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Summary
Biology is one of the main sources of inspiration in producing intelligence in
artificial systems, and stimulated a broad area of research in nature-inspired
computing. Among these approaches, artificial neural networks (ANNs) aim
to model the information processing behavior of biological neural networks
(BNNs), and evolutionary computing aims to design software and hardware by
mimicking the working principles of biological evolution. Inspired by the evolutionary process of biological systems, the research field known as Neuroevolution
employs evolutionary computing to optimize ANNs.
One of the key aspects in Neuroevolution is the approach used for encoding
the ANNs. In the case of direct encoding, the topology and/or weights of the
ANNs are directly represented within the genotype of the individuals. However,
this approach may not be biologically plausible considering the amount of the
information required to encode possible configurations of BNNs with a relatively
small number of genes present in the genotype. Moreover, searching this large
number of possible network configurations using direct encoding is likely to lead
scalability issues. In addition to that, the ANNs optimized with this approach do
not exhibit lifetime learning capabilities. A complementary approach, known as
indirect encoding on the other hand, aims to find optimum rules to develop or
learning mechanisms to train ANNs during their lifetime.
A fundamental property of BNNs is their plasticity, which allows them to
modify their internal configurations during their lifetime. According to the
current physiological understanding, these changes are performed on synapses
(connections between two neurons) based on the local interactions of the neurons. This form of learning may lead to a high level of adaptation (as observed
in BNNs) due to its distributed and self-organized nature. However, further research is needed to understand the emergent of a coherent learning behaviour
from local learning rules.
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Summary
Hebbian learning has been proposed to model the plasticity property in
ANNs. According to the basic formalism of Hebbian learning, the synaptic efficiency between two neurons is increased/decreased depending on the correlations of their activations. However, this formalization is likely to suffer from
instability as it introduces an indefinite increase/decrease of the synaptic efficiencies. Therefore, the plasticity rules may require further optimization to
properly capture the dynamics needed for adjusting the network parameters.
A number of previous works suggested optimizing the parameters of some
form of Hebbian plasticity rule using evolutionary approaches. Others suggested
replacing Hebbian rules with an additional ANN to perform synaptic changes.
However, these approaches may involve a high degree of complexity which may
not be able to deliver insights into the dynamics of the learning process with
plasticity property. Furthermore, some of the existing works evolve the initial
synaptic weights and/or the connectivity of the networks in addition to the
plasticity rule. However, evolving the initial synaptic weights of the networks
increases the number of parameters to evolve and, in principle, can be decoupled from the evolution of plasticity rules (except for tasks where there is a need
to adapt to changing conditions); on the other hand, evolving the connectivity
of the networks may overfit the networks to a certain task, making it difficult to
exhibit adaptive behavior.
In this thesis, we investigate direct and indirect aspects of neuroevolution.
In the case of direct encoding, we propose limited evaluation and cooperative
co-evolution schemes to help scale evolutionary approaches to optimize ANNs
with large number of parameters. In the case of indirect neuroevolution, we
propose an evolutionary approach to producing plasticity property in ANNs to
facilitate learning during the lifetime of the networks. We employ genetic algorithms to evolve discrete learning rules that are capable of performing synaptic
changes locally based on the pairwise binary activation states of neurons. Our
evolved plasticity rules make it easy to understand how the synaptic changes
are performed depending on the all possible pairwise binary activation states of
the neurons.
We study plasticity in three kinds of learning processes. First, the reinforcement signals are available after every action of the networks. Second, the reinforcement signals are received after a certain period of time and finally, in the
case where the reinforcement signals are not available. We test evolved plasticity rules on foraging and maze tasks, and show that they are capable of training
networks for these tasks.
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Chapter 1
Introduction
Biological systems and organisms are main sources of inspiration in approaches
to producing/mimicking intelligence in artificial systems [19]. Among these approaches, artificial neural networks (ANNs) are computational models inspired
by the information processing behavior of biological neural networks (BNNs).
Conventionally, ANNs consist of a number of artificial neurons organized
within a certain connectivity pattern that processes information through neuron
activations and map the inputs to desired outputs [34]. The goal is to find optimum parameter settings of an ANN (topology, connectivity and their weights)
that can map maximum number of inputs to desired outputs correctly without
overfitting [34]. To achieve that, mathematical optimization approaches (i.e.
stochastic gradient descent) are used to adjust the connection weights during
the training phase. Consecutively, the optimized model is used without making
any changes in its configuration (unless some form of change detection algorithm is used, and the model is retrained). Although, conventional training and
optimization approaches are successfully applied in many domains, they are
often regarded as biologically implausible [51].

1.1

Evolution of Artificial Neural Networks

We can discuss three levels of organization observed in nature. These levels are
referred as the evolutionary (phylogenetic), developmental (ontogenetic) and
lifetime (epigenetic) [90] as depicted in Figure 1.1. The evolutionary level is
concerned with the evolutionary process of species which operates over gen-
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erations and allows organisms to adapt their environment through variation
and selection. The behaviors produced through the developmental and lifetime
learning processes contribute to the fitness of the agent and provides feedback
to the selection mechanism. The developmental level refers to the developmental process of a multi-cellular organism starting from a single cell. The
environmental factors can have an influence in the developmental process of
the individuals, however, the process is mainly instructed by the genetic code.
Finally, the lifetime level refers to the changes that occur during an individuals lifetime, usually in response to the behaviors of the individuals, and allows
them to adapt/learn.
Theory of Mind
Population of Individuals

Use of Tools
Genetic Code
Ontogenetic
(Developmental)

Communication
Phylogenetic
(Generations)

Epigenetic
(Lifetime)

...

Figure 1.1: Levels of organization in nature.

Inspired by the evolutionary process of BNNs, the field of research known as
Neuroevolution employs Evolutionary Computing (EC) to optimize ANNs [26,
96, 119]. The approaches used in neuroevolution can roughly be grouped into
two groups that are referred as: direct and indirect encoding [26]. In direct neuroevolution, the parameters of ANNs (topology, connectivity and their weights)
are directly represented into the genotype of the individuals [117]. In indirect
encoding on the other hand, some form of rules and/or learning algorithms
are encoded into the genotype to develop/optimize ANNs during their lifetime [48, 114, 116]. It is not a straightforward task to optimize the parameters

1.2 Problem Formulation
of the networks directly by using direct encoding, because the number of possible configuration of networks increases exponentially depending on the number
of neurons making the optimization task difficult to scale. This drawback may
be overcome by indirect encoding approaches, since the number of parameters
optimized is usually considerably less then the actual parameters of the ANN
models.
Biological evidence indicates that the configuration of BNNs are not directly
specified by the genotype of the individuals [48]. Rather, due to their property
referred as “plasticity property”, they are learnt during their lifetime by changing their configuration in response to their interactions within the environment.
According to the current physiological understanding, the plasticity property
arises due to the synaptic modifications performed locally in individual synapses
(connections) [25,102]. Moreover, the reinforcement signals received based on
these interactions appear to modulate the learning process. These modifications
cause increase/decrease in the efficiency of neurons activating one another to
converge on a global network behavior. Hebb [35] proposed a learning mechanism known as Hebbian learning/rule to model the plasticity property in ANNs.
According to this rule, a synaptic efficiency between two neurons is strengthen
based on the correlations of their activations.

1.2

Problem Formulation

Evolutionary computing plays an important role in optimizing ANNs in the cases
of direct and indirect encoding. The behavior of the EC algorithms is controlled
by its parameters (i.e. types of evolutionary operators and their parameters) to
balance the trade-off between exploration and exploitation during an evolutionary search process. Therefore, it is crucial to find the parameter settings that
can perform an evolutionary search process as efficient as possible.
There are two bottlenecks that make it difficult to scale evolutionary approaches for optimizing ANNs [117] using direct neuroevolution. These bottlenecks are: the dimensionality of the problem because classic evolutionary
algorithms tend not to scale well for searching large parameter spaces; and the
evaluation phase which is time-consuming because it takes long time to evaluate large number of samples to assign the fitness values. Therefore, it is required
to develop approaches for these two bottlenecks to scale direct neuroevolution
to optimize ANNs with large number of parameters.
The plasticity property allows networks to learn during their lifetime. When
plasticity is performed based on local interactions of the neurons, it is likely
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to lead to a distributed and self-organized form of learning. Hebbian learning is a promising approach to produce plasticity property in ANNs. However,
it is likely to suffer instability since it’s basic formalism can introduces indefinite synaptic increase [103]. Therefore, it is crucial to find/optimize plasticity
rules and/or higher order regularization mechanisms to provide stable and autonomous learning in ANNs [116].
Reinforcement signals play a crucial role in a Hebbian learning process because they provide feedbacks to make it more/less likely to produce behaviors
that lead to rewards/punishments. However, if the reinforcement signals are
available only after a certain period of time (episode), based on a sequence
of action steps, it becomes challenging to associate the neuron activations to
the reinforcement signals. This problem is known as “distal reward problem”
which makes it impossible to perform changes in the configuration of ANNs
straightforwardly [43, 94, 114]. Therefore, to perform synaptic changes based
on delayed reinforcement signals after a certain period of time, it is required
to associate the activations of the neurons during this period with the delayed
reinforcement signals.
In some learning tasks, the reinforcement function can be extremely sparse,
providing only a binary reward/punishment signal when a correct/incorrect behavior is performed. In this case, there would be no way of distinguishing between two unsuccessful behaviors to guide the search process due to the binary
reinforcement signal that distinguishes only a successful/unsuccessful behavior.
This makes it impossible to search the possible behavior space. We refer to this
problem as the “needle in a haystack” problem where needle refers to the behavior that can solve the task, haystack is the search space and there is no fitness
value available unless the behavior that solves the task is found [36].

1.3

Research Questions and Research Approach

We address the challenges outlined in Section 1.2 with the research questions
and approaches provided below. The research and the developments of the
methods proposed for these research questions contribute in the understanding
of learning, memory and problem solving capabilities of BNN inspired information processing approaches, which is crucial in mimicking their behavior in
artificial systems. This goal may allow the development of the control/decision
making systems that exhibit autonomous and continual learning capabilities.
Q0: How to find (near-)optimum parameter settings of the EC algorithms to

1.3 Research Questions and Research Approach
perform an efficient evolutionary search?
In order to gain knowledge in the search behavior of evolutionary computing
algorithms, we conduct research in two main approaches to parameter setting
problem in EC to contribute to Q0 [33, 110–112]. First, we aim to make use of
the existing knowledge in parameter setting problem in the literature. There is
a great deal of theoretically and empirically established knowledge in the literature that suggests optimum parameter settings for certain types of problems.
We propose to make use of this knowledge by collecting it from the literature
and formalizing it to be used in algorithms for solving problems [110]. Second, if there is no prior knowledge for setting the parameters of the algorithm,
it is required to set the parameters either arbitrarily, or tuning them before
or during an evolutionary process. Since different problems may require different optimum parameter settings, which may also change during an evolutionary process, we propose a self-adaptive parameter control strategy to adapt
the algorithm parameters during an evolutionary run [112]. We propose a coevolutionary approach inspired by artificial immune system algorithms to coevolve the solutions and algorithm parameters in two populations. We discuss a
summary of these works in Chapter 2 and provide the results of the self-adaptive
parameter control approach in Appendix A.
Q1: How to address two bottlenecks in direct neuroevolution to help scale evolutionary approaches to optimize ANNs with large number of parameters?
To address the two bottlenecks in direct neuroevolution, we propose using
the limited evaluation (LE) and cooperative co-evolution (CC) schemes. The LE
scheme aims to perform evaluations on smaller number of samples to reduce
the computing time during the evaluation process, and the CC scheme aims to
split the parameters of a large-scale optimization and evolve them separately
in subpopulations. These two approaches are used to evolve the connection
weights of large feedforward ANNs using direct encoding [117]. We present
the results of our approach in Chapter 3.
Q2: How to define local learning rules to introduce plasticity property in ANNs,
and find/optimize the rules that can achieve global autonomous learning
behavior?
We propose performing synaptic changes in each synapse based only on the
local activation of pre- and post-synaptic neurons (antecedent and subsequent
neurons in respect to a synapse) in an ANN and a reinforcement signal that is
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received after every action [116]. In order to limit the possible combination of
neuron activations, we use a binary activation function to allow the neuron activations to be either one or zero. Using this approach, we are able to represent
the activation states of two neurons using two bits which can provide one of
four possible activation states. Similarly, we binarize the reinforcement signals
to limit the possible number of external feedback deceived from the environment and use −1/+1 to indicate whether an ANN performed desired/undesired
action. One additional bit is included into the representation to indicate the
state of the reinforcement signal. Thus, we designed the synaptic plasticity
rules to provide a synaptic update decision for each one of these eight possible
states. We use three possible synaptic update decision as: −1/0/+1 to indicate
decrease/stable/increase in the synaptic weights for each of these eight possible states. Consequently, we arrive at 38 possible distinct synaptic update rules
in total. In addition, we include a continuous value to the synaptic rules to
indicate the learning rate which adjusts the magnitude of the synaptic change.
We employ genetic algorithms to find the synaptic plasticity rules that can
perform learning in feedforward ANNs on a foraging task. We encode the synaptic update rules using a nine dimensional strings (one for the learning rate and
eight for all the possible states of the binary activations of pre- and post-synaptic
neurons and a binary reinforcement signal) that is used as the genotype of the
individuals. We introduce seasonal changes in the foraging task to assess the
adaptation capabilities of the ANNs trained by the evolved synaptic plasticity
rules. We provide the results of our approach in Chapter 4.
Q3: How to associate the neuron activations in an ANN with the delayed reinforcements to allow learning in the distal reward cases?
We propose keeping track of the pairwise activations of all pre- and postsyanptic neurons within an ANN to associate a delayed signal with the neuron
activations [114]. We introduce a data structure we refer as the neuron activation traces (NATs) in each synaptic connection to record the frequency of four
possible activation states of neurons. At the end of a process (when a delayed
reinforcement is received), we binarize the NATs using a threshold to reduce
their number of possible states. We replace the synaptic update rule representation with the NATs to perform synaptic updates based on this data structure.
Thus, the delay synaptic changes are performed based on the binary states of
the NAT states and a binary reinforcement signal adding up to 25 = 32 possible synaptic state that can result one of three possible synaptic updates as decrease/stable/increase. Consequently, there are a total of 332 possible synaptic
update rules.

1.4 Main Contributions and Thesis Outline
We extend the genotype representation of the genetic algorithm to encode
the delayed synaptic plasticity rules, and use genetic algorithms to find the rule
to allow learning in maze navigation task. We include four continuous parameters into the genotype for the learning rate, threshold for binarizing the NATs,
and two parameters for the networks. We use recurrent neural networks (RNNs)
to control the agents. The results of our approach are given in Chapter 5.
Q4: How to introduce learning in the cases of needle in a haystack problem
where there is no reinforcement signals to guide the learning process?
Since there is no reinforcement signal in the case of the needle in a haystack
problem, we propose novelty producing synaptic plasticity (NPSP) where the
plasticity rules are optimized to generate as many novel behavior as possible for
a certain number of episodes to find the behavior that can solve the task [113].
The NATs are used to provide information about the neuron activations to make
the synaptic changes that can lead to a novel behavior. We use genetic algorithms to find NPSP rules with a representation similar to the representation
used for finding delayed synaptic plasticity rules, except the binary reinforcement signal was not included into the genotype. Thus, in the NPSP, there
are in total of 24 = 16 possible states of the NATs and each can take one of
three synaptic update decisions as −1/0/+1 (decrease/stable/increase). Consequently, there are 316 possible NPSP rules. We test the learning capabilities
of the RNNs with NPSP on a complex deceptive maze tasks where the agent is
required to learn a complex sequence of action to achieve the goal state.

