNS do not start out minimally is that
without topological diversity present in the initial population, topological innovations
would not survive. The problem of protecting innovation is not addressed by these
methods, so networks with major structural additions are likely not to reproduce. Thus,
speciating the population enables starting minimally in NEAT.

3 NeuroEvolution of Augmenting Topologies (NEAT)

The NEAT method, as described in detail in this section, consists of putting together
the ideas developed in the previous section into one system. We begin by explaining
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Figure 2.3: Mapping between genotype and phenotype for NEAT ([SM02])

If a genome mutates by adding a connection or a node (two connections), the genome
grows by one (or two) genes with incremental innovation numbers. These innova-
tion numbers can be used to separate all individuals into species depending on the
differences of their innovation numbers and connection weights. This is done to pro-
tect new innovations that are still being tuned and would maybe discarded by bad
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fitness. In experiments NEAT could outperform other Neuroevolution techniques
with fixed topologies for the XOR-problem and in a pole balancing test.

Hypercube-Based NEAT (HyperNEAT, [SDG09]) is an enrichment of the NEAT
algorithm that uses Compositional Pattern Producing Networks (CPPNs) as an
indirect encoding. The idea is that the genome should not encode each connection
separately, but use CPPNs as a weight pattern generator for the network. The
CPPNs can produce connection patterns with symmetries and or repeating motifs.
This is achieved by transforming spatial patterns from a hyper-cube into connectivity
patterns in a lower dimensional space. The main idea is to exploit the geometry of
a task and map it onto the topology of a neural network. The motivation comes
from the existence of symmetries and repeating patterns in the human brain, as well
as the fact that nearby events in physical space are also represented by neurons in
the brain that are close to each other. Additionally this structure is well suited to
produce large-scale Neural Networks. The encoding of the ANN works as follows.
Initially a so called substrate has to be defined as a domain for the neurons (e.g. a
2D grid as shown in Figure 2.4).
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F����� �� Hypercube-based Geometric Connectivity Pattern Interpretation. A grid of nodes, called the substrate,

is assigned coordinates such that the center node is at the origin. (1) Every potential connection in the substrate is

queried to determine its presence and weight; the dark directed lines shown in the substrate represent a sample of

connections that are queried. (2) For each query, the CPPN takes as input the positions of the two endpoints and (3)

outputs the weight of the connection between them. After all connections are determined, a pattern of connections and

connection-weights results that is a function of the geometry of the substrate. In this way, connective CPPNs produce

regular patterns of connections in space.

these nodes and their positions are given a priori, a connectivity pattern among nodes in two-dimensional

space is produced by a CPPN that takes any two coordinates (source and target) as input, and outputs the

weight of their connection. The CPPN is queried in this way for every potential connection on the grid.

Because the connection weights are thereby a function of the positions of their source and target nodes, the

distribution of weights on connections throughout the grid will exhibit a pattern that is a function of the

geometry of the coordinate system.

The connectivity pattern produced by a CPPN in this way is called the substrate so that it can be verbally

distinguished from the CPPN itself, which has its own internal topology. Furthermore, in the remainder of

this paper, CPPNs that are interpreted to produce connectivity patterns are called connective CPPNs while

CPPNs that generate spatial patterns are called spatial CPPNs. This paper focuses on neural substrates

produced by connective CPPNs.

Because the connective CPPN is a function of four dimensions, the two-dimensional connectivity pattern

expressed by the CPPN is isomorphic to a spatial pattern embedded in a four-dimensional hypercube. This

observation is important because it means that spatial patterns with symmetries and regularities correspond

to connectivity patterns with related regularities. Thus, because CPPNs generate regular spatial patterns

(Section 2.1), by extension they can be expected to produce connectivity patterns with corresponding regu-

larities. The next section demonstrates this capability.

9

Figure 2.4: Indirect encoding of HyperNEAT; Mapping from the substrate to con-
nection weights (from [SDG09])

The substrate should be related to the geometry of the agent or the environment in
order to exploit regularities. The coordinates of two neurons can then be used as
inputs for the CPPN that will return a connection weight. Therefore, the activa-
tion functions used in the CPPN can produce different connection patterns in the
ANN, where Gaussians result in symmetries and periodic functions return repeating
patterns. As an example if a robot has input sensors from the left to the right,
the neurons could be placed in the same order on the substrate that HyperNEAT
can exploit regularities (e.g. symmetry). Some examples of ANNs constructed by
CPPNs are shown in Figure 2.5. The HyperNEAT algorithm follows the concept of
Figure 2.1 where NEAT is used to evolve CPPNs.