1.4

Main Contributions and Thesis Outline

Several works that contribute to parameter setting problem in evolutionary
computing are summarized in Chapter 2. First, there are a large collection of
works that study optimal parameter settings for types of problems. This knowledge is rarely put into use in algorithms. We propose to collect this knowledge
and make it available for reuse in similar problems [110]. Second, we propose
a self-adaptive approach to tune algorithm parameters during an evolutionary
process [112]. Most of the self-adaptive parameter control approaches in the literature aim to adapt algorithm parameters by including them into the genotype
of the individuals. In our approach, we propose a co-evolutionary approach
where an ensemble of search strategies co-evolve with the candidate solutions.
We contribute to the field of neuroevolution with direct encoding to scale
evolutionary optimization approaches to optimize ANNs with large number
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of parameters [117]. Some works used CC scheme in neuroevolution. For
instance, the Symbiotic Adaptive Neuroevolution (SANE) aims to evolve two
populations, one for neurons and another for the network “blueprints”. The
blueprints are used to specify which neurons to use to construct an ANN [64].
The Enforced SubPopulations (ESP) evolves all incoming and outgoing weights
of each neuron in a subpopulation [31], and Cooperative Synapse Neuroevolution (CoSyNE) initiates a subpopulation for each connection [30]. With respect
to these works, we considers the post-synaptic neurons as the building blocks
of an ANN, thus, evolve all incoming (pre-synaptic) weights of each neuron by
representing them in a separate subpopulation. Moreover, we employ a limited
evaluation scheme to reduce the time during the fitness evaluation phase. Our
results show that the LE scheme, while reducing the time required for the fitness
evaluation, used with the CC achieves better accuracy results than a standard
differential evolution algorithm for optimizing the parameters of ANNs. These
results are presented in Chapter 3.
Some of the previous work suggested optimizing the parameters of a form of
Hebbian based plasticity rule that is defined as an equation to specify synaptic
updates based on the activations of pre- and post-synaptic neurons [27, 69, 91].
Others, suggested using separate ANNs to perform synaptic updates [72, 81].
In contrast, we propose to evolve simple discrete rules that perform synaptic
updates based on the pairwise binary activation states of pre- and post-synaptic
neurons. In addition, we introduce synaptic competition in pre-synaptic connections promote self-organization [116]. Moreover, some of the previous works
evolve the initial synaptic weights and/or the connectivity of the networks with
the the plasticity rule. In our case, we only evolve plasticity rules and assess
their capability of training randomly initialized ANNs. Furthermore, we introduce environmental changes that the ANNs encounter during their lifetime and
assess their adaptation capabilities. Our results, provided in Chapter 4, show
that the evolved plasticity rules are capable at adapting ANNs effectively under
changing environmental conditions.
In the context of time dependent plasticity, eligibility traces are proposed to
keep track of neuron activations in the case of distal reward problem to associate
delayed reinforcement signals [28,43,94]. In Chapter 5, we extend the discrete
synaptic plasticity rules proposed in Chapter 4, and introduce the neuron activation traces to keep track of pairwise binary neuron activations over a certain
period of time to associate delayed reinforcement signals in discrete time recurrent neural networks [114]. In addition, we introduce a novel way of providing
the reinforcement signals by using positive or negative reinforcement signals
that are provided based on the performance of the agent relative to the previ-

1.4 Main Contributions and Thesis Outline
ous episode. We test our evolved synaptic plasticity rules on a maze navigation
task and show that the results of the RNNs, trained using the evolved delayed
synaptic plasticity, achieve better results in a smaller number of episodes then
when they are trained using the Hill Climbing algorithm.
In Chapter 6, we introduce a novel approach we refer as the novelty producing plasticity to allow learning in tasks where there is no reinforcement signals
to guide the learning process. We refer to this problem as the “needle in a
haystack” problem. To best of our knowledge, the NPSP is the first attempt
to perform synaptic updates to produce novel behaviors based on the neuron
activations. Our results show that the number of novel behavior produced by
the NPSP rules is greater than the number of novel behavior produced by the
random search and random walk algorithms.
Finally in Chapter 7, we discuss conclusions, limitations and future work.
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Chapter 2
Background
In this chapter1 , we provide a brief introduction to some of the topics that
reappear throughout this thesis. These topics include evolutionary computing,
artificial neural networks, and neuroevolution.

2.1

Evolutionary Computing

Evolutionary computing is an umbrella term for a collection of meta-heuristic
search algorithms inspired by the evolutionary process in nature [13, 24, 29]. A
pseudocode of an evolutionary algorithm (EA) is shown in Algorithm 1.
1 This chapter is partially based on:
[112] Anil Yaman, Giovanni Iacca, Matt Coler, George Fletcher, and Mykola Pechenizkiy. Multistrategy differential evolution. In Kevin Sim and Paul Kaufmann, editors, Applications of Evolutionary Computation, pages 617–633, Cham, 2018. Springer International Publishing
[110] Anil Yaman, Ahmed Hallawa, Matt Coler, and Giovanni Iacca. Presenting the eco: Evolutionary computation ontology. In Giovanni Squillero and Kevin Sim, editors, Applications of Evolutionary
Computation, pages 603–619, Cham, 2017. Springer International Publishing
[111] Anil Yaman, Giovanni Iacca, and Fabio Caraffini. A comparison of three differential evolution
strategies in terms of early convergence with different population sizes. In LeGO 2018 - International Workshop on Global Optimization, 18-21 September, Leiden, The Netherlands, 2018
[11] Onur Çaylak, Anil Yaman, and Björn Baumeier. Evolutionary approach to constructing a deep
feedforward neural network for prediction of electronic coupling elements in molecular materials.
Journal of Chemical Theory and Computation, 15(3):1777–1784, 2019. PMID: 30753071
[33] Ahmed Hallawa, Anil Yaman, Giovanni Iacca, and Gerd Ascheid. A framework for knowledge
integrated evolutionary algorithms. In Giovanni Squillero and Kevin Sim, editors, Applications of
Evolutionary Computation, pages 653–669, Cham, 2017. Springer International Publishing
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Algorithm 1 A pseudocode of an Evolutionary Algorithm
1: procedure EvolutionaryAlgorithm(n, p c , p m )
2:
X ← initialize(n )
. randomly initialize n number of individuals each
encoding a candidate solution to a problem
3:
F ← evaluate(X)
. f i ∈ F for each x i ∈ X
4:
while termination criterion is not satisfied do
5:
X 0 ← select(X , F )
6:
X 00 ← crossover(X 0 , p c )
7:
X ← mutate(X 00 , p m )
8:
F ← evaluate(X)
9:
end while
10: end procedure

EAs operate on a population of individuals that encode solutions to a problem. Taking the terminology from biology, the representation scheme of the
individuals is called as the genotype, an individual solution is referred as genetic
string (a.k.a. chromosome), and each component (dimension) within a genetic
string is called a gene.
In EAs, a population of individuals are initialized randomly. Each individual
is evaluated to assign a fitness value to measure how well they solve the problem. The main part of the algorithm performs selection and reproduction with
variation that aims iteratively to improve the fitness values of the solutions.
The selection operator functions as a sort of a filter by selecting the individuals with better fitness values to construct next generation of individuals. One
of the most commonly used selection operator, known as roulette wheel selection, selects individuals with a probability proportional to their fitness values.
The stochasticity of the selection process may occasionally cause the best individuals to disappear from the population. Therefore, elitist selection scheme is
introduced to transfer top k best ranked individuals directly to the next generation during the selection procedure.
Biologically inspired evolutionary operators (i.e. crossover and mutation) are
used to construct the next generation from existing solutions with variation. The
algorithm is run for a certain number of iterations or until a satisfactory solution
is found. It is also possible to define a stopping criterion to check whether there
is a fitness improvement made for a certain of generations.
There are different types of evolutionary algorithms. Each type has its
own representation scheme and evolutionary operators. Genetic Algorithms
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(GA) [38] represent individuals as binary strings and use crossover and mutation operators. In Genetic Programming (GP) [49], candidate solutions are
represented by tree-structured programs; and crossover and mutation operators are used. Evolution Strategies (ES) [80, 86] use real-valued representations and mainly the mutation operator. Differential Evolution (DE) [99] is a
continuous optimization algorithm that uses real-valued representation and employs crossover and mutation operators. In Sections 2.1.1 and 2.1.2, we discuss
genetic and differential evolution algorithms respectively.
Parameter Setting in EAs
As it is the case for all search algorithms, the selection of the parameters in
EAs (i.e. population size, type of selection operator, type of crossover operator
and its probability, mutation probability) play an important role in the search
process [23, 45, 50]. Eiben et al. categorized the parameters setting problem
into two main categories, parameter tuning and parameter control [23]:
1. Parameter tuning aims to find the appropriate parameter settings offline,
before an evolutionary run. The parameter tuning process can be performed by trial and error, from studies in the literature [20, 110], or by
using settings of similar problems [33].
2. Parameter control on the other hand, aims to adjust the parameter settings during an evolutionary process because the goodness of a parameter
setting varies depending on the state of the search [15]. Deterministic,
adaptive and self-adaptive methods have been proposed for the parameter
control task [23].
Parameter setting in EAs is one of the main research topics that provides a
fundamental knowledge in performing an efficient search. We contribute to this
topic with a number of works outlined below:
1. In literature, there is a large collection of works that theoretically and empirically study optimum parameter settings for certain types of problems.
We aim to collect and formalize this knowledge to establish a link between
algorithm settings and problem types [110].
2. We propose a framework that aims to extract features of the problem type
based on the distribution of the population during an evolutionary search
to associate these features with empirically established optimum parameters settings [33].
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3. We compare three different strategies and various population sizes in differential evolution algorithm to analyse their behavior [111].
4. We propose a self-adaptive parameter control approach where we initialize strategies and their parameters in a separate population and co-evolve
with the solutions [112]. The details of this work can be found in Appendix A.

2.1.1

Genetic Algorithms

Genetic Algorithms are a popular branch of EAs usually applied to discrete optimization problems. In a standard genetic algorithm [29, 38], candidate solutions are represented as fixed length binary strings.
The crossover operator in GAs generates two offspring from two parents by
exchanging sets of genes. There are various crossover operators suggested in the
literature [24]. Figure 2.1 illustrates one of the well-known crossover operator,
one-point crossover, which exchanges the sets of genes of two parents starting
from a randomly selected crossover point r .

Crossover point (r = 6)
Parent1
1

0

Parent2
0

1

1

0

1

0

0

1

0

1

0

1

0

1

1

0

0

1

0

CROSSOVER

Offspring1
1

0

Offspring2
0

1

1

1

0

1

0

1

0

Figure 2.1: One-point crossover operator in genetic algorithms.

The mutation operator, illustrated in Figure 2.2, is used for exploration
where genes in an offspring chromosome is flipped with a small probability.
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Bits to be mutated

Offspring1
1

0

0

1

1

1

0

1

0

0

MUTATION

Offspring1 (mutated)
1

0

1

1

1

1

Figure 2.2: Mutation operator in genetic algorithms.

2.1.2

Differential Evolution

The DE algorithm is a population-based search algorithm proposed for continuous optimization [99]. A candidate solution set {x 1 , x 2 , . . . , x N P } with a population size of N P is represented as D -dimensional real-valued vectors x i ∈ RD , i =
1, 2, . . . , N P . In the initialization phase of the algorithm, the candidate solutions are randomly sampled within the domain boundaries of each dimension
j = 1, 2, . . . , D .
The algorithm employs a strategy composed of a mutation, crossover, and
selection operators with their specified parameters. For each generation g , a
g
candidate solution x i , called target vector, is selected ∀i ∈ {1, 2, . . . , N P }. The mutation, crossover and selection operators are then applied to generate a trial vecg
tor u i , and replace the target vector. The mutation operator generates a mutant
g
g
vector v i by perturbing the target vector x i using the scaled differences of several distinct individuals selected randomly from the population. The crossover
g
operator generates a trial vector u i by performing recombination between the
target vector and the mutant vector. The selection operator replaces the target
g
g
g
vector x i in the population with the trial vector u i if the fitness value of u i is
g
better than or equal to x i . This process is iteratively executed until a stopping
criteria is met.
The mutation operator is controlled by the parameter scale factor (F ) that is
used to adjust the magnitude of the perturbation. There are various mutation
operators suggested in the literature [17,68]. Four types of mutation strategies,
referred as “DE/rand/1", “DE/rand/2", “DE/rand-to-best/2", and “DE/current-
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to-rand/1" are provided in Equations (2.1), (2.2), (2.3), and (2.4), respectively,
see [77].
g

g

g

g

g

g

g

g

g

g

g

g

g

g

(2.1)

v i = x r 1 + F · (x r 2 − x r 3 )
g

g

(2.2)

v i = x r 1 + F · (x r 2 − x r 3 ) + F · (x r 4 − x r 5 )
g

g

g

g

g

v i = x i + F · (x best − x i ) + F · (x r 1 − x r 2 ) + F · (x r 3 − x r 4 )
g

g

g

v i = x i + K · (x r 1 − x i ) + F · (x r 2 − x r 3 )

(2.3)
(2.4)

where r 1 , r 2 , r 3 , r 4 , and r 5 are mutually exclusive integers different from i , and
selected randomly from the range [1, N P ]; the parameter K is a random number
g
g
uniformly sampled in (0, 1]; x i is the target vector; x best is the best individual at
generation g in terms of fitness.
The crossover operator is used to recombine the target vector and the mug
tant vector with a certain rate, C R , to generate a trial vector u i . The binomial
(uniform) crossover operator is given in (2.5). There are several more existing
crossover operators such as the exponential crossover [75].
(
g
ui , j

=

g

vi , j ,
g
xi , j ,

if r and ([0, 1)) ≤ C R or j = r and i ([1, D]);
otherwise.

(2.5)

where j is an integer within the range [1, D), functions r and () and r and i ()
return a real and an integer value uniformly sampled from a defined range,
g
respectively. The notation x i , j refers to the j th dimension of i th vector in the
population at generation g .
If the value of the trial vector along the j th dimension exceeds the boundn
and x max
, it is randomly and uniformly sampled within
aries defined as x mi
j
j
the domain boundary range [77], using a toroidal boundary condition [40].
The selection operator determines whether or not the trial vector is kept for
the next generation g + 1. If the fitness value of the trial vector is better than or
equal to the target vector, then the target vector is replaced by the trial vector
as it is shown in Equation (2.6), which assumes a minimization problem:
(g +1)

xi

½
=

g

ui ,
g
xi ,

g

g

if f (u i ) < f (x i );
otherwise.

(2.6)
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The selection phase can be performed synchronously or asynchronously. In
synchronous selection, the selected trial vectors are stored in a temporary set,
and replaced with target vectors after the selection process of all individuals is
complete. In asynchronous selection, a selected trial vector is replaced directly
with the target vector without waiting the selection procedure for all individuals. Asynchronous selection makes it possible to use a newly generated trial
vector in the trial vector generation process of all the remaining target vectors
within the same generation.
The settings of the parameters in DE plays an influential role in the behavior of the algorithm for balancing the trade-off between the exploration and
exploitation [16, 68]. Neri and Tirronen surveyed the existing works in the literature and performed an empirical analysis of the strategies and parameters
in DE; more recently, Das et al. reviewed the works in the literature on the
self-adaptive parameter control in DE [17].

2.2

Artificial Neural Networks

Artificial neural networks (ANNs) are biologically inspired computational models successfully applied to many machine learning problems [19]. They consist
of a number of artificial neurons typically arranged as layers with specific connectivity referred as topology. Among the ANNs, feed forward neural networks
(FFNNs) arranged in certain number of consecutive layers of neurons where
each neuron in each layer is directionally connected to all neurons within the
next layer. The connections between neurons referred as synapses, and the neuron with incoming connection is called post-synaptic, and the neuron with an
outgoing connection is called pre-synaptic neuron in respect to the synapse.
The activation of a neuron is computed as using the equation given in Equation (2.7).
Ã
ai = ψ

!
X

wi , j · a j

(2.7)

j =0

where ai and a j are the post- and pre-synaptic neurons, w i , j is the connection weight from the pre- to post-synaptic neurons, a0 is the bias of the postsynaptic neuron (usually kept constant as 1). Two example activation functions
ψ known as hyperbolic tangent sigmoid and binary activation functions are provided in (2.8) and (2.9) respectively.
ψ(x) =

2
−1
1 + e −2x

(2.8)
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ψ(x) =

½

1,
0,

if x > 0;
Otherwise.

(2.9)

A more general model of ANNs, known as Recurrent Neural Networks (RNNs),
include recurrent and feedback connections. The recurrent connections in the
RNNs introduce the activations of the neurons from previous time step. Therefore, they exhibit memory capabilities. In a matrix form, the activations of the
hidden and output layers Ah (t + 1) and Ao (t + 1) are updated at time step t + 1
as:
³

Ah (t + 1) =ψ Whi · Ai (t + 1) + αh · Wh · Ah (t ) + αo · Who · Ao (t )

³

Ao (t + 1) = ψ Woh · Ah (t + 1)

´

´

(2.10)

(2.11)

where:
1) Whi and Woh are feed-forward connections between input-hidden and hiddenoutput layers, Wh is the recurrent connection of the hidden layer, and Who is
the feedback connection from the output layer to hidden layer. The recurrent
and feedback connections provide inputs of the activations of the hidden and
output neurons from the previous time step.
2) αh and αo are coefficient used to scale the recurrent and feedback inputs
from the hidden and output layers respectively.
The ANNs are trained on a training dataset to minimize the error between
the target (actual labels of the input data) and predicted outputs. During the
training process of the ANNs, the connection weights between neurons (a.k.a.
model parameters) are adjusted to minimize the difference between the target
and prediction values.
One of the conventional ways of training the ANNs is the backpropagation
(BP) algorithm with stochastic gradient descend (SGD) [52]. However, the
number of layers and the number of neurons per each layer should be defined
before the training. These parameters are referred as hyper-parameters of the
ANNs models, and play important role in the performance of the networks.
Although there are some “rule of thumb” guidelines established based mainly
on empirical studies, the selection of a proper set of hyper-parameter settings
may require lots of expert knowledge and/or design process that may involve
trial-and-error.

2.3 Neuroevolution
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Neuroevolution

Inspired by the evolutionary process of biological systems, the research field
known as Neuroevolution (NE) employs evolutionary computing approaches to
optimize ANNs [26, 96, 119]. The main goal of this research is to propose algorithms that can produce artificial neural networks that can provide solutions for
certain tasks. Frequently used network training algorithms such as: backpropagation [52, 82], requires an error function that is differentiable. Evolutionary
algorithms on the other hand, do not require gradient information and there
is no need for the error function to be differentiable [119]. Moreover, it is
also possible to optimize the topology of the networks during an evolutionary
process.

Encoding

Developmental
and/or
Lifetime
Genotype

Phenotype

Evaluation

Selection (minimize)

hh

Satisfactory
solution
found?

Fitness Landscape

Terminate

Reproduce with
Variation

No

Yes
Fitness Landscape

Fitness Landscape

Figure 2.3: Neuroevolution: artificial evolution of artificial neural networks.

The evolutionary process of ANNs using Neuroevolution is depicted in Figure Figure 2.3. Adopting the terminology from biology, a population of individuals are represented as individual genotypes consisting of a finite number of
genes to encode the parameters (i.e. topology, weights and/or the learning approaches) of the ANNs. In other words, individual genotypes can be considered
as blueprints to construct different ANNs (i.e., corresponding phenotypes). Each
individual is evaluated on a task, and is assigned a fitness value that measures
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its performance. A selection operator is then used to select better individual
—based on their fitness values— that will reproduce (i.e. generate new genotypes) by means of biologically inspired crossover and mutation. These allow a
partially inheritance of genetic material, from parents to offspring, while also
introducing variation [29]. By iterating this cycle over a certain number of generations, it is expected to find individuals that are better adapted to the task at
hand.
One of the key aspects in NE is the approach used for encoding the ANNs.
This, in turn, influences the so-called genotypes-phenotype mapping, i.e. the
way a given genotype is used to build a certain phenotype [104]. Broadly speaking, there are two main kinds of encoding approaches: direct and indirect [26].
In direct encoding, the parameters of the networks (mainly weights and/or
topology) are directly encoded into the genotype of the individuals [62, 117];
whereas, in indirect encoding, some form of specifications for development
and/or training procedures are encoded into the genotype of the individuals [67, 70]. Based on biological evidence, indirect encoding approaches are
biologically more plausible in terms of genotype-phenotype mapping, especially
considering the large number of neurons and connections in BNNs and the relatively small number of genes in the genotype [48, 93]. Moreover, biological
neural networks undergo changes throughout their lifetime without the need to
change the genes involved in the expression of the neural networks.

2.3.1

Direct Encoding

Direct encoding is a representation type of an artificial neural network wherein
the connection weights of the networks are directly specified in the genetic code
of the individuals. One of the first examples of this method used genetic algorithms [5, 10, 106]. In standard genetic algorithms, each connection weight of
an artificial neural network is represented by a bit string. The genetic code of
an ANN is obtained by concatenating bit string representations of all the connection weights. Figure 2.4a illustrates binary encoding of an artificial neural
network. Each connection is encoded by using 3 bits. There are methods that
can be used for encoding real numbers with a given range and precision. However, they require prior knowledge on the range and precision of the real numbers. Moreover, the determination of the precision of binary representations
becomes problematic because if the connection weights are represented using
a few bits then the algorithm would not be able to find optimum weights; and
if the weights are represented using many bits, then the length of the genetic
code will be large that may cause the algorithm to converge slower [119].

2.3 Neuroevolution
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It is possible to use real numbers directly without converting the binary representations (illustrated in Figure 2.4b). In this case, a real-valued vector is
used for each genetic code. However, the classical evolutionary operators of
crossover and mutation, cannot be applied. Montana and Davis [63] used this
approach and designed evolutionary operators that can work with real numbers.
They also compared their results with the backpropagation algorithm and found
that the evolutionay algorthm performs better on the problems they studied.

(a)

(b)

Figure 2.4: An example of a binary and real representation of an artificial neural network using direct encoding in Figures 2.4a and 2.4b respectively. In binary
representation each connection is represented using 3 bits.

Another problem which is referred as competing conventions or the permutation problem. It is a situation where many different genotypes in the population decode the same artificial neural network. For example, if the hidden
nodes of the ANN in Figure 2.4a are flipped, the genetic code will be different,
however, the functionality of the networks would be the same. The result of the
crossover operator of these two networks would have repeated structures and
that would make it inefficient [2, 5, 85].
Angeline et al., (1994) suggested an algorithm to evolve recurrent neural
networks in order to reduce the effect of competing conventions and increase
the continuity of the structural search [2]. They used evolutionary programming with a special structural mutation operator. Their structural mutation
operator allows addition of new nodes or links; and deletion of existing nodes
or links. Since the parameters and the structure of the networks would be optimized to some level, adding a link or deleting a link would radically change
the behavior of the network, causing the fitness of the offspring to be lower
than their parents. In order to prevent these jumps in the search space, they
suggested adding new nodes or links with zero weight, and then leaving optimization to future modifications.
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Neuroevolution of augmenting topologies (NEAT) is an evolutionary method
to co-evolve the topology and the parameters of the networks [98]. This method
was developed in order to reduce the negative impact of competing conventions
by ensuring that the product of the crossover of two parents will be meaningful. To achieve this goal, the algorithm keeps track of the gene markings which
indicate their genetic origins. Each genetic code encodes the connections and
their weights of the network. The length of the genetic codes can be different. Each gene in the genetic code is associated with a binary number which
indicates whether the gene is expressed in the phenotype and; a number which
is referred to as the innovation number. When a new gene appears through
mutation, a global counter is increased by one and assigned to that gene as an
innovation number. Innovation number for genes do not change throughout the
evolutionary process.
It is natural to use evolution strategies since they are designed to optimize
real-valued vectors [42, 84, 107, 122]. These approaches provided results as
good as competitive backpropagation algorithm.
In deep learning [52], the ANN architectures are often engineered for certain
tasks. This process may take lots of trial and error. To find the optimum topology
for the task, evolutionary computing approaches can be used to optimize only
the topology of the networks, and the weight optimization process is performed
by backpropagation algorithm [11, 61, 79].

2.3.2

Indirect Encoding

In indirect encoding the parameters of the networks are not directly specified in
the genotype of the individuals. Instead, there are some form of intermediate
rules to specify how the networks are to be developed or learn during their lifetime [48]. This approach may be more suitable for parametric and topological
search for large scale artificial neural networks since there are less parameters
to be optimized.
One of the earliest examples of indirect encoding was proposed by Kitano
[46] that used a grammatical graph encoding method, based on graph rewriting
rules represented as individuals’ genotypes, to evolve the connectivity matrix of
ANNs.
Koutnik et al. proposed using lossy compression techniques to reduce the
high-dimensional parameters of the networks by transforming their parameters
to the frequency domain, using transformation functions such as the Fourier
Transform and the Discrete Cosine Transform. In this case, the evolutionary
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process is performed on a few significant coefficients on the frequency domain
[47].
Gruau suggested a developmental method that evolves tree-structured programs to specify the instructions to grow ANNs based on cell division and differentiation [32]. Nolfi et al. suggested a developmental encoding approach that
includes phenotypic plasticity property in their ANN growth model [70]. Phenotypic plasticity allows the structure of the artificial neural network to change
over time. The growth model and the plasticity properties are encoded in the
genotype of an agent, where each gene in the genotype, specified the instructions that include the position of the neuron, its threshold expression, axonal
growth angle, sement length and synaptic length.
Other works used Hebbian plasticity/ learning rules to perform synaptic
changes during the lifetime of the networks [14, 67, 93]. Hebbian plasticity
rules performs synaptic changes based on the local interactions of the neurons.
Several authors suggested evolving the type and parameters of Hebbian learning
rules using evolutionary computing. For instance, Floreano and Urzelai evolved
four Hebbian learning rules and their parameters in an unsupervised setting,
where synaptic changes are performed periodically during the networks’ lifetime [27].
Niv et al., [69] evolved the parameters of a Hebbian rule that defines a complex relation between the pre- and post-synaptic neuron activations on a reinforcement learning setting. Others suggested evolving complex machine learning models (i.e. ANNs) to replace Hebbian rules to perform synaptic changes [44,
83].
Orchard and Wang [72] compared evolved plasticity based on a parameterized Hebbian learning rule with evolved synaptic updates based on ANNs.
However, they also included the initial weights of the synapses into the genotype of the individuals.
Risi and Stanley [81] used compositional pattern producing networks (CPPN)
[95] to perform synaptic updates based on the location of the connections.
Tonelli and Mouret [101] investigated the learning capabilities of plastic ANNs
evolved using different encoding schemes.
In summary, neuroevolution is a biologically inspired approach to optimizing
ANNs that does not require gradient information. Direct neuroevolution aims
to optimize networks encoding their parameters directly in the genotype of the
individuals. Since evolutionary approaches perform population based global
search, this approach may suffer from scalability issues while the number of
parameter increases. Indirect approaches to neuroevolution on the other hand,
aims to evolve some sort of rules to specify developmental or lifetime learning
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processes in ANNs which may be helpful in scaling the learning processes to
large networks.

Chapter 3
Limited Evaluation and
Cooperative Co-evolution for
Large-scale Direct
Neuroevolution
Many real-world control and classification tasks involve a large number of features. When ANNs are used for modeling these tasks, the network architectures tend to be large. Neuroevolution is an effective approach for optimizing ANNs [65, 84, 96]; however, there are two bottlenecks that make their
application challenging in case of high-dimensional networks using direct encoding [117]. First, classic evolutionary algorithms tend not to scale well for
searching large parameter spaces; second, the network evaluation over a large
number of training instances is in general time-consuming. The Cooperative
Co-evolution (CC) is an effective approach for optimizing large-scale problems
[74]; and the Limited Evaluation (LE) is an advantageous method for reducing
the number of instances of fitness evaluations [65]. In this chapter1 , we propose
1 This chapter is integrally based on:
[117] Anil Yaman, Decebal Constantin Mocanu, Giovanni Iacca, George Fletcher, and Mykola Pechenizkiy. Limited evaluation cooperative co-evolutionary differential evolution for large-scale neuroevolution. In Proceedings of the Genetic and Evolutionary Computation Conference, GECCO ’18,
pages 569–576, New York, NY, USA, 2018. ACM
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using CC and LE schemes to optimize connection weights of high-dimensional
ANNs. We employ Differential Evolution (DE) algorithm (see Section 2.1.2)
as an optimizer since we use real-valued connection weights in our ANN models [117]. We refer to the proposed algorithm as “Limited Evaluation Coopertive
Co-evolutuonary Differential Evolution (LECCDE)”.
With respect to the previous works, the LECCDE contributes as follows:
1) it considers the post-synaptic neurons as the building blocks of an ANN,
and performs the subcomponent decomposition of the CC scheme by assigning the pre-synaptic weights of each post-synaptic neuron into a subpopulation;
2) it demonstrates the effectiveness of the CC in optimizing large-scale ANNs,
and compares with the standard Differential Evolution (DE) optimization; 3)
it shows that the LE scheme enhanced with the CC achieves better accuracy
results than standard DE for evolving large networks, while reducing the time
required for the fitness evaluation.
Four datasets (including extended results on the MNIST) were chosen to
evaluate the performance of the proposed algorithm on supervised learning
tasks. We used a fully connected feed forward ANNs with one hidden layer, with
a total number of parameters in the order of thousands. We refer to these ANNs
as “large-scale" in the sense of NE with direct encoding, and to distinguish them
from the specialized networks used in Deep Learning (DL) approaches [52].
The rest of this chapter is organized as follows: in Section 3.1, we provide
the background knowledge specifically on the topics of CC and LE; in Section
3.2, we discuss the proposed algorithm in detail; in Section 3.3, we present
the experimental setup; in Section 3.4, we provide the numerical results; and
finally, in Section 3.5, we discuss the conclusions.

3.1

Background

The proposed method uses cooperative co-evolution and limited evaluation
schemes. Following two subsections provide background knowledge on these
two schemes.

3.1.1

Cooperative Co-evolution

While the dimensionality of a problem increases, the performance of the evolutionary algorithms tend to decrease [57, 58]. The CC schemes were proposed
for scaling evolutionary algorithms to higher dimensions using a divide-andconquer strategy. In the CC, the subcomponents of a large-scale problem is

3.1 Background
decomposed and assigned to a number of subpopulations, that are evolved separately [74]. Cooperation in co-evolution arises during the fitness evaluation,
where the subcomponents are merged together to assign a global fitness score
to a candidate solution.
The three aspects that play a key role in CC are problem decomposition, subcomponent evolution, and subcomponent co-adaptation [118]. The maximum
number of subpopulations can be generated by splitting a D -dimensional problem into D subgroups, assigning each subcomponent (dimension) to one subpopulation. Alternatively, the number of subcomponents in each subpopulation
can be chosen arbitrarily to make the evolutionary optimization process manageable by reducing the dimensionality per subgroup. However, an arbitrary
assignment of subcomponents may not be effective for solving non-separable
problems. Ideally, the problem should be decomposed in a way that the interdependency between the subcomponents in different subpopulations should be
minimized.
The existing knowledge about the problem domain can be beneficial in the
problem decomposition process. If the interdependencies of the subcomponents
are known, the problem can be decomposed based on this knowledge. This also
relates to the separability property of the problem. If the problem is separable,
then the problem can be decomposed into its separable subcomponents. If there
is no/uncertain knowledge of the problem domain, then automated methods
can be used to identify the interactions of the subcomponents [71, 100].
The subcomponent evolution can be performed by using various kinds of
evolutionary algorithms [58, 89].
Some of the works incorporate the CC scheme within Neuroevolution. The
Symbiotic Adaptive Neuroevolution (SANE) evolves two separate populations,
one for neurons and another for the network “blueprints". The evolved network
blueprints are used to determine which combinations of the neurons to use from
the neuron population to generate a network [64]. The Enforced SubPopulations (ESP) initiates a subpopulation for each neuron, and the genotype of these
neurons encode the weights for incoming, outgoing and bias connections [31];
Cooperative Synapse Neuroevolution (CoSyNE) initiates a subpopulation for
each connection [30].

3.1.2

Limited Evaluation

Most complex machine learning tasks require a large number of instances to
train ANNs. The evaluation process in Neuroevolution consumes a lot of time
because it requires evaluating the ANNs on all of these instances. The LE is
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an evaluation scheme that proposes to split the training instances into batches
(small subset of training instances) to speed up the evaluation process. Since
the evaluation is performed on batches, it is required to keep track of the individuals that performed well on the evaluations on previous batches. Thus, the
LE scheme aims to adjust the fitness of the offspring by taking into account the
success of its parents by fitness inheritance. The asexual and sexual reproduction
rules are provided in Equations (3.1) and (3.2) respectively [65].

f 0 = f par ent · (1 − d ec a y) + f

f0=

f par ent1 + f par ent2
2

· (1 − d ec a y) + f

(3.1)

(3.2)

where, f 0 is the adjusted fitness of the offspring, f par ent is the parent of its
parent, f is the actual fitness of the offspring on current batch of the training
instances, and d ec a y is a constant value for adjusting the weight of the previous
fitness evaluations. The sexual reproduction method consists of two parents.

3.2

Limited Evaluation Cooperative Co-evolutionary
Differential Evolution

The implementation details of the LECCDE algorithm are given in Algorithm 5.
The algorithm is composed of the CC and LE schemes to decompose a largescale continuous optimization task, and speed up the fitness evaluation process.
The CC scheme in LECCDE uses a heuristic to decompose the parameters
of a high-dimensional ANN, i.e. the post-synaptic neurons are assumed to be
the building blocks of the ANN, and are decomposed into subpopulations and
evolved separately. Thus, the algorithm initiates SP subpopulations for each
post-synaptic neuron, where each subpopulation consists of N P individuals.
Each individual represents the pre-synaptic connection weights. Figure 3.1 illustrates our decomposition heuristic on an example where the parameters parameters of the network were split into three subpopulations that groups the
parameters of incoming weights of two hidden neurons and one output neuron.

3.2 Limited Evaluation Cooperative Co-evolutionary Differential Evolution
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Figure 3.1: (a) A fully-connected feed-forward ANN with one hidden layer, and (b) the
representation of its genotype.