2.1. INTRODUCING EPIGENETIC NEUROEVOLUTION: ALGORITHMS, FORMALISMS, APPLICATIONS15

(�� �������� (�� Imperfect Sym. (	� 
�������� (�� Rep. with Var.

Figure 5: Connectivity Patterns Produced by Connective CPPNs. These patterns, produced through interactive

evolution, exhibit several important connectivity motifs: (a) bilateral symmetry, (b) imperfect symmetry, (c) repeti-

tion, and (d) repetition with variation. That these fundamental motifs are compactly represented and easily produced

suggests the power of this encoding.

3.2 Producing Regular Connectivity Patterns

Simple, easily-discovered substructures in the connective CPPN produce important connective regularities

in the substrate. The key difference between connectivity patterns and spatial patterns is that each discrete

unit in a connectivity pattern has two x values and two y values. Thus, for example, symmetry along x can

be discovered simply by applying a symmetric function (e.g. Gaussian) to x1 or x2 (figure 5a).

Imperfect symmetry is another important structural motif in biological brains. Connective CPPNs can

produce imperfect symmetry by composing both symmetric functions of one axis along with an asymmetric

coordinate frame such as the axis itself. In this way, the CPPN produces varying degrees of imperfect

symmetry (figure 5b).

Similarly important is repetition, particularly repetition with variation. Just as symmetric functions

produce symmetry, periodic functions such as sine produce repetition (figure 5c). Patterns with variation are

produced by composing a periodic function with a coordinate frame that does not repeat, such as the axis

itself (figure 5d). Repetitive patterns can also be produced in connectivity as functions of invariant properties

between two nodes, such as distance along one axis. Thus, symmetry, imperfect symmetry, repetition,

and repetition with variation, key structural motifs in all biological brains, are compactly represented and

therefore easily discovered by CPPNs.

3.3 Substrate Configuration

The layout of the nodes that the CPPN connects in the substrate can take forms other than the planar grid

(figure 6a) discussed thus far. Different such substrate configurations are likely suited to different kinds of

problems.

For example, CPPNs can also produce three-dimensional connectivity patterns by representing spatial

10

Figure 2.5: ANN topologies evolved by CPPNs in HyperNEAT from left to right:
Symmetry, Imperfect Symmetry, Repetition, Repetition with variation
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Chapter 3

Simulations and implementations
in autonomous robotics

In this chapter different implementations of Epigenetic Neuroevolution or underlying
concepts are presented to show their potential and applications that can possibly
benefit from these approaches.

3.1 Robot navigation to target area with struc-

tural plasticity

In this paper Nolfi et al. [NMP94] present an early approach of a developing system
by combining genetic algorithms with neural networks and phenotypic plasticity. It
uses a form of developmental encoding where the genotype-to-phenotype mapping
happens during the lifetime of the agent depending on environmental feedback and is
guided by the rules specified in the genotype. The goal is to reach a circular target
area using a little robot that is steered by two wheels with DC motors and has
infrared/light proximity sensors that can detect obstacles and/or light sources. To
evaluate the adaptiveness of the system two scenarios were chosen. In one scenario
the target area was illuminated, where in the other it was not.

Threshold
X 

coordinate

Y 

coordinate

Breaking 

angle

Segment 

length

Synaptic 

weight
bias
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type
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Genes

Figure 3.1: Structure of the genes and the genotype

The neural network that controls the robot uses the sensor data as inputs and has its
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outputs connected to the DC motors. The genotype has a fixed length where each
gene defines the properties of one neuron. It is specified after how many activations
an axon starts growing, the physical location of a neuron, the branching angle and
segment length of an axon branch, the synaptic weight of the connection, a bias that
serves as a firing threshold and the neuron type (input, hidden or motor). The devel-
opment process looks like the following. Once an input neuron exceeds its expression
threshold depending on incoming light stimuli, the axon starts growing. Once an
axon hits another neuron a connection is established and the connected neuron will
start growing an axon as well as soon as the expression threshold is exceeded. In
the end all non connected axons and neurons are removed from the network. The
development process can be seen in Figure 3.2. The complete algorithm follows the

Figure 3.2: Development process of the neural network

structure presented in Figure 2.1 where the faster an agent navigates to the target
area, the higher the reward is and a standard genetic algorithm was used to find the
best systems.
This paper presented an early approach to mimic the developmental process of
the brain, where the mapping from genotype to phenotype is not predefined, but
happens during the agent’s lifetime. Additionally environmental stimuli were used
to let the agent adapt to the environment.