From the SP subpopulations that contain N P of individuals, there are N P SP
ANNs that can be constructed. To find the average fitness of each individual,
all possible network combinations need to be evaluated. Since this number
is quite large, we randomly sample t r i al × N P times an individual from each
subpopulation, construct a global network, evaluate it, and add the fitness value
of the network to the fitness values of each individual that was part of the
network [30]. At the end of this procedure, the fitness value of each individual
is normalized to find the average fitness value, dividing by the number of time
each individual is selected. The fitness of the individuals that were not selected
during the sampling process set to 0. The individual with the maximum fitness
from each subpopulation is then selected to construct the global ANN solution
X. Finally, the performance of the global solution on the validation instances is
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found by evaluating X on the validation set.
The main loop of the algorithm iterates over all the batches. A batch is a
small subset of the training instances used in the LE scheme [65]. In particular,
Tr ai ni ng Si ze B at chSi ze batches are generated by randomly assigning each
training instance to a batch.
The fitness score of the target vector on the current batch is found by replacing it within its corresponding part in the global solution, and evaluating
the global solution on the current batch. Subsequently, the fitness of the target
vector is adjusted using the asexual reproduction rule (see Section 3.1.2).
The fitness of the trial vector is computed in a similar fashion, by first replacing its corresponding part within the global solution, and then evaluating
the global solution on the current batch. Since the mutant vector is composed
of three randomly selected individuals {xi ,r 1 , xi ,r 2 , xi ,r 3 }, the fitness value of the
mutant vector is computed by taking their average. The fitness value of the trial
vector is found using the sexual reproduction rule (see Section 3.1.2).
The selection operator copies the trial vector and its fitness to a temporary
set if its fitness value is greater than or equal to the fitness value of the target vector; otherwise, the target value and its fitness are copied. After all the
computations are completed for all individuals in the subpopulation, the subpopulation is updated simultaneously by copying back the individuals and their
fitnesses from the temporary sets.
After each subpopulation update, the individual with the highest fitness
value in the subpopulation is copied back to the corresponding part of the global
solution X. The global solution is evaluated on the validation set, and the one
that performed the best is stored and provided as a the final result of the algorithm.

3.3

Experimental Setup

Our experimental setup is designed to focus on the following questions:
1. Do the ANNs that are evolved using the Cooperative Co-evolutionary DE
algorithm with our subpopulation assignment heuristic achieve a better
classification accuracy than the ANNs that are evolved by the standard DE
algorithm?
2. Does the LE scheme applied to DE reduce the runtime of the algorithm,
without decreasing the classification accuracy of the evolved ANNs?

3.3 Experimental Setup
To answer these questions, we compare the results of the ANNs optimized by
four algorithms, DE, LEDE, CCDE, and LECCDE, on three datasets with various
sizes. The details for the implementation of the LECCDE are given in Algorithm
5. The CCDE and LEDE are implemented in a similar way, but, without the batch
loop and the subpopulations, respectively. In standard DE, both batch training
and subpopulations are not used. The LE algorithms require two evaluation per
generation (target and trial vectors are evaluated on the current batch), while
the algorithms without LE require one evaluation per generation. Regardless of
this fact, the algorithms were run for the same number of function evaluations
(FEs) for each dataset. For all experiments, we used “rand/1/bin" (“rand/1"
mutation with binomial crossover) strategy with empirically fixed the parameter settings of F and C R to 0.1 and 0.3, respectively. We used 20 individuals for
the population size, except for one experiment that we performed on a larger
population size consisting of 100 individuals (see below). We set t r i al parameter to 5.
The three datasets used in the test process are listed in Table 3.1. These
datasets were obtained from the Center for Machine Learning and Intelligent
Systems dataset repository [56]. These datasets were chosen based on their
number of features and instances, to show the relative performance of the algorithms in respect to the size of the dataset used. The Wisconsin breast cancer (WBC) dataset consists of 30 features, 2 classes, and 569 instances, the
epileptic seizure recognition (ESR) consists of 178 features, 2 classes, and 4600
instances2 , and the human activity recognition (HAR) dataset consists of 561
features, 6 classes, and 7144 instances [3]. The instances in each dataset were
split into three groups (training, validation, and test) with ratios 70%, 15%, and
15% respectively. The fitness evaluations and selection process were performed
on the train instances. The network that performs the best on the validation set
is provided as the output of the algorithm, and evaluated on the test set. The
fitness evaluation is based on the classification accuracy of the ANNs which is
calculated by the number of correctly classified instances divided by the total
number of instances.
For all datasets, we used fixed-topology fully-connected feed forward ANNs
with one hidden layer to perform the classification task. The number of neurons
within the hidden layer was kept constant at 50 for all ANNs evolved for all
2 The original epileptic seizure recognition dataset [1] consists of 5 classes (first class for the
measurements of the patients who had epileptic seizure and the remaining 4 classes for the measurements of the patients who did not have epileptic seizure), and 11500 instances (2300 for each
class). To reduce the complexity of the task we took only the instances from the first and second
classes with 2300 instances from each, thus considering 4600 instances in total.
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datasets. Based on the architecture of the ANNs and the number of features
in the datasets, the total number of parameters evolved are 1652, 9052, and
28406 for the WBC, ESR, and HAR respectively.
We used a batch size of 100 instances for the WBC, 500 for the ESR, and
500 for the HAR. The decay value is set to 0.2, as suggested by Morse and
Stanley [65]. The maximum number of FEs was set to 50000 for the WBC,
300000 for the ESR, and 500000 for the HAR, based on the number of their
parameters.
Table 3.1: The specifications of the datasets used in the experiments.
Datasets
WBC
ESR
HAR

3.4

Features
30
178
561

Classes
2
2
6

Instances
569
4600
7144

Parameters
1652
9052
28406

Experimental Results

In this section, we present our experimental results. Each algorithm, with the
specified settings, was run for 20 independent runs, and the median and the
variance of train, validation and test accuracy were collected. All the accuracy
results are shown with a precision of two digits.
Table 3.2 shows the results obtained from the WBC dataset. In this case, we
could not observe a significant difference on the results of the ANNs evolved
by the four algorithms. On the test data, the CCDE appears to be performing
better than others. On the other hand, we observe a difference on the runtime
of the algorithm (t = 322 sec, in our computing environment3 ). The algorithms
that employ LE and CC are less computationally expensive and run faster. For
example, the runtime of DE is more than twice as big as that of LECCDE. This
difference is less significant for the other algorithms, due to the size of the
dataset. Even though, all the algorithms are run for 50000 FEs for this dataset,
the algorithms with LE performed evaluation on batches that are four times
smaller than the whole set of training instances. However, since CCDE is run on
the whole dataset, it appears that the CC improved its runtime possibly due to
the computations of reduced-sized vectors within each subpopulation.
3 All algorithms were run, in single-core, on an Intel Xeon E5 3.5GHz computer.
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Table 3.2: The median of the accuracy results of the ANNs evolved using four variants of
DEs on the WBC dataset.
Alg.
DE
LEDE
CCDE
LECCDE

Train
94.74 ± 2.2
95.99 ± 1.2
96.49 ± 1.3
96.24 ± 1.9

Validation
97.65 ± 0.8
98.82 ± 0.6
97.65 ± 0.8
97.65 ± 0.8

Test
95.29 ± 2.2
95.29 ± 2.3
96.47 ± 1.8
95.29 ± 2.8

Runtime
2.12 × t
1.43 × t
1.10 × t
t

Table 3.3 presents the results obtained from the ESR dataset. Based on
the test data, CCDE appears to show better performance than the rest of the
algorithms, while LECCDE follows it very closely. We observe the best running
time with LECCDE (t = 2970 sec).
Table 3.3: The median of the accuracy results of the ANNs evolved using four variants of
DEs on the ESR dataset.
Alg.
DE
LEDE
CCDE
LECCDE

Train
90.50 ± 1.3
92.86 ± 0.9
93.94 ± 0.8
93.98 ± 0.6

Validation
89.86 ± 1.2
92.25 ± 0.8
93.33 ± 0.3
92.61 ± 0.5

Test
89.57 ± 1.7
91.30 ± 0.9
92.17 ± 0.9
91.88 ± 1.0

Runtime
2.66 × t
1.26 × t
2.05 × t
t

Table 3.4 shows the results obtained from the HAR dataset. On this dataset,
we observe a significant accuracy improvement when the CC scheme is used.
The performance of CCDE and LECCDE are approximately %15-20 better than
the algorithms that do not use the CC. Also, CCDE appears to be slightly better
than LECCDE. On the other hand, we observe a significant runtime improvement when the LE scheme is used. The algorithms with the LE scheme run
approximately four times faster than the algorithms that do not use the LE
(t = 6530 sec). Also, LECCDE appears to produce the smallest variance on the
train accuracy.
Finally, in Table 3.5, we report an additional experiment on the population
size. In this case, we used a population size of 100 on the ESR dataset. When
the population size increases (comparing to the Table 3.3), the accuracy results
decrease. This may be due to the number of FEs needed for the convergence of
the algorithm: in other words, when the population increases, the number of
FEs needed for the convergence may increase. Moreover, we observe that CCDE
and LECCDE perform significantly better than DE and LEDE. This may suggest
that the CC increased the convergence speed. With respect to the running time
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of the algorithms, we observe the similar pattern observed in Table 3.3 (t = 2640
sec).
Table 3.4: The median of the accuracy results of the ANNs evolved using four variants of
DEs on the HAR dataset.
Alg.
DE
LEDE
CCDE
LECCDE

Train
70.06 ± 2.9
77.5 ± 5.2
94.01 ± 0.8
93.58 ± 0.6

Validation
70.06 ± 2.7
77.99 ± 4.8
92.72 ± 0.7
93.19 ± 0.5

Test
68.38 ± 3.0
76.96 ± 4.8
92.4 ± 1.0
92.16 ± 0.7

Runtime
4.75 × t
1.28 × t
4×t
t

Overall, CCDE appears to perform better than LECCDE, due to the fact, that
it has the complete information for evaluating the individuals since it uses the
entire set of training instances. However, CCDE comes with a larger runtime
trade-off than LECCDE, which can make the difference with large datasets (e.g.
for the HAR dataset the LECCDE runs on average four times faster). Also, increasing the number of evaluations or batch size can improve the performance
of the LECCDE. For comparison, we performed two additional experiments with
LECCDE, with the same settings used to produce the results in the Table 3.4, except the number of FEs and batch size. In the first experiment, we used 900000
FEs and observed that the ANNs the LECCDE optimize perform on training, validation and test sets on average 95.78, 94.31, and 93.28 respectively. This is
almost %1 higher than the the performance observed in 3.4. On the other hand,
the runtime of the algorithm is now 1.6×t , which is still 1.8 times faster than the
runtime of CCDE. In the second experiment, we used a batch size of 1000, and
we observed that the algorithm performs on average 96.60, 93.84, and 93.38
on training, validation, and test datasets, with a runtime of 1.42 × t . These two
additional experiments show an interesting trade-off between the batch size
and the number of evaluations. Although the two additional experiments have
similar runtime, the second experiment appears to produce better results.
Table 3.5: The median of the accuracy results of the ANNs evolved using four variants of
DEs on the ESR dataset using population size of 100.
Alg.
DE
LEDE
CCDE
LECCDE

Train
81.99 ± 1.4
80.25 ± 1.4
91.65 ± 1.3
91.27 ± 0.8

Validation
82.61 ± 1.2
81.59 ± 0.8
91.45 ± 0.7
90.58 ± 0.7

Test
80.65 ± 1.9
80.14 ± 2.2
90.29 ± 0.9
88.99 ± 1.1

Runtime
2.62 × t
1.30 × t
2.01 × t
t
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Figure 3.2 shows the overall comparison of the runtime of LEDE, CCDE, and
DE relative to LECCDE on the three datasets. The x -axis shows the dataset, and
the y -axis shows the increase in the runtime of the algorithm. The LEDE is relatively stable across experimented datasets. On the other hand, the runtime of
the CCDE and DE increases when the number of instances increases. This is because the algorithms with LE perform the same number of function evaluations,
on a smaller number of instances, which produces a clear advantage in terms of
total runtime.

the Increase in the Runtime (x LECCDE)

5
4.5
4

LEDE
CCDE
DE

3.5
3
2.5
2
1.5
1
0.5
0
WBC

ESR

HAR

Figure 3.2: The increase in the runtime of each algorithm relative to the LECCDE on the
three datasets.

Figure 3.3 shows the accuracy trend of the ANNs on the training, validation, and test instances during one example run of the optimization process
performed by LECCDE (only the range [0.8, 1] is shown on the y -axis, for the
sake of clarity). The data collected from this specific run shows that the accuracy on the training data is almost always the highest. The accuracy results of
the test data closely follows the validation accuracy, and it is even higher for
some of generations.
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Accuracy
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Figure 3.3: The change of the accuracy results of the ANNs on the training, validation,
and test instances while the LECCDE algorithm is running.

Figure 3.4 shows the change of the validation accuracy during the evolutionary process of four algorithms on a single run (only the range [0.6 − 1] is shown
on the y -axis). Firstly, the lines that represent the results of the LEDE and LECCDE are shorter than those of the other algorithms because they consume the
same number of FEs within a half number of generations, since they perform
two FEs (trial and target vectors) per generation. We observe that LEDE improves the DE in terms of validation accuracy and convergence speed; however,
it suffers from the lack of diversity within the population (for a population size
of 20), which prevents it from finding better solutions after about 80000 FEs
are consumed. On the other hand, CCDE appears not to suffer from the early
convergence problem observed in the LEDE, while LECCDE appears to improve
the speed of CCDE.
To summarize, our empirical analysis suggests positive answers to the questions posed in Section 3.3: (1) It appears more significantly on large datasets (in
Table 3.4), or with a large population size (in Table 3.5), than the ANNs that are
evolved using the CC scheme using our heuristic achieve a better classification
accuracy than the ANNs that are evolved by the standard DE algorithm; and (2)
all experiments on the three datasets (most significantly on the largest dataset
in Table 3.4), show that the LE scheme applied to DE reduce the runtime of
the algorithm considerably, without causing a degradation on the classification
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accuracy of the evolved ANNs.
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Figure 3.4: A single run of the change of the validation accuracy during the evolutionary
process of four algorithms on the HAR dataset.

Evaluation on the MNIST Dataset
To further assess the scalability of the proposed algorithm, we performed an
additional experiment on the MNIST dataset [53]. The MNIST dataset consists
of 60000 samples of 28 by 28 grayscale image instances of handwritten numbers
between 0-9. Thus, the size of the input and output are 784 and 10, when each
image pixel and its class label are considered as an input and output respectively.
We used the same architecture of the artificial neural networks that were
used for the experiments performed on the other datasets (feed forward artificial neural networks with one hidden layer consisting of 50 neurons). Thus,
the total number of parameters of the networks optimized for the MNIST is
47710. The parameters of the Differential Evolution algorithm are also initialized, using the same settings used for the other experiments, except for batch
size, number of individuals in each subpopulation and the maximum number of
function evaluations. Since MNIST is larger than the tested other datasets, we
used a a batch size of 1000, a population size of 60 and a maximum number of
evaluations set to 2.16e + 6.
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Table 3.6 shows the training, validation and test accuracy results of the ANNs
trained for the MNIST dataset. Each variant of the algorithm was executed for
the same number of function evaluations. The total time required for computing
every other algorithm is shown in relation to the computing time required for
the LECCDE where t = 6.6e + 5 seconds, that is approximately 19 hours on a
single-core Intel Xeon E5 3.5GHz computer. Due to time constraints, we were
able to perform 3 independent runs for the LEDE and LECCDE, and a single
partial run for the DE and CCDE.
Table 3.6: The accuracy the ANNs evolved for the MNIST dataset, and the runtime of the
algorithms.
Alg.
DE
LEDE
CCDE
LECCDE

Train
85.46
82.68 ± 0.36
91.92
91.79 ± 0.28

Validation
84.70
82.01 ± 0.75
90.64
91.01 ± 0.63

Test
84.78
82.23 ±0.25
90.36
90.80 ± 0.15

Runtime
27.2 × t
1.1 × t
25.3 × t
t
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Figure 3.5: The change of the validation accuracy of the ANNs evolved using the LECCDE
on MNIST dataset (only [0.7, 1] range is shown on the y -axis).

We observe a significant advantage in using the LE scheme on MNIST from
the computing time point of view: indeed, the DE and CCDE implementations
of the algorithm require a computing time that is 25 times bigger than the
computing time required by the corresponding algorithms that make use of the
LE scheme.
Figure 3.5 illustrates the change of the validation accuracy of the evolved

3.5 Conclusion and Future Work
ANNs using the LECCDE during an evolutionary process. The speed of the accuracy improvements slows down around 88% - 90% level. The best validation
accuracy achieved during this evolutionary run was 91.62%.

3.5

Conclusion and Future Work

In this chapter, we proposed the LECCDE algorithm that employs the LE and CC
schemes to improve the accuracy and the runtime of the standard DE algorithm
for large-scale NE with direct encoding.
We performed experiments on four datasets, including the MNIST dataset.
Our results show that the CC scheme improves the performance of DE on the
tested classification tasks. Moreover, we used the LE scheme to further improve
the scalability of the method. Our results show that the LE scheme reduces the
runtime of the algorithms, without affecting the performance. This reduction is
due to the fact that the evaluation is performed on a small number of instances.
We used a heuristic in the CC scheme that decomposes the problem at the
level of post-synaptic neurons. Thus, we evolve all the pre-synaptic weights of
the post-synaptic neurons in different subpopulations. This decomposition approach aims to reduce the parameter size per subpopulation. For large datasets
on the other hand, the number of parameters per subpopulation may still be
large. Although this heuristic worked well, there may also be other decomposition heuristics that can be more effective. Alternatively, automatic methods can
also be used for this purpose.
Another possibility for improving the results can be achieved by performing
a sensitivity analysis. In this work, we did not experiment on the strategy and
the parameters settings of the DE algorithm. Self-adaptive parameter control
approaches can also be investigated to improve the performance of the results
since these approaches can adjust the balance between the exploration and exploitation during the search process [17, 112].
The parameters of the ANNs evolved using the direct encoding approaches,
such as the approach proposed in this chapter, remains fixed. Thus, the ANNs
do not have any learning and adaptation mechanisms unless the evolutionary
process is resumed. On the other hand, biological neural networks have the
capability of changing their configuration during their lifetime. Indirect approaches to neuroevolution may be able to produce the lifetime learning and
adaptation capabilities in artificial neural networks.
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Chapter 4
Evolving Plasticity in Artificial
Neural Networks
In the previous chapter, we proposed an approach for two bottlenecks of neuroevolution with direct encoding. ANNs trained with direct encoding approaches
lack the capability of lifetime learning, which is a fundamental aspect of learning in biological neural networks. In this chapter1 , we focus on lifetime learning
in ANNs.
Biological neural networks have the plasticity property that enables them to
change their configuration (i.e. topology and/or connection weights) and learn
to perform certain tasks during their lifetime [102]. The learning process involves searching through the possible configuration space of the networks until
a configuration that achieves a satisfactory performance is reached. Modelling
plasticity, or rather evolving it, has been a long-standing goal in Neuroevolution,
a research field that aims to design artificial neural networks (ANNs) using evolutionary computing approaches [26, 48, 97].
Evolving plastic artificial neural networks (EPANNs) [14,93] implement plasticity by modifying the networks’ configuration based on some plasticity rules
which are activated throughout the networks’ lifetime. These are encoded
within the genotype of a population of individuals, in order to optimize the
1 This chapter is integrally based on:
[116] Anil Yaman, Decebal Constantin Mocanu, Giovanni Iacca, Matt Coler, George Fletcher, and
Mykola Pechenizkiy. Evolving plasticity for autonomous learning under changing environmental
conditions. (Under review), 2019
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learning procedure by means of evolutionary computing approaches. One possible way of modelling plasticity rules in EPANNs is by means of Hebbian learning, a biologically plausible mechanism hypothesized by Hebb [35] to model
synaptic plasticity [51]. According to Hebbian learning, the synaptic efficiencies between pre- and post-synaptic neurons are strengthened/weakened if the
neurons’ activation states are positively/negatively correlated. However, the basic formalization of Hebbian learning can suffer from instability as it introduces
an indefinite increase/decrease of the synaptic efficiencies [103]. Several other
modified variants have been proposed to reduce this effect [8, 87, 103]. Nevertheless, these plasticity rules may still require further optimization to properly
capture the dynamics needed for adjusting the network parameters.
A number of previous works suggested optimizing the parameters of some
form of Hebbian plasticity rules using evolutionary approaches [27, 69, 91].
However, these attempts may involve a high degree of complexity that may not
be able to deliver insights into the dynamics of the plasticity property [72, 81].
For instance, some of the existing works evolve the initial synaptic weights
and/or the connectivity of the networks in addition to the plasticity rule. However, evolving the initial synaptic weights of the networks increases the number
of parameters to evolve and, in principle, can be decoupled from the evolution
of plasticity rules (except for tasks where there is a need to adapt to changing conditions); on the other hand, evolving the connectivity of the networks
may overfit the networks to a certain task, making it difficult to evolve adaptive
behavior.
This chapter proposes a novel approach to produce plasticity property in
ANNs for a continuous learning scenario with changing environmental conditions [116]. We employ Genetic Algorithms to evolve discrete plasticity rules to
determine how synaptic weights are adjusted based on the activation states of
the connected neurons, and a reinforcement signal received from the environment. One of the main advantages of our approach is that the plasticity rules it
evolves can provide interpretable results, as an alternative to the other plasticity
rules proposed in the literature.
We use ANNs consisting of one hidden layer, and introduce local weight competition to allow self-organized adaptation of synaptic weights. We demonstrate
the lifetime learning and adaptation capabilities of plastic ANNs on a foraging
task where an agent is required to learn to navigate within an enclosed environment, and collect/avoid specific types of items. Starting from the randomly
initialized values, weights are updated after each action step, based on the reinforcement signals received from the environment. We test the adaptation capabilities of the networks by switching the types of items to be collected/avoided
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after a certain number of action steps. We show that the evolved plasticity rules
are capable of producing stable learning, and autonomous adaptation capabilities under changing environmental conditions. This form of learning can be
seen as a distributed, self-organized continuous learning process that can be
carried on without the need for global evaluation or validation.
The rest of the chapter is organized as follows: in Section 4.1, we provide the
background for Hebbian learning, and discuss the literature on the evolution of
learning. In Section 4.2, we introduce our approach to evolving plasticity rules
and provide the details of the genetic algorithm. In Section 4.3, we present
the experimental setup. In Section 4.4, we provide the results for the learning
and adaptation capabilities of the networks modified by the evolved plasticity
rules; finally, in Section 4.5 we conclude by recapitulating our main results and
highlighting possible future works.

4.1

Background

In this section, we provide background knowledge in Hebbian learning and
discuss its use in the context of evolution of learning.

4.1.1

Hebbian Learning

In its general form, Hebbian learning rule is formalized as:
w i , j (t + 1) = w i , j (t ) + m(t ) · ∆w i , j

(4.1)

where the synaptic efficiency w i , j at time t + 1 is updated by the change ∆w i , j
that is a function of ai and a j :
∆w i , j = f (a i , a j )

(4.2)

A modulatory signal, m(t ), is used to determine the sign of the Hebbian learning. If m(t ) is positive and there is a positive correlation between the activations
of neurons, the synaptic efficiency between them is strengthened; whereas if
their activations are not correlated then the synaptic efficiency between them is
weakened. The negative sign of m(t ) reverses to sign of the Hebbian learning
(which in this case is also known as anti-Hebbian learning), by strengthening
the synaptic efficiencies between neurons with uncorrelated activations, and
weakening the synaptic efficiencies of neurons with correlated activations. The
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modulatory signal is usually equivalent to the reward received from the environment, unless other kinds of modulatory signaling mechanisms are used, such
as neuromodulation [91].
A “plain” Hebbian rule formalizes ∆w i , j as a product of the activations of
pre- and post-synaptic activations, i.e.:
∆w i , j = η · a i · a j

(4.3)

The plain Hebbian rule strengthens a synaptic efficiency when the signs of the
pre- and post-synaptic neuron activations are positively correlated, weakens the
synaptic efficiency when the signs are negatively correlated, and keeps the same
efficiency when one of the two activations is zero [8]. A constant η is used as a
learning rate to scale the magnitude of the synaptic change.
As we stated in the previous section, one of the undesired effects of the plain
Hebbian rule is that it may lead to an indefinite synaptic increase/decrease,
since a synaptic change in one direction encourages further synaptic change
in the same direction. A number of variants of the plain Hebbian rule have
been proposed to stabilize the behavior [8, 103]. These rules can roughly be
categorized into two groups: activity and threshold based. The activity based
rules perform updates based on the activation correlations between pre- and
post-synaptic neurons. The threshold-based methods perform updates when
the activation correlations are above/below a given threshold, that can also be
adaptive.
Finally, it is worth mentioning a further generalization of the plain Hebbian
rule given by:
∆w i , j = η · [A · a i · a j + B · a j +C · a i + D]

(4.4)

This rule, usually referred to as the ABCD rule [69, 91], parameterizes the relationship between a j and ai by using four separate coefficients A, B,C , D .

4.1.2

Evolution of Learning

The back-propagation algorithm is one of the conventional methods to train
ANNs; however, it is considered as a biologically implausible method since
it requires propagating back the error through synapses [51]. The biological
evidence supports instead forms of Hebbian learning [6, 8, 87]. Thus, Hebbian learning is often used as a learning mechanism for self-adapting ANNs
based on supervision, and/or reinforcement signals, or in an unsupervised fashion [27, 37, 69, 93].

4.2 Evolution of Plasticity Rules

45

A near-optimum Hebbian rule and optimal learning parameters can depend
on the task and the data. Furthermore, the parameters of the learning algorithm can affect the stabilization of the Hebbian rule and, ultimately, the performance of the ANN [103]. Therefore, some previous works have proposed
the use evolutionary computing to optimize the parameters of Hebbian learning
rules [14,27,69,72,81,101]. These works are briefly discussed in Section 2.3.2.
Others used neuromodulated learning where a number of special neurons
within the network are used for signaling synaptic updates to the other neurons
in the network [83]. Soltoggio et al., [91] evolved network topologies and connection weights involving neuromodulated neurons and using the ABCD learning rule to perform synaptic updates.

4.2

Evolution of Plasticity Rules

We use the binary activation function given in Equation (2.9) to convert the
activations of post-synaptic neurons into binary values. Thus, the activations of
the neurons can only be in one of two possible states which allows to reduce the
possible states of pair of neurons. In addition, we make use of reinforcement
signals as modulatory signals to guide the learning process. These modulatory
signals are received from the environment, and can take one of three possible
values as given in Equation (4.5).

 +1,
−1,
m=

0,

if desired output (reward);
if undesired output (punishment);
otherwise (neutral).

(4.5)

According to the modulatory sugnals, if the network produces a “desired” outcome then m is set to +1; if the network produces an “undesired” outcome then
m is set to −1; otherwise m is set to 0. The desired and undesired outcomes
are defined by a reward function which depends on the task, according to the
desired/undesired associations between sensory inputs and behavioral outputs.
The reward functions we used in our experiments are discussed in Section 4.3.
The initial values of the synaptic efficiencies are randomly sampled from the
range of [−1, 1] with uniform probability. After each network computation at
time t , the synaptic efficiencies between post- and pre-synaptic neurons at time
t + 1 are updated based on the following rule:
w i0 , j (t + 1) = w i , j (t ) + η · f (a i , a j , m)

(4.6)
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where f () is a “composed” Hebbian plasticity rule that determines how each
synaptic efficiency w i , j is updated depending on the activations of the pre- and
post-synaptic neurons, a j and ai , and the modulatory signal m . Differently
from the existing approaches described in Section 4.1.2, here we evolve discrete
rules to specify the synaptic modifications corresponding to each possible combination of the pre- and post-synaptic activations and the modulatory signal, as
shown in the table illustrated in Figure 4.2. It is important to note that it is possible to enumerate all the possible discrete rules as we chose a binary neuron
model, see Equation (2.9), and a discrete modulatory signal, see Equation (4.5).
Finally, after each update provided by Equation (4.6), the weights are scaled
as follows:
w i0 , j =

w i0 , j
||wi0 ||2

(4.7)

where the row vector wi0 encodes all incoming weights to a post-synaptic neuron
i . This scaling allows to have a unit length using the Euclidean norm || · ||2 . Furthermore, this normalization process prevents indefinite synaptic growth, and
helps connections’ specialization by introducing local synaptic competition, a
concept recently observed also in biological neural networks [25]. Alternatively,
a decay mechanism and/or saturation limits for weights can be introduced to
prevent an indefinite increase/decrease of the weights [92].
Details of the Genetic Algorithm
We employ a Genetic Algorithm (GA) to optimize the plasticity rules [29]. The
genotype of the individuals, illustrated in Figure 4.2, encodes the learning rate
η ∈ [0, 1), and one of three possible outcomes L = {−1, 0, 1} (corresponding to decrease, stable, and increase, respectively) for each of the plasticity rules defined
by f (ai , a j , m). Since we use binary activations for neurons, there are 4 possible activation combinations for ai and a j . Furthermore, we take into account
only positive and negative modulatory signal states ignoring m = 0 because the
synaptic update is performed only when m = +1 or m = −1. Consequently, there
are 8 possible input combinations, and therefore 8 possible plasticity rules defined by f (ai , a j , m). The size of the search space of the plasticity rules is then
38 , excluding the real-valued learning rate parameter.
A graphical illustration of the GA is provided in Figure 4.1. In the initialization step of the algorithm, we randomly initialize a population of 9-dimensional
individual vectors xi , where i = (1, . . . , N ) (in our experiments, N was set to 30)
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to encode synaptic update rules. Each dimension of the individuals are uniformly sampled within their domain depending on their data type.

(1) Initialization
Randomly initialize a
population of individuals
(each encodes a plasticity rule)

(3)
Stopping
Criteria

(2) Evaluation

Not
Satisfied

Satisfied

For each individual for 5 trials:
(a) Initialize an agent with a random ANN
(b) Let agent interact within the environment for
4 seasons (summer, winter, summer, winter)
in continuous learning settings
(c) Calculate the average agent score per season
Return the average of the agent score for 5 trials
as the fitness value of the individual

(4) Selection

Roulette Wheel
Selection with 10 elites

(7) Final Evaluation

(5) Crossover
Uniform Crossover
with probability of 0.5

(6) Mutation
Custom mutation
(Gaussian for real-valued
gene, uniform resampling
for discrete values)

Perform the same evaluation process
outlined in step (2) for 10 best individuals
for 100 trials.
Return the final fitness value

Figure 4.1: Graphical illustration of the steps of the Genetic Algorithm used to evolve
the plasticity rules.

The evaluation process of an individual starts with the initialization of an
agent with a random ANN configuration. Here, we use fixed topology fully
connected feed forward neural networks, and sample the connection weights
from a uniform distribution in [-1,1]. The agent is allowed to interact with the
environment by performing actions based on the output of its controlling ANN.
After each action step, the weights of the ANN are updated based on the synaptic
update table. This table is constructed by converting the vector representation
of the individual plasticity rules to specify how synaptic weights are modified
based on the pre-, post-synaptic, and modulatory signals (see Figure 4.2). After
every agent’s action, a reinforcement signal is received from the environment
and used directly as the modulatory signal.
We define a certain number of actions to allow the agent to interact with the
environment. This process is divided into four periods of equal lengths, which
we refer to as “seasons”. We calculate the average of the agent’s performance
score, per each season, by subtracting the number of incorrectly collected items
from the number of correctly collected items. Due to the stochasticity of this
process (because of the random network initialization), we perform this process,
starting from the same initial conditions, for five independent trials. Thus, the
fitness value of an individual plasticity rule is given by:
f i t ness =

s X
t
1 X
(c k,l − i k,l )
s · t k=1 l =1

(4.8)

where t and s are the number of trials and seasons, respectively, and c k,l and
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i k,l are the number of correctly and incorrectly collected items in each season k
of each trial l .
Agent-environment Interaction

Foraging Environment

Sensory Input

Action
.

Agent
(magnified)

Reward (𝑚)

Synaptic update

𝒇 𝒂𝒊 , 𝒂𝒋 , 𝒎 = ∆𝒘𝒊,𝒋
𝒂𝒊 𝒂 𝒋 𝒎

Learning Rate (𝜂)

∆𝒘𝒊,𝒋

0

0

-1

𝑥𝑖2

0

1

-1

𝑥𝑖3

…

…

…

…

1

1

1

𝑥𝑖9

𝑥𝑖1 𝑥𝑖2 𝑥𝑖3 𝑥𝑖4 𝑥𝑖5 𝑥𝑖6 𝑥𝑖7 𝑥𝑖8 𝑥𝑖9

Genotype Representation

Figure 4.2: Genotype representation and agent-environment interaction. The genotypes
of the individuals encode the learning rate and synaptic update outcomes
for 8 possible states of ai , a j and m . The agent (color coded as red) is
evaluated on a foraging task where it is expected to learn to collect/avoid
correct types of items (color coded as blue and green). An artificial neural
network is used to perform the actions of the agent. The initial weights of the
ANN are randomly initialized, and are updated after each action step based
on the evolved plasticity rules and a reinforcement signal received from the
environment.

4.3 Experimental Setup
The evaluation process of the GA is based on a continuous learning setting,
where the weights of the ANNs are updated constantly. Thus, the algorithm
does not involve any validation to store the best network configurations. However, in our experiments we additionally tested the evolved plasticity rules with
validation settings, in order to show that validation improves the performance
of the agents. On the other hand, this additional step is computationally expensive since it requires the agents to be tested for a certain number of further
action steps.
We use an elitist roulette wheel selection operator to determine parents of
the next population. The top 10 elites (best individuals) are copied to the next
generation without any change. The rest of the offspring are generated using
a uniform crossover operator with a probability of 0.5. As for the mutation operator, we perturb the real-valued component by a small value sampled from
a Gaussian distribution with 0 mean and 0.1 standard deviation, and re-sample
the discrete components with a probability of 0.15.
The evolutionary process is executed until there is no more improvement
in terms of best fitness for a certain number of evaluations. At the end of the
evolutionary process, the top 10 elite individuals in the population are evaluated
for 100 trials, and the average statistics of this process is provided as the final
result of the Genetic Algorithm. We execute the GA for 30 independent runs.