3.2 Using neuromodulation in the dangerous for-

aging task

In this approach Soltoggio et Al. [SDMF07] solve the so called dangerous foraging
task of bees and bumblebees with a combination of Neuroevolution and neuromod-
ulation (see Section 2.1). The goal is to maximize a bee’s nectar intake by only
visiting flowers with big quantities of nectar.
The simulated environment consists of a field of two different kinds of flowers with
the colors blue and yellow that correspond to high and low amounts of nectar and
a grey border. The simulated bees fly downwards towards the field in a random di-
rection and get a visual input for the neural controller representing the percentages
of grey, blue and yellow of the current field of view. In each time step a bee can
decide if it continues on it’s path or changes it into a random direction. After a
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certain amount of flights the rewards of the colors are changed and with a certain
probability the colors get inverted as well. The challenge is that the bee should
adapt to this change to maximize the nectar income.
The neural controller consists of three input neurons that correspond to the three
colors seen at each step, one reward neuron that has an input set to zero while flying
and the amount of collected honey when landing and a landing indication neuron
that is zero during the flight and one when landing. The landing neuron signals when
a reward is incoming and can be used to calculate a prediction error. One output
neuron controls the actions of the bee. The rest of the topology and the connection
weights are evolved through Neuroevolution with an implicit encoding called AGE
([MF07]) including a parameter that can specify modulatory or standard neurons.

The results show that the networks with neuromodulation clearly outperform the
ones without. After a switch of the rewards the bees need a certain number of flights
to change their strategy but can always achieve the correct association between color
and high rewards in the end. An illustration of a well-performing network is given
in Figure 3.3.

5� 101 151 201 251 300
Bee’s lifetime (flights)

2�� 211 221 231 241 251 261 271 281 291 300
Bee’s lifetime (flights)

B���� ������

High rewarding flower (optimal choice)

Flights ended with a null reward

Bee’s choice

Zoom on scenario 3

(a)

(b)

Fig. 5. Behaviour of a bee during a 300-flight lifetime. (a) The choice of flower for each of the 300 flight is reported on the horizontal time-scale. The
top bar indicates the colour of the high-rewarding flower, i.e. the optimal choice. The second bar shows the choice made by the evolved bee. (b) Zoom in
of scenario 3 (last hundred flights): an additional horizontal bar at the bottom shows the flight in which the bee collected a null reward.

F	
� 7. Network topology of a well-performing bee. The square boxes
on top represent the input neurons where G, B and Y are the percentages
of grey, blue and yellow colours seen by the bee; dG, dB, dY represent
differential colour values at each step. R and L are the reward and landing
signals. The square labelled ”1” is a constant input of 1 that provides
a bias to the neurons. Continuous lines with black triangles indicate
positive connections, dashed lines with white triangles negative connections.
Dashed circles around a neuron indicate that the neuron is reached by a
neuromodulatory connection and the synapses that connect to that neuron
undergo synaptic plasticity according to equation 1. The initial weights are:
G-Out: -0.37; G-Mod: -0.37; B-Out: 0.175; Y-Out: 0.30; B-Mod: 0.60;
Y-Mod: 0.60; R-Mod: -0.3; R-Out: -14.66; L-Mod: 1.95; L-Out: 9.56.
Evolvable parameters are: A: -0.79; B: 0.0; C: 0.0; D: -0.038; η : 0.79;
m: 42.47; b: 4.75.

association between colour and high rewarding flower is

always achieved.

It is interesting to note that the bee seems to take longer

to switch preference when the scenario changes (at flights

101 and 201), whereas it changes preferences more rapidly

when the colour is inverted (at flights 51, 151, and 251). This

is because strategies vary considerably between scenarios,

for example requiring to avoid a zero-rewarding flower in

scenario 2, but not so in scenario 32. Figure 5 suggests that

the bee has remarkable learning capabilities that do not just

allow the association of colour stimulus and reward, but also

the determination of a better rewarding flower on the basis of

long term historical information from sampling. To support

further this conclusion, we plotted the flights that ended

with a zero-reward in Figure 5(b). The zoom on scenario

3 show that when a flower has been chosen, the bee insists

visiting the same flower in spite of zero-rewards that are

occasionally collected. However, the deceiving experience of

more zero-rewards in a row makes the bee switch flower at

flight 262, after sequentially collecting a null reward from

the good flower three times. Yet, the preference is switched

back immediately to the correct one.

Scenario 1,2 and 3 constituted the simulated lifetime of

the bee during evolution. A more challenging test was carried

out on the unseen scenario 4: the two flowers yield the same

reward but have different probabilities of returning a zero-

reward (see Table I). Surprisingly, Figure 8 shows that the

bee is able to learn which flower returns a high mean in the

long run. The test was tried twice with considerably different

numerical values of reward.

B. Network Analysis

To understand the neural principles and the main character-

istics of the evolved solutions, we examined the components

and connections of the best 5 networks of each successful

run, in total 225 networks. Because each independent run was

free to evolve any topology, plasticity rules and modulatory

structure, a comparison of different solutions is difficult.

However, we noticed that successful controllers presented

some common features. Figure 7 shows an example of an

evolved network.

Differential inputs are used at 10% only, suggesting that

these inputs proposed in [15] are not necessary. The reward

2While a null reward in scenario 2 is given only by the low rewarding
flower, in scenario 3 the high rewarding flower gives occasionally a null
reward, see Table I

2476 2007 IEEE Congress on Evolutionary Computation (CEC 2007)

Figure 3.3: A well performing ANN with neuromodulation. The differential inputs
were not used in this approach and the 1 stands for a constant bias. Additionally
the dashed lines stand for inhibitory neurons.

3.3 Using novelty search for faster converging in

T-Maze environment

In this work Risi et Al. [RVHS09] compare the concept of novelty search with
fitness based evolution. As mentioned in Section 2.1 the problem to obtain learning
systems with fitness based objective functions is that adding plastic synapses to
an ANNs a priori will often decrease the fitness of a system. The objective of
novelty search is to find adaptive behavior as fast as possible by exploring the
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behavioral space. Therefore a modified version of the NEAT algorithm including
neuromodulation is evaluated by its behavioral novelty and is used to address T-
Maze domain. In the standard fitness based approach the fitness of an agent is
evaluated by summing all collected rewards over all trials. This means if two agents
collect a different amount of reward per trial, but collect the same amount in total
their behavior cannot be distinguished, even though they most likely used completely
different strategies. Novelty Search introduces a metric called novelty distance that
sums up the different outcomes of each trial of two agent to obtain the behavioral
difference of two agents. This information can be fed into the NEAT algorithm to
further distinguish the different species of its ANNs. This method proofed to be
very performant to effectively search for new behaviors.
The results show that the novelty approach outperformed the fitness based approach
by far (1.4 - 2.0 times faster).

3.4 Indirectly encoding neural plasticity as a pat-

tern of local rules

Risi et Al. [RS10] show an enhancement for the previously discussed HyperNEAT
algorithm called adaptive HyperNEAT in this paper. Instead of encoding patterns of
synaptic connection weights as seen in HyperNEAT, adaptive HyperNEAT encodes
patterns of learning rules. The idea is again inspired by biological brains where the
synaptic plasticity is not encoded in the DNA for each synapse separately.
Throughout this paper mainly two concepts for learning rules are investigated:
A general iterated model that enhances the four dimensional CPPN (known from
[SDG09]) by including the post- and pre-synaptic weights ai and aj and the current
connection weight ωij. This means the CPPN is not only queried in the evolutionary
phase (as in HyperNEAT), but also in each simulation step to update the connection
weights. The weight update for the synaptic plasticity can be represented as

ωij = CPPN(x1, y1, x2, y2, ai, aj, ωij) (3.1)

A less general rule is specified by the Hebbian ABC model where the learning rule
looks as the following:

ωij = η ∗ (A ∗ ai ∗ aj +B ∗ ai + C ∗ aj) (3.2)

In this case the inputs of the CPPN stay the same as in HyperNEAT, but A, B and
C are added to the outputs of the CPPNs. Figure 3.4 shows the two models side
by side. Even though this model is less general than the iterated model, it involves
less computational complexity since the CPPN has not to be queried during the
simulation.
The evaluation is done with two T-Maze scenarios, where the wings of the maze
have one high and one low reward and a fitness based objective function is used.
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Figure 3.4: The two models of the adaptive HyperNEAT algorithms to evolve ANNs.