4.3

Experimental Setup

We test the learning and adaptation capabilities of the plastic ANNs with evolved
plasticity rules on an agent-based foraging task within a reinforcement learning
setting inspired by Soltoggio and Stanley [92]. In this task, an artificial agent,
operated by a plastic ANN, is required to learn to navigate within an enclosed
environment and collect/avoid correct types of items placed in the environment,
based only on the reinforcement signals received in response to its actions.
The foraging environment contains two types of food items and is enclosed
by a wall. To test the adaptation abilities of the networks, we define two reward functions that we refer to as two seasons: summer and winter. In both
seasons, the agent is expected to explore the environment and avoid collisions
with the walls. During the summer season, the agent is expected to learn to
collect and avoid specific types of objects, while the expectation for the types
of objects is swapped during the winter season. The details of the foraging task
and environment are provided in the following section.
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Foraging Task and Environment
A visualization of the simulated environment used in the foraging task is provided in Figure 4.3a. We initialize a 100x100 grid enclosed by a wall. In the
following, we refer to the green and blue items, and the wall, as “G”, “B” and
“W” respectively. In the initialization phase of an experiment, an agent, 50 “G"
and 50 “B" items are randomly placed on the grid.
The architecture of the ANNs used to control the agent is shown in Figure 4.3b. The agent is located in a cell, and has a direction to indicate its
orientation on the grid. It is equipped with three sensors that can take inputs
from the nearest cell on the left, in front, and on the right. Since there are four
possible states for each cell (nothing, “W", “G", “B"), we represent the sensor
reading of each cell with two bits, as [(0, 0), (1, 1), (1, 0), (0, 1)]. The agent performs one of the three possible actions as “Left”, “Straight”, and “Right” based
on the output layer of its ANN. The output neuron with the maximum activation
value is selected to be the action of the agent. In cases of “Left” and “Right” the
agent’s direction is changed accordingly, and the agent is moved one cell in the
corresponding direction. In case of “Straight”, the direction of the agent is kept
constant and the agent is moved one cell along its original direction.

Left
Straight
.
.

Right

1
1

(a) Foraging environment

(b) Agent architecture

Figure 4.3: (a) Simulation environment used in the agent-based foraging task experiments. The location of the agent, two types of items and the wall are color
coded with red, green, blue and black respectively. (b) Agents’ position/direction (red cell) and sensory inputs from left, front and right cells (in gray)
within a foraging environment, and the ANN controller, with a hidden layer,
6 inputs (2 per cell), and 3 outputs (left/straight/right).
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We use fully connected feed forward networks with one hidden layer with 6
input, 20 hidden and 3 output neurons. We also perform additional experiments
for networks consisting of various numbers of hidden neurons (see next section
for details). Additional bias neurons are added to the input and hidden layers.
The statistics of the agent while interacting with the environment are collected. If the agent visits a cell occupied by a “G" or “B" item, the item is collected and recorded. A collected item disappears from its original location and
reappears in another location selected at random. If the agent steps into a cell
occupied by a wall, the action is ignored and recorded as a hit on the wall. After
each action, a reinforcement signal is received from the environment, and used
as a modulatory signal, see Equation (4.5).
Table 4.1: Associations of the Sensor and Behavior states to the reinforcement signals for
Summer and Winter seasons.
ID.
1
2

Sensor
nothing
nothing

Behavior
straight
left or right

Summer
1
-1

Winter
1
-1

3
4
5
6
7
8

W straight
W straight
W on left
W on left
W on right
W on right

left or right
straight
right
left or straight
left
right or straight

1
-1
1
-1
1
-1

1
-1
1
-1
1
-1

9
10
11
12
13
14

G straight
G straight
G on left
G on left
G on right
G on right

straight
left or right
left
straight or right
right
straight or left

1
-1
1
-1
1
-1

-1
0
-1
0
-1
0

15
16
17
18
19
20

B straight
B straight
B on left
B on left
B on right
B on right

straight
left or right
left
straight or right
right
straight or left

-1
0
-1
0
-1
0

1
-1
1
-1
1
-1

The complete list of sensory states, behaviors and reinforcement signal asso-
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ciations that we used in our experiments is provided in Table 4.1. In the table,
the columns labeled as “Sensor” and “Behavior” show the sensor states and actions of the network, respectively. The reward functions corresponding to the
two seasons, “Summer” and “Winter”, are also shown. It should be noted that
for some sensory states, multiple reward function associations may be triggered.
In these cases, the associations that concern the behaviors to collect/avoid items
are given priority. We should also note that the reward functions described
here do not specify the reinforcement signal outcomes for all possible sensorbehavior combinations. Indeed, in total there are 192 possible sensor-behavior
associations (resulting from 3 possible behavior outcomes for each of 26 possible
sensor states).
The first two reward associations are defined to encourage the agent to explore the environment. Otherwise, the agent may get stuck in a small area,
for example by performing only actions such as going left or right when there
is nothing present. Sensor state labeled as “nothing” refers to an input to the
network equal to [0, 0, 0, 0, 0, 0].
Reward associations 3 through 8 specify the reinforcement signals for the
behaviors in relation to the wall, and are the same in both summer and winter
seasons. It is expected that the agent learns to avoid the wall. Therefore, we
define positive reward signals for the states where there is a wall, and the agent
picks a behavior that avoids a collision (IDs: 3, 5, 6). Conversely, we define
punishment signals for the sensor-behavior associations where the agent collides to the wall (IDs: 4, 6, 8). For instance, the sensor state of the association
given in ID. 3 refers to the input to the network as [0, 0, 1, 1, 0, 0], and provides
reward if the agent decides to go left or right (and, this behavior is desired in
both summer and winter seasons).
Reward associations 9 through 14 and 15 through 20 define sensor-behavior
and reinforcement signal associations regarding the “G” and “B” types of items
respectively. The reinforcement signals of the seasons are reversed for these
two seasons. In summer, the agent is expected to collect “G” items and avoid
“B” items, whereas in winter the agent is expected to collect “B” items and avoid
“G” items.
We perform an experiment by first placing into the environment an agent,
initialized with a random ANN, and starting with the summer season. We then
allow the agent to interact in a continuous learning setting for 5000 action steps.
At the end of the summer season, we let the agent continue its interaction with
the environment for another 5000 action steps by keeping its network configuration and only changing the season to winter. At the end of the given number
of action steps, we perform two more seasonal changes in the same fashion.

4.4 Experimental Results
The performance of the agent is the average of the performances over the four
seasons.
For all experiments, the agents are set to pick a random action with a probability of 0.02 regardless of the actual output of their ANNs. Random behaviors
are introduced to avoid getting stuck in a behavioral cycle. Such random behaviors, though, are not taken into account in the synaptic update procedure.

4.4

Experimental Results

In this section, we discuss the results of the evolved plasticity rules evolved
in our experiments. We then show the learning and adaptation processes of
the best performing evolved plasticity rule during a foraging task in continuous
learning settings, with and without validation. Finally, we show additional experimental results reporting the best performing evolved plasticity rules used
with ANNs with various number of hidden neurons.
For comparison, we provide the results of two algorithms: the results of
agents with ANNs controllers that are optimized by using the Hill Climbing
(HC) algorithm [19], and the results of a rule-based agent that is controlled by
hand-coded rules without using an ANN.
In the case of the HC algorithm, we start with an ANN (the same architecture as used in the plasticity experiments) where all of its weights are randomly
initialized between [−1, 1], evaluated on our foraging task (using the same evaluation settings for 5000 action steps) for the first summer season to find its
fitness, and assigned as the best network. We then iteratively generate a candidate network by randomly perturbing all the weights of the best network using
Gaussian mutation with zero mean 0.1 standard deviation, evaluate on our foraging task for a given season, and replace the best network with the candidate
network if its fitness value is better than the fitness of the best network. We repeat this process consecutively for summer, winter, summer and winter seasons
for 1000 iterations each, in total of 4000 iterations combined. When a seasonal change happens, we keep the best network and continue the optimization
procedure as specified.
Figure 4.4 shows the average results of 100 runs (100 × 4000 iterations) of
the HC algorithm for four seasons. The average values and standard deviations
of fitness values, collected number of Green and Blue items, and Wall hits of
the 10th, 500th and 1000th iterations for each season are given in Table 4.2.
The values for Summer1, Winter1, Summer2 and Winter2 presented in table
corresponds to the iteration numbers in ranges 0-1000, 1001-2000, 2001-3000
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and 3001-4000 on x -axis of Figure 4.4 respectively.

Fitness

50
0
-50
0

500

1000

1500

2000

2500

3000

3500

4000

Iteration
Figure 4.4: The average fitness value during 100 runs of the offline optimization process
of the agents using the HC algorithm without the plasticity property. The
process starts with a randomly initialized ANN which is trained on our foraging task starting with the summer season, and every 1000th iteration, the
seasons is changed.

Table 4.2: The average and standard deviations of the performance statistics of 100 runs
of the offline optimization procedure of the agents using the Hill Climbing
algorithm.
Result
Fitness

G

B

W

Iteration
10th
500th
1000th
10th
500th
1000th
10th
500th
1000th
10th
500th
1000th

Summer1

Winter1

Summer2

Winter2

9.20 ± 10.12
48.34 ± 24.82
55.81 ± 23.04
11.61 ± 12.37
49.36 ± 24.48
56.56 ± 22.88
2.41 ± 5.59
1.02 ± 3.23
0.75 ± 1.43
614.09 ± 919.95
170.26 ± 463.02
114.92 ± 375.96

9.79 ± 11.83
47.42 ± 19.15
55.08 ± 20.00
5.02 ± 7.63
1.58 ± 4.87
0.85 ± 3.29
14.81 ± 14.40
49.00 ± 19.06
55.93 ± 19.88
693.78 ± 854.64
157.15 ± 446.59
88.30 ± 351.09

8.74 ± 10.24
49.59 ± 18.02
58.21 ± 17.08
13.32 ± 12.22
51.71 ± 17.43
59.65 ± 16.89
4.58 ± 6.66
2.12 ± 4.73
1.44 ± 3.47
770.47 ± 1101.77
146.47 ± 417.37
115.72 ± 398.26

10.41 ± 12.04
49.94 ± 17.04
56.95 ± 18.35
4.48 ± 6.46
1.59 ± 4.62
1.38 ± 4.09
14.89 ± 14.05
51.53 ± 16.33
58.33 ± 17.48
702.46 ± 862.67
183.05 ± 485.90
140.97 ± 439.384

We observe that it takes about 1000 iteration for the networks to reach 56.51
fitness value on average at the end of each season. Since the networks are well
optimized for the task, a sudden decrease in their performance at the beginning
of each seasonal change is observed. In about 10 generations, the fitness values
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are increased around 9 in each season. We see clear increasing and decreasing
trends in number of collected items depending on the season while the number of iterations increase. Moreover, the number of wall hits are also reduced
although it is relatively high even at the end of the iterations for each season.
This agent that is controlled by hand-coded rules without ANNs has a “perfect knowledge” of which items to collect/avoid in each season throughout its
evaluation process. Also, it moves straight if there is nothing around, and makes
a turn when it encounters a wall (this behavior is expected to improve the exploration of the environment). The mean and standard deviation of the rule-based
agent for 100 trials are given in Table 4.6. Since, there is no learning or optimization process involved in this case, we only show its results at the end of a
Summer and Winter seasons.
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Table 4.3: Statistics of the complete list of distinct evolved plasticity rules found by the GA, ranked by their median
fitness. The columns “Number of Evolved Rules” shows the number of evolved rules found for each distinct
rule; “Median”, “Std.D”, “Max”, “Min” show their median, standard deviation, max and minimum fitness;
“η Mean”, “η Std.D.” show their average learning rate and standard deviations, respectively. The rest of the
columns, encoded in 2-bits, represent the activation states of pre- and post-synaptic neurons when modulatory signal is −1 or 1.
ID.

Median

Std.D.

Max

Min

η Mean

η Std.D.

00

m −1
01
10

11

00

m1
01
10

11

48.63
44.23
42.35
28.35
27.28
26.70
26.54
25.91
23.55
22.11
20.96
20.63
12.41
10.30
8.82

0.83
1.05
2.65
0.51
0
1.48
0.89
0.07
0
1.26
0.33
0.40
0
0.55
0.54

49.96
45.88
46.45
29.05
27.28
27.91
28.13
25.97
23.55
23
21.59
21.34
12.41
10.87
9.59

42.95
41.55
41.48
27.22
27.28
22.80
24.65
25.86
23.55
21.21
20.45
19.81
12.41
8.36
7.97

0.0375
0.0167
0.0192
0.0488
0.0182
0.0118
0.0092
0.0096
0.0273
0.0052
0.0198
0.061
0.0799
0.0662
0.0301

0.008
0.004
0.003
0.009
0
0.003
0.002
0.0008
0
0.003
0.003
0.022
0
0.018
0.009

0
-1
1
-1
-1
-1
0
1
-1
1
0
-1
0
0
1

0
1
0
1
-1
1
1
1
1
1
1
1
0
0
1

-1
-1
-1
-1
0
-1
-1
-1
-1
-1
-1
0
-1
-1
-1

0
0
0
1
1
-1
-1
-1
0
0
1
1
1
0
1

0
0
0
0
0
-1
-1
-1
-1
-1
-1
-1
1
1
0

0
0
0
0
0
1
1
1
1
1
-1
-1
-1
-1
1

1
1
1
1
1
1
1
1
1
1
1
1
0
0
-1

0
0
0
-1
-1
1
1
1
0
0
-1
-1
0
1
-1
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1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Number
of Evolved
Rules
164
23
3
19
1
9
16
2
1
2
10
20
1
19
10

ID.
16
17
18

Fitness
41.68
5.6
0.2

Std.F.
18.26
9.28
6.13

Correct
47.63
25.2
18.3

Std.C.
14.3
6.88
4.48

Incor.
5.95
19.7
18.1

Std.I.
7.17
5.28
4.27

Wall
14.3
120
602

Std.W.
54.59
140.2
117.5

η
0.04
0.01
0.01

00
0
0
0

m −1
01
10
0
0
0
1
0
0

11
-1
-1
-1

00
0
0
0

m
01
0
-1
0

1
10
0
0
0

11
0
1
1
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Table 4.4: The statistics (fitness values, standard deviations of the fitness values, number of correctly and incorrectly
collected items and their standard deviations, and number of wall hits and its standard deviation) of some
rules defined by hand over 100 trials. Columns encoded in 2-bits represent the activation states of pre- and
post-synaptic neurons.

Table 4.5: Statistics of the best evolved rule on continuous learning for each season.

Mean
Std. Dev.

Fit.
50.81
10

Summer 1
G
B
53.37
2.56
9.5
1.8

W
5.53
3.5

Fit.
48
9.2

Winter 1
G
B
4.13
52.1
2.2
8.4

W
3.6
3.6

Fit.
50.37
10.2

Summer 2
G
B
53.71
3.3
9.64
1.7

W
3.18
3.4

Fit.
50.61
10.2

Winter 2
G
B
3.7
54.33
1.9
9.5

W
4.7
6.3
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4.4.1

Evolved versus Defined Plasticity Rules

We collected a total of 300 evolved plasticity rules by performing 30 independent
GA runs. The max, min, median, mean and standard deviation of the average
fitness values of all evolved plasticity rules are 49.96, 7.97, 47.37, 37.89 and
13.98 respectively.
Table 4.6: The statistics of the hand-coded rule-based agent with perfect knowledge of
the task in each season.

Mean
Std. D.