Scenario 1 uses the rewards 0.1 (Blue) and 1.0 (Red) and scenario 2 adds two ad-
ditional values: 0.3 (Green) and 0.8 (Yellow). The first deployment is done with
the settings of scenario 1 and in the second deployment the two intermediate re-
wards are introduced. The new reward values give the reward a signature that is
not linearly separable. It should be noted that the ANNs in this experiment have
no hidden nodes, which means the learning rule needs to be nonlinear to cope with
this problem.
Scenario 1 can be solved by both learning rules with about the same number of gen-
erations whereas, in Scenario 2 the iterated model can solve the task and where the
ABC struggles to achieve the fitness threshold for a successful run. The assumption
is that with this learning rule a hidden layer of neuron would be needed to succeed
in this task.
This enhancement of the HyperNEAT model to include patterns learning rules proofs
to be another step towards a biologically inspired artificial brain. The iterated model
shows learning capabilities with a high adaptation to environmental changes. On
the other hand the ABC model in connection with an appropriate ANN structure
can probably cope with most domains and shows a lower computational complexity
than the iterated approach. It has to be noted that this approach could as well be
combined with the concepts of neuromodulation and novelty search (presented in
Section 2.1) to further enhance the system.

3.5 Synaptic General Learning Abilities and Synap-

tic Transitive Learning Abilities

In this paper Tonelli et Al. [TM13] formulate a framework to investigate the learning
capabilities of ANNs for scenarios they have not experienced before. Additionally
three different approaches are evaluated.
The framework is formulated as the following:
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N(I, λ): ANN where I is an Input set and λ is the set of
synaptic weights providing the maximal reward

K: Best rewarded output vector
(I,K): An association: A pair of in- and outputs that max-

imizes the reward
RI,K : Reward function.
A = {(I1, K1), ..., (In, Kn)}: Association set - list of associations including all

input patterns.
A: Set of all possible Association sets.
LN : Learnable set: A set A is learnable by N , if and only

if ∀λR ∈ RZ and ∀(I,K) ∈ A, ∃λ = g(λR, I, RI,K)
such that N(I,K) = K where λR is a random
weight vector.

synaptic General Learning Ability (sGLA): To possess sGLA, an ANN must
be able to learn each possible association of stimulus/action with the same topology,
the same learning function but a different reward scheme.
The network N(I, λ) must adjust its weights λR such that each input pattern I is
associated to K. The weights are adjusted according to λ = g(λR, I, RI,K)
A plastic ANN is said to to possess synaptic General Learning Abilities, if and only
if ∀A ∈ A, A ∈ LN

synaptic Transitive Learning Ability (sTLA): An ANN has sTLA if and
only if it has sGLA and the list of association sets used in the evolutionary phase of
N(I, λ) is a subset of A.
The number of association sets used in the evolutionary phase is then called the
sTLA-level. Additionally a network posses optimal sTLA for an sTLA-Level of 1.

In the evaluation section, an approach with map based encoding (see [MDG10])
combined with a NEAT-inspired algorithm is investigated for learning abilities and
compared with a simplified HyperNEAT algorithm and an algorithm using direct
encoding. The task to solve was the so called ’Skinner Box’ where an agent sits in
a box and is given a certain stimuli (in this case a light switching on). When the
stimuli is present the agent has to perform a certain action (in this case pushing one
of four leverages). If the action was correct, the agent gets a positive reward and if
it is incorrect, it gets punished with a negative reward.
For the evaluation each approach (direct and map encoding) is provided with a
certain amount of association sets and is then tested if it is able to learn new (never
before experienced) sets. It could be shown that the map based encoding approach
has optimal sTLA for this approach, where the sTLA level for the direct encoding
was about 7 to reach the same results as for the map encoding one. The HyperNEAT
approach lies in between.
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Chapter 4

Applying Epigenetic
Neuroevolution: Maintaining
forward motion for damaged robot

In this chapter an imaginary scenario to apply the previously discussed methods is
investigated. The Epigenetic Neuroevolution approach is utilized to maintain the
desired motion of a damaged exploration robot.