Fitness
67.2
8.6

Summer
G
B
67.2 0
8.6
0

W
0
0

Fitness
67.8
7.9

Winter
G
B
0 67.8
0 7.9

W
0
0

We identified in total 15 distinct rules, distinguished only by their discrete
part (i.e., without considering the specific value of the learning rate). A complete list of these rules is provided Table 4.3. The first and second column show
the distinct rule identifier (ID) and the number of rules found for each distinct
rule, respectively. The columns labeled as “Median”, “Std.D.”, “Max”, “Min”,
“η Mean”, and “η Std.D.” show the median, standard deviation, max and min
values of the fitness, and the average and standard deviations of the learning
rates per each distinct rule respectively. In the remaining columns, we report
the activation states of pre- and post-synaptic neurons a j and ai (encoded as
2-bits) when m = −1 and m = 1. The most successful rules, shown in the first
three rows, constitute 63% of all collected rules, and achieve a fitness values
greater than 40. They perform synaptic updates only when m = −1. The rest
of the rules perform synaptic updates also when m = 1. However, their performance is significantly worse in terms of their fitness values. For instance, the
rules given in the fourth row achieve the best fitness value of 29.05 which is 20
points lower than the best rule.
The overall best performing evolved plasticity rule (the best of 164 rules
with ID. 1 shown in Table 4.3) achieved a fitness value of 49.96 with a standard
deviation of 9.97, corresponding to an average of 53.39 correctly collected and
3.43 incorrectly collected items, with standard deviations of 9.31 and 2.04 items
respectively, and on average incurred 4.27 wall hits, with a standard deviation
of 4.46 hits. The learning rate of this rule is η = 0.039. This rule performs
synaptic updates in two cases only, i.e. when the network produces undesired
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behavior (m = −1). In the first case, the plasticity rule increases the synaptic
weights between a j and ai when a j is active but ai is not. This may facilitate
finding new connections. The second case implements an anti-Hebbian learning
where the plasticity rule decreases the synaptic weights when both a j and ai are
active.
For comparison, Table 4.4 provides the statistics of some plasticity rules
that we defined by hand. The columns “Fitness”, “Std.F.”, “Correct”, “Incor.”,
“Std.C.” and “Std.I.” show the fitness, standard deviation of the fitness, average
number of correctly and incorrectly collected items, and their standard deviations, respectively. The remaining columns show the details of the plasticity
rule.
The rule with ID. 16 was defined by taking the best performing evolved
rule (ID. 1) and replacing the part corresponding to m = −1, activations=10
with 0. After this change, the rule performs synaptic updates only when preand post-synaptic neurons are active and the network produces an undesired
outcome (m = −1). When this rule is used, the performance of the networks are
significantly better than other rules defined by hand. However, the performance
is worse than the rule without this replacement. Surprisingly though, the GA
did not find this rule, as shown in the distinct rule list given in Table 4.3, even
though it performs better than most of all the other rules. This may be due
to the convergence of the evolutionary process to the rules that perform better,
specifically the rules given in the first three rows.
The rules given in row IDs. 17 and 18 were also defined by hand, but
showed the worst performances. In particular, the rule given in row ID. 18
performs Hebbian/anti-Hebbian learning as it increases/decreases the synaptic
weights between neurons when they are both active and the network produces
a desired/undesired outcome. Instead, the rule given in row ID. 17 performs
synaptic updates on two additional activation combinations w.r.t. rule with ID.
18, in order to facilitate the creation of new connections. Even though this latter rule performs better than the rule ID. 18, its performance is not better than
the evolved plasticity rule with the worst performance.
The reason why the performance of the plasticity rules that perform synaptic
updates also when m = 1 is worse than the ones that perform synaptic update
only when m = −1 is likely due to the design of the task and the reward function.
Since the reward function keeps providing rewards while a network is achieving
the desired outcomes, the accumulation of these rewards can “overcharge” the
synaptic weights and may cause forgetting after a certain number of synaptic
updates. The issue of forgetting already known knowledge/skills due to the
acquisition of new knowledge/skills in ANNs is usually referred as “catastrophic
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Figure 4.5: The statistics of three selected plasticity rules during a single run of a foraging task over four seasons. Each row of the figures provides the results of
the best plasticity rules from the rule types with IDs. 1, 2, and 6 respectively.
Figures in the first column show cumulative results of the number of items
collected, whereas figures in the second column show the number of items
collected when the agent is tested independently for 5000 action steps using
the configurations of its ANN at the time of the measurement.

4.4.2

Performance of the Networks During a Foraging Task

Figure 4.5 shows the statistics of some selected plasticity rules during a single
run of a foraging task over four seasons. The overall process lasts 20000 action
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steps in total, consisting of four seasons of 5000 action steps each. The foraging
task starts with the summer season and switches to the other season every 5000
action steps. Measurements were sub-sampled at every 20th action step to allow
better visualization. The figures given in the first column show the cumulative
number of items of both types collected throughout the process, whereas each
measurement given in the figures in the second column shows the number of
items collected when the agent is tested independently for 5000 action steps
using its ANN configuration at the time of the measurement.
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Figure 4.6: The distribution of fitness values of the best evolved rule from ID.1 in Table 4.3 over four seasons. The x - and y -axes of each subfigure show the
fitness value and number of evaluations, respectively.

Figures 4.5a and 4.5b show the results of the best rule from ID. 1, Figures
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4.5c and 4.5d show the results of the best rule from ID. 2, and Figures 4.5e
and 4.5f show the results of the best rule from ID. 6. In the case of the rules
from IDs. 1 and 2, the agent learns quickly to collect the correct type of items
in each season. The number of correctly collected items from the previous season stabilizes, and the number of incorrectly collected items from the previous
season increases in the next season after a seasonal change occurs. We observe
in Figures 4.5b and 4.5d that there are distinct and stable seasonal trends for
each season. The noise in the measurements is due to the sub-sampling and
stochasticity of the evaluation process.
In the case of rule from ID. 6, the agent keeps collecting both kinds of items;
however, the number of correctly collected type of items is larger than incorrectly collected items in each season. We can observe in Figure 4.5f that the
testing performance is not stable throughout the process. The fluctuations show
that the configuration of the ANN seems to be frequently shifting the states between learning and forgetting.
Table 4.5 and Figure 4.6 show, respectively, the average statistics and the
distribution of the fitness of the best performing evolved plasticity rule in each
season over 100 trials. The agent achieves an average fitness value of about 50
in all the seasons except the first winter season where it achieves a fitness value
of 48.
Table 4.7: The statistics of the best performing evolved rule with validation.

Mean
Std. D.

Fitness
61.0
8.62

Summer
G
B
61.0 0
8.62 0

W
0
0

Fitness
63.0
8.19

Winter
G
B
0 63.0
0 8.19

W
0
0

Table 4.7 shows the average results of the best ANN configuration found
through validation. During a foraging task process, the agent is tested independently at every 20th action step, and the configuration of the ANN that achieved
the highest fitness value was stored as the best ANN configuration.
To assess the statistical significance of the difference of the results produced by different agents, we use the Wilcoxon rank-sum test [108]. The nullhypothesis, i.e. that the mean of the results produced by two agents (thus, their
behavior) are the same, is rejected if the p -value is smaller than α = 0.05. We
perform pairwise comparisons of three sets of results of fitness values for sum-
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mer and winter seasons obtained from three agents evaluated over 100 evaluations. More specifically, we compare the results of the hand-coded rule-based
agent, with those of the agents that use the best performing evolved plasticity
rule in continuous learning settings, with and without validation. Based on the
pairwise comparison results, the hand-coded rule-based agent is significantly
better than the other two agents with and without validation, with significance
levels of 1.9 · 10−28 and 8.2 · 10−05 respectively. Furthermore, the results of the
agent with validation are significantly better than those without validation, with
a significance level of 9.9 · 10−14 .
To gain further insight into these results, we have recorded the behavior
of the agent during a foraging task with four seasons each consisting of 3000
action steps2 . The demonstration shows that the agent is capable of efficiently
adapting to the environmental conditions imposed by each season. Even though
the desired behavior with respect to the wall should be constant across the
different seasons, the agent makes a few mistakes at the beginning of each
season by hitting the wall. This may be due to the change of the synaptic
weights that affect the behavior of the agent with respect to the wall.

4.4.3

Sensitivity Analysis on the Number of Hidden Neurons

Finally, we performed a sensitivity analysis of our results with respect to the
number of hidden neurons. In Figure 4.7, we show the average results of 100
trials each performed using the best performing evolved plasticity rule on the
ANNs, with various number of hidden neurons. We test networks with 5, 10,
15, 20, 25, 30, 35, 40, 45 and 50 hidden neurons. The results show that there
is a 13 point increase on the average fitness value when the number of hidden
neurons is increased from 5 to 20. There is also a slight upward trend when
larger than 20 hidden neurons are used, which results in a 3 point average
fitness gain when the number of hidden neurons is increased from 20 to 50.
Moreover, the standard deviations are also slightly reduced while the number
of hidden neurons increases, showing that the use of more hidden neurons tends
to make the agent’s behavior more consistent across different trials.

2 An online video demonstration of the behavior of an agent for four seasons each consisting of

3000 action steps: https://youtu.be/9jy6yTFKgT4.
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Figure 4.7: The average fitness values of the ANNs with various number of hidden neurons.

4.4.4

Change of the Synaptic Weights

Figures 4.8 and 4.9 show the actual values of the connection weights between
input and hidden, and between hidden and output layers, in a matrix form.
Each column and row in the figures correspond to a neuron in the input, hidden
and output layers. In particular, Figures 4.8a and 4.9a show the initial connection weights between input and hidden, and between hidden and output layers,
sampled randomly. We performed three seasonal changes in the following order: summer, winter, summer. We used the best performing evolved plasticity
rule to perform synaptic updates during the seasons. We provide the rest of the
figures to show the connection weights after each consecutive season.
The connection weights between input and hidden layers appear to be distributed in the range [-1,1]; on the other hand, the connection weights between
hidden and output layers tend to be distributed within the range [0,1] at the
end of each season. This may be due to the activation function of the output
neurons, where only the neuron with the maximum activation value is allowed
to fire.
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(a) Randomly sampled initial connection weights.(b) Connection weights after the first summer
season.
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Figure 4.8: Heat map of the intensities of the connection weights between the input and
hidden neurons during a single run using the best evolved plasticity rule.
The x and y -axes show the input and hidden neuron indices respectively
(7th column shows the biases). Each connection on the heat map is color
coded based on its intensity from −1 to 1. Figure 4.8a shows the initial state
of the connection weights that are assigned randomly. Figures 4.8b, 4.8c and
4.8d show the weights after summer, winter and summer seasons.
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Figure 4.9: Heat map of the intensities of the connection weights between the hidden and output neurons during a
single run using the best evolved plasticity rule. The x and y -axes show the hidden and output neuron
indices respectively (21st column shows the biases). Each connection on the heat map is color coded based
on its intensity from −1 to 1. Figure 4.9a shows the initial state of the connection weights that are assigned
randomly. Figures 4.9b, 4.9c and 4.9d show the weights after summer, winter and summer seasons.
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4.5

Conclusions and Future Work

The plasticity property of biological and artificial neural networks enables learning by modifying the networks’ configurations. These modifications take place
at individual synapse/neuron level, based on the local interactions between neurons.
In this chapter, we proposed an evolutionary approach to produce autonomous
learning in ANNs in a task with changing environmental conditions. We devised
plasticity rules to conduct synaptic adjustments inspired by the local plasticity
property of the BNNs. The plasticity rules operate at individual synapse level,
based on the interactions between artificial neurons. We employed Genetic Algorithms (GA) to explore the search space of the possible plasticity rules for all
possible states of the post- and pre-synaptic neuron activations and reinforcement signals.
We evaluated the evolved plasticity rules on an agent-based foraging task,
focusing specifically on the adaptation capabilities of the ANNs under changing
environmental conditions. In our test scenario, an agent starts with a randomly
initialized ANN configuration, and is required to learn collecting/avoiding correct types of items while interacting with the environment. After a certain number of action steps, the types of items to collect/avoid are switched, and the
agent is expected to adapt to the new conditions.
The results of the multiple runs of the GA produced in total 300 rules, that
we have grouped in 15 distinct plasticity rules (based only on the discrete parts
of the rule), among all 38 = 6561 possible rules. Interestingly, more than half of
all plasticity rules (164 of 300) converged on a single type of rule that showed
the best performance.
To set an upper and a lower bound for the performance of the ANNs with
evolved plasticity rules, we performed a set of separate experiments with handcoded rule-based agents with perfect knowledge and agents with ANN controllers that are optimized using the HC algorithm respectively. We also observed that the fitness of an agent that takes decisions randomly at each action
step is zero, as expected, since in this case the agent does not have any intelligent mechanism to distinguish between items to collect; thus, we did not report
the performance results of this experimental configuration.
Comparison with a hand-coded rule-based agent with a perfect knowledge
of the task showed instead that the performance of the best evolved rule produced agents that can perform the task very well (as good as about 74% of the
performance of the hand-coded agent), considering a continuous learning setting where there are no separate resources for training and testing. In addition,
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we showed the efficiency of the evolved plasticity rules in searching the configuration space of the networks by performing validation during the learning
process. With validation, the best networks could achieve 94% of the performance of the hand-coded rule-based agent (this performance difference may be
due to the specific design of the reward function).
The results of the agents with ANNs that are trained using the HC algorithm
shows that the average fitness value at 1000th iteration is better than the results
of the agents with ANNs trained with the plasticity rules in continuous learning settings without validation. However, the results of the HC has a higher
standard deviation. This is reasonable since in continuous learning settings, the
learning process (thus the mistakes the agents make) are also involved into the
evaluation process. On the other hand, the agents that are trained with plasticity rules with validation performed better than the agents that are trained using
the HC.
Surprisingly, the best evolved rule performed synaptic updates only when
the network produced undesired output (negative reinforcement signal). This
may be due to the specific reward functions we used in the experimentation,
which were designed to provide constant reward/punishment while the networks produced desired/undesired outcomes. Intuitively, after the networks
learn to perform the task successfully, keep performing synaptic updates may
cause degradation in the synaptic weights and result in forgetting.
The approach presented in this chapter is capable of performing synaptic
modifications if the reinforcement signals are available after every action. In
most complex real-world problems, the reinforcement signals are available after
certain period of time, when an agent achieves certain task by performing a
sequence of actions. Next chapter, extends on this work to allow learning in
these complex cases.

Chapter 5
Evolving Plasticity for the Distal
Reward Problem
Reinforcement signals are used as modulatory signals to guide the learning process by signaling how and when the synaptic modifications are performed [22,
91, 116]. In the previous chapter, we studied the case where the reinforcement
signals were required after each output of the network, to help associating the
activation patterns with desired outputs. If the reinforcement signals are available only after a certain period of time, but not immediately after each action
step, it may not be possible to directly associate the activation patterns of the
neurons to the reinforcement signals to perform necessary synaptic changes.
This is known as the distal reward problem [43, 94], and it cannot be addressed
using Hebbian learning in its basic form, but requires a modified learning model
to take into account the neuron activations over a certain period of time.
In this chapter1 , we modify Hebbian learning mechanism proposed in Chapter 4 and propose delayed synaptic plasticity (DSP) for enabling plasticity in
ANNs in tasks with distal rewards [114]. We introduce the use of neuron activation traces (NATs), i.e. additional data storage in each synapse that keep
track of the average pre- and post-synaptic neuron activations. We use discrete
DSP rules to perform synaptic updates based on the NATs and a reinforcement
1 This chapter is integrally based on:
[114] Anil Yaman, Giovanni Iacca, Decebal Constantin Mocanu, George Fletcher, and Mykola Pechenizkiy. Learning with delayed synaptic plasticity. In Proceedings of the Genetic and Evolutionary
Computation Conference, GECCO ’19, pages 152–160, New York, NY, USA, 2019. ACM
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signal provided after a certain number of activation steps, that we refer to as an
episode. The reinforcement signals are based on the performance of the agent
relative to the previous episode (i.e. if the agent performs better/worse relative
to the previous episode, a positive/negative reinforcement signal is provided).
We further introduce competition in incoming synapses of neurons to stabilize
delayed synaptic updates and encourage self-organization in the connectivity.
As such, the proposed DSP scheme is a distributed and self-organized form of
learning which does not require global information of the problem.
We employ genetic algorithms (GA) to evolve DSP rules to perform synaptic
changes on recurrent neural networks (RNNs) that have to learn to navigate in
a triple T-maze to reach a goal location. To test the robustness of the evolved
DSP rules, we evaluate them for multiple trials with various goal positions. We
then note how the process of training RNNs for a task using DSP can be seen
as analogous to optimizing them using a single-solution metaheuristic, except
for the fact that in contrast to general-purpose metaheuristics, the DSP rules
take into account the (domain-specific) knowledge of the local neuron interactions for updating the synaptic weights. Therefore, to assess the effect of the
domain knowledge introduced with DSP, we compare our results with a classic hill climbing (HC) algorithm. Our results show that DSP is highly effective
in speeding up the optimization of RNNs relative to HC in terms of number of
function evaluations needed to converge. On the other hand, the NATs data
structure introduces an additional computational complexity.
The rest of the Chapter is organized as follows: in Section 5.1, we discuss
Hebbian learning and the distal reward problem; in Section 5.2, we introduce
our proposed approach for DSP and provide a detailed description of the evolutionary approach we used to optimize DSP; in Section 5.4, we present our
experimental setup; in Section 5.5, we provide a comparison analysis of our
proposed approach and the baseline HC algorithm; finally, in Section 5.6, we
discuss our conclusions.