4.1 Set-up

Interpreting the steering commands of a robot and translating them into the right
motor commands is normally a straightforward task. In the imagined scenario how-
ever, we assume an environment that can damage the robot. For example falling
rocks, debris, unexpected heat or radiation that influences the behavior or shape
of some parts. We are investigating cases where the wheels, the suspension or the
servo motors are damaged or completely broken. This damage can lead from non
turning wheels to pieces that scrape along the ground and influence the motion of
the robot up to unstable movement (image the front right and back left wheel fallen
of a 4 wheeled robot). The idea is that the neural network produced by Epigenetic
Neuroevolution approaches should adapt and change the mapping between steering
commands and motor commands to maintain a correct translation from the actual
commands to the executed movement of the robot. The robot is a 6 or 8 wheeled
rover that navigates either with autonomous path planning or a human steering the
robot. However, in both cases the robot receives some sort of steering commands
that should result in a desired movement. The current position and orientation are
measured via GPS or are assumed to be known.
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DAMAGED ROBOT

4.2 Network structure and algorithms

The inputs for the network are the steering commands and a drift signal. The drift
signal computes a distance between the actual position of the robot and the desired
position for the non damaged robot. For each motor there is one output neuron.
As a basis for the algorithm two possibilities can be chosen. Either the map based
encoding that is tested in Section 3.5 or adaptive HyperNEAT (see Section 3.4).
Both of those algorithms have proven to have sTLA and should therefore be suitable
for the task. In both approaches neuromodulation is enabled and novelty search
is used as those concepts showed to further improve the performance. For the
HyperNEAT approach a substrate has to be defined. An example structure to
exploit the geometry of the robot can be seen in Figure 4.1, where I are the input
neurons and O are output neurons.

O

O

O

O

O

O

O

O

I

I

I

Figure 4.1: Example substrate for HyperNEAT with inputs (I) and outputs (O)

4.3 Training and evaluation

The training environment features a map where start and goal regions can be set
and it can cover different cases of damage. Each motor can be switched off, the
suspension of a wheel can be set to stiff, the wheels can be unmounted or replaced
by a telescoping rod. These cases simulate broken motors or suspension, fallen of
wheels or twisted parts scraping along the ground.
The training and evaluation works similar as in Figure 2.1 and as described in
[TM13]. A genotype is tested for a certain amount of scenarios consecutively, where
each scenario is a mix of different types of damage. Once the network solves the
task (reaches a high enough fitness), the next scenario is presented. The reward
is generated by summing up the drift signal in each step and receives a (negative)
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bonus for reaching the target area. Once genotypes are found that can adapt to
and solve the test scenarios, they are applied to new scenarios, not covered in the
test scenarios and investigated if they can solve the unknown task. In the end the
approach that needs the least training scenarios to succeed (and therefore has the
best sTLA) is selected as solution.

4.4 Possible extensions

The approach has several possibilities to be extended. It could be investigated if the
agent is able to adapt to varying surface textures or what improvement would make
this possible. Another improvement could be to include one input neuron for each
output neuron and establish a feedback connection to let the network learn from the
last taken actions as well. An obvious enhancement is also to further analyze the
geometry of the task and develop different surface structures for the HyperNEAT
approach.
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Chapter 5

Discussion

The discussed methods and approaches in this report give a rough overview of the
current progress in Epigenetic Neuroevolution. The bio-inspired concepts that have
been transferred to artificial systems have shown to clearly increase performance of
previous developed systems. The usage of environmental feedback has proven to be
a key concept to let an agent learn online and adapt to situations that have not been
encountered during the evolutionary phase. Another important component is the
encoding (as discussed in Section 2, where the developmental representation as it
has been seen in [SDG09]) and [MDG10]) is currently the most promising approach.
Additionally, by the concept of GLAs a measurement has been presented (in Sec-
tion 3.5) to evaluate the learning performance of a system and enable comparing
different approaches.
Altogether there exists a promising framework to further enhance the concepts to
build an artificial brain with learning abilities. However, it has to be noted that
the current systems are often designed for rather small problems and are often still
limited by computational complexity. Should the structures be small and adapt fast,
or big and general? Part of future work could therefore be investigating approaches
to reduce complexity without losing generality. Another challenge to address is the
exact connection between the plasticity, the encoding and learning abilities.
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