5.1

Distal Reward Problem

When reinforcement signals are available after a certain period of time, it may
not be possible to associate the neuron activations that contributed to receiving
the reinforcement signals. This is referred to as the distal reward problem, and
has been studied in the context of time dependent plasticity [28, 43, 94].
From a biological viewpoint, synaptic eligibility traces (SETs) have been suggested as a plausible mechanism to trace the activations of neurons over a cer-

5.2 Learning with Delayed Synaptic Plasticity
tain period of time [28] by means of chemicals present in the synapses. According to this mechanism, co-activations of neurons may trigger an increase in the
SETs, which then decays over time. Therefore, their level can indicate a recent
co-activation of neurons when a reinforcement signal is received, and as such
be used for distal rewards.

5.2

Learning with Delayed Synaptic Plasticity

In this chapter, we focus on a maze-navigation task in a triple T-maze environment (see Section 5.4). Since this task requires memory capabilities, we use a
RNN models to control the behavior of the agents in maze.
The learning process of an RNN is a search process that aims to find an
optimal configuration of the network (i.e., its synaptic weights) that can map
the sensory inputs to a proper sequence of actions in order to achieve a given
task. We use the proposed DSP rules, and the HC algorithm [19] independently,
to perform the learning the RNNs for the specific tripe T-maze navigation task,
and compare their results. Both of these approaches perform synaptic updates
based on the progress of the performance of an individual agent in consecutive
episodes; however, the DSP rules incorporate the knowledge of the local neuron
interactions, while HC uses a certain random perturbation heuristic that does
not incorporate any knowledge. Here, we assume that the progress of the performance of an agent can be measured relative to its performance in a previous
episode. We refer to the measure of the performance of an agent in a single
episode as “episodic performance” (EP). We should note that we formalize our
task as a minimization problem. Therefore, in our experiment an agent with a
lower EP is better.
The illustration of the optimization processes of the RNNs using the DSP
rules and the HC algorithm are given in Figures 5.1a and 5.1b respectively.
Both algorithms run for a pre-defined number of episodes (Nepi sod es ), starting
from an RNN with randomly initialized synaptic weights, and record the best
encountered RNN throughout the optimization process.
In the DSP-based algorithm illustrated in Figure 5.1a, the synaptic updates
are performed after each episode —thus, the synaptic weights of the RNN during an episode are fixed— using DSP rules which take the RNN, NATs, and
a modulatory signal as inputs. The NATs provide the average interactions of
post- and pre-synaptic neurons during an episode. The structure of the NATs
alongside with the DSP rules are explained in Section 5.3 in detail. The modulatory signal is used as a reinforcement which depends on the performance of
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the agent in the current episode relative to its performance during the previous
episode. If the current episodic performance E P e is lower than the previous
episodic performance E P e−1 , then the modulatory signal m is set to 1 (reward),
otherwise m is set to −1 (punishment).

𝑨𝒈𝒆𝒏𝒕 (RNN)

𝐸𝑃𝑒
Environment

Neuron Activation
Traces

𝑰𝒇 𝐸𝑃𝑒 ≤ 𝐸𝑃𝑒−1 𝒕𝒉𝒆𝒏 𝑚 = 1
𝑬𝒍𝒔𝒆 𝑚 = −1
𝑰𝒇 𝐸𝑃𝑒 < 𝐸𝑃𝑏𝑒𝑠𝑡 𝒕𝒉𝒆𝒏
𝑨𝒈𝒆𝒏𝒕𝒃𝒆𝒔𝒕 = 𝑨𝒈𝒆𝒏𝒕

𝑚

𝑨𝒈𝒆𝒏𝒕𝒃𝒆𝒔𝒕 (RNN)
Synaptic Update

𝑊ℎ𝑖𝑙𝑒 𝑒 ≤ 𝑁𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠
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𝑨𝒈𝒆𝒏𝒕𝒃𝒆𝒔𝒕 = 𝑨𝒈𝒆𝒏𝒕
𝑨𝒈𝒆𝒏𝒕𝒃𝒆𝒔𝒕 (RNN)

Synaptic Update
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Perturbation
Heuristics
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Figure 5.1: (a) The learning process by using the delayed synaptic plasticity, and (b) the
learning process by optimizing the parameters of the RNNs using the hill
climbing algorithm.

The HC algorithm that is illustrated in Figure 5.1b performs instead synaptic
updates after each episode using a perturbation heuristic that does not assume
any knowledge of the neuron activations. We use a Gaussian perturbation with
a zero mean and unitary standard deviation and scale it with a parameter σ
to perturb all the synaptic weights of the RNN of the best agent. The synaptic
update procedure generates a new candidate Agent that is tested in the environment for the next episode and replaced with the best RNN if it performs
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better. Conventionally, in standard HC the measure of the performance of an
agent in an episode would be called “fitness”. However, we refer to it as EP, to
make it analogous to the algorithm that uses DSP rules.

5.3

Evolving Delayed Synaptic Plasticity

We propose delayed synaptic plasticity to allow synaptic changes based on the
progress of the performance of an agent relative to its performance during the
previous episode, i.e.:
∆w i , j (e) = DSP (N ATi , j , m, θ)

(5.1)

w i0 , j (e) = w i , j (e) + η · ∆w i , j (e)

(5.2)

where the synaptic change ∆w i , j (e) between neurons i and j after an episode
e is computed based on their NATs, the modulatory signal m (which can either
be 1 or −1, see Section 5.2), and a threshold θ that is used to convert NATs into
binary vectors. The resulting DSP synaptic changes can be of three types (decreased, stable, or increased), i.e. at each time step DSP (N ATi , j , m, θ) ∈ {−1, 0, 1}.
In Equation (5.2), the synaptic change is scaled with a learning rate η. Subsequent to the synaptic updates of all synapses, the synaptic weights for the
next episode w i , j (e +1) are scaled using equation given in Equation (4.7) to prevent an indefinite increase/decrease, and allowing self-organized competition
between synapses.
The NAT data structure is illustrated in Figure 5.2. It keeps track of the
frequencies of the pre- and post-synaptic neuron activation states throughout
an episode. We use four-dimensional vectors for each synapse —since there are
four possible states for the activations of pre- and post-synaptic neurons— to
store the number of times the pre- and post-synaptic neurons were in one of the
following states: 00, 01, 10, and 11, where the first and second bits represent
the pre- and post-synaptic neuron activations, and 0 and 1 represent non-active
and active states of neurons respectively. At the beginning of an episode, all
NATs are initialized as zeros; and the end of an episode, they are divided by the
number of total activations to convert them into frequencies.
The NATs are used in their binary forms to discretize the search space. Each
frequency in a NAT is converted to either 0 or 1 based on a threshold θ (1 for the
frequencies more than θ , and 0 for the ones that are below θ ). Thus, a DSP rule,
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as illustrated in Table 5.1, is a combined form of 32 synaptic change decisions
provided for all possible states of the binary forms of the NATs and the signal
m.

𝑤𝑖𝑗
𝑎𝑖

𝑎𝑗
𝑁𝐴𝑇𝑖𝑗 =

𝑓𝑎𝑖=0,𝑎𝑗=0 𝑓𝑎𝑖=1,𝑎𝑗=0 𝑓𝑎𝑖=0,𝑎𝑗=1 𝑓𝑎𝑖=1,𝑎𝑗=1

Figure 5.2: The neuron activation trace N ATi , j of the pre- and post-synaptic neuron activations a j and ai .

We use genetic algorithms (GAs) to evolve three possible synaptic changes
∆w = {−1, 0, 1} (decrease, stable, increase) for each possible states of the NATs
and m . In total, there are 32 possible states that can take three possible values.
Thus, there is a total of 332 number of possible DSP rules. In addition to the
discrete part, we optimize four continuous parameters (η, θ, αh , αo ) by includ-

ing them into the genotype of the individuals. We used suitable evolutionary
operators separately for discrete and continuous variables. The details of the
GA are provided in Section 5.4.1.
Table 5.1: A delayed synaptic plasticity rule visualized in a tabular form. Depending on
a certain threshold θ for converting the binary forms of specific NATs, the DSP
rule provides the synaptic changes x 1 , x 2 , . . . , x 32 for all possible combinations
of binary NATs and m states.
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5.4

Experimental Setup

In the following sections, we provide the details of our experimental setup including the test environment, the architecture of the agent, and the details of
the GA.

5.4.1

Triple T-Maze Environment

A visual illustration of the triple T-maze environment is given in Figure 5.3. The
triple T-maze environment consists of 29 × 29 cells. Each cell can be occupied by
one of five possibilities: empty, wall, goal, pit, agent, color-coded in white, black,
blue, green, red respectively. The starting position of the agent is illustrated in
red. There are eight final positions, illustrated in blue or green. Among eight
final positions, one of them is assigned as the goal position (in blue), and the
rest as pits (in green). Starting from the initial position, an agent navigates the
environment for a total of 100 action steps. To solve the task, it is required to
find a set of connection weights of the recurrent neural network that can allow
the agent to achieve the goal from the starting position.

Figure 5.3: Triple T-maze environment. The walls, starting position of the agent, goal
and pits are color-coded using black, red, blue and green.
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Agent Architecture
An illustration of the architecture of the agents used for the triple T-maze environment is provided in Figure 5.4. An agent has a certain orientation in the
environment, facing one of the four possible directions along the x and y axes
of the environment (i.e. north, south, west, east), and can only move one cell
at a time horizontally or vertically. It can take sensory inputs from the nearest cells from its left, front and right, depending on its orientation. We let the
agent sense only an empty cell, or a wall (i.e., the agent is not aware of the
presence of the goal or pits), so the sensory inputs are encoded using one bit,
representing an empty cell with 0 and a wall with 1. Thus, there are three bits
as input, that the agent uses to decide one of four possible actions: stop, left,
right, and straight. In case of stop, the agent stays in the same cell with the
same orientation for an action step; in cases of left and right, the agent changes
its orientation accordingly and proceeds one cell straight; in case of straight,
the agent keeps its original orientation and proceeds one cell straight. If the
cell the agent wants to move in is occupied with wall, then the agent stays in its
original position.

Sensory Input

Action Output
Stop
Left

Left
Front
Right

RNN

Right
Straight

(a)

Input

𝑊ℎ𝑖

𝐴𝑖 (𝑡 + 1)

Hidden

𝐴ℎ (𝑡 + 1)

𝑊ℎ

Copy

𝐴ℎ (𝑡)

Output

𝑊𝑜ℎ

𝐴𝑜 (𝑡 + 1)
𝑊ℎ𝑜

Copy

𝐴𝑜 (𝑡)

(b)

Figure 5.4: (a) The sensory inputs and action outputs of the recurrent neural networks
and (b) the architecture of the networks that are used to control the agents.
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We use RNNs to control the agents since our task requires memory capabilities (see 2.2), and may not be solved by a static architecture such as a feedforward ANN. The recurrent and feedback connections between the hiddenhidden and output-hidden layers help agents to keep track of the sequences of
actions they perform throughout an episode. The RNN networks used in all experiments consist of 20 hidden neurons unless otherwise is specified. Therefore,
the networks consist of (3+1)×20 = 80 input to hidden connections, 20×19 = 380
hidden to hidden connections (we do not allow self-recurrent connections in
Wh , thus the diagonal elements of Wh equal to zero) (20 + 1) × 4 = 84 hidden to
output connections, and 4×20 = 80 output to hidden connections, in total of 624
connections between all layers (+1 refers to the bias).
Genetic Algorithm
We use a standard GA to evolve DSP rules with the exception of a customdesigned mutation operator. The genotype of the DSP rules consists of 32
discrete (∆w for all possible states of the NATs and m , see Section 5.3) and
four continuous values (η ∈ [0, 1], θ ∈ [0, 1], αh ∈ [0, 1], αo ∈ [0, 1]). Therefore, we
encode a population of individual genotypes represented by 36-dimensional
discrete/real-valued vectors.
The pseudo-code for the evaluation function is provided in Algorithm 6. To
find the DSP rules that can robustly learn the triple T-maze navigation task independently of the goal position and starting from a random RNN state, each
evaluation called during the evolutionary process consists of testing each rule
for five trials for each of the eight possible goal positions (for total of 40 independent trials). The final positions (one goal in blue, seven pits in green) of the
triple T-maze environment are shown in Figure 5.3. We switch the position of
the goal with one of the pits to have eight distinct goal positions in total. For all
distinct goal positions, the rest of the final positions are assigned as pits. Due to
the computational complexity, the maximum number of episodes per trial is set
to 100.
The E P of an agent in an episode is computed as follows:
½
EP =

st eps(Ag ent ),
N st eps + d (X Y (Ag ent ), X Y (g )),

if the goal is reached;
Otherwise.

(5.3)

For each episode, the agent is given 100 action steps (N st eps ) to reach the goal.
We aim to minimize the number of action steps that the agents take to reach
the goal (in case they do reach it); otherwise, we aim to minimize their distance to the goal. Thus, if the agent reaches the goal, the EP is the number
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of action steps the agent took to reach to the goal (st eps(Ag ent )). Otherwise,
the E P is N st eps + d (X Y (Ag ent ), X Y (g )), that is the maximum number of total
action steps, plus the distance between the final agent’s position and the goal’s
position. The distance between the agent and the goal is found by the A* algorithm [120], which finds the closest path (distance) taking into account the
obstacles. Additionally, the EP of an agent is increased by 5 every time the agent
steps into a pit (recalling that the E P is minimized).
Finally, the fitness value (the lower the better) of a DSP rule is obtained
by averaging E P best found in each trial (i.e. for 5 trials and 8 distinct goal
positions, in total of 40 trials). We should note that the proposed design of
the E P and fitness is chosen to introduce a gradient into the evaluation process
of agents. For instance, the selection process is likely to prefer agents that on
average reach the goal with a smaller number of action steps, and with the least
number of interactions with pits.
To limit the runtime of the algorithm, we use a small population size, 14
individuals in total. We employ a roulette wheel selection operator with an elite
number of four, which copies the four individuals with the highest fitness values to the next generation without any change. The rest of the individuals are
selected with a probability proportional to their fitness values. We use 1-point
crossover operator with a probability of 0.5. We designed a custom mutation operator which re-samples each discrete dimension of the genotype with a probability of 0.15, and performs a Gaussian perturbation with zero mean and 0.1
standard deviation for the continuous parameters. We run the evolutionary process for 300 generations and finally select at the end of the evolutionary process
the DSP rule that achieved the best fitness value.

5.4.2

Hill Climbing

We use the HC algorithm as a baseline to compare the results of the DSP. The
HC algorithm, visualized in Figure 5.1b, is a single-solution local search algorithm [19]. It is analogous to the DSP, except the fact that it is used as a direct
encoding optimization approach where domain knowledge (i.e. knowledge of
the neuron activations) is not introduced into the optimization process. Therefore, it provides a suitable baseline to assess the effectiveness of the domainbased heuristic used in the DSP.
A trial of the HC algorithm aims to find an optimum set of RNN weights
that allows the agent to reach a given goal position, starting from the starting position. All the connection weights of the RNN (644 in total) are directly
encoded into a single real-valued vector that represents an Agent (candidate
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solution). At the beginning of the algorithm, each variable of the Agent is randomly initialized in the range [−1, 1] with uniform probability. The Agent is
then evaluated and assigned as Agentbest , with fitness equal to E P best . After
the evaluation, Agentbest is perturbed using a perturbation heuristic to generate a new Agent as follows:
Agent = Agentbest + σ · N (0, 1)

(5.4)

where N is a random vector whose length is the same as that of Agentbest ,
and each dimension is independently sampled from a Gaussian distribution with
zero mean and unitary standard deviation, scaled by the parameter σ.
The Agent is evaluated and if its E P e is smaller than E P best , Agentbest
is replaced by the new Agent. The perturbation and evaluation processes are
performed iteratively for 100 episodes (evaluations). The overall performance
of the HC algorithm is then obtained by averaging the E P best from 40 trials
(consisting of 5 trials for 8 distinct goal positions), that is the same evaluation
procedure used to evaluate DSP rules.
The performance of the HC algorithm may depend on the parameter of the
perturbation heuristic. Thus, to provide a fair comparison with DSP, we optimize the parameter σ ∈ [0, 1] with respect to the hyper-parameters of the RNN
model αh ∈ [0, 1] and αo ∈ [0, 1] by using a GA with the same settings used to optimize the continuous part of the DSP rules (see Section 5.4.1). We refer these
three parameters as HC parameters.

5.5

Experimental Results

Figures 5.5a and 5.5b show the change of the best fitness value during 15 independent evolutionary optimization processes of the DSP rules and the HC
parameters respectively. We run all the experiments on a single-core Intel Xeon
E5 3.5GHz computer; therefore, we fix the number of generations to 300, to
keep the runtime of the algorithm reasonably limited. In each generation, the
best fitness value obtained by the DSP rules and the HC algorithm with evolved
parameters are shown. A complete list of the evolved DSP rules can be found in
Appendix C.
The initial DSP rules obtain an average fitness of 113.79, with a standard
deviation of 4.30; at the end of the evolutionary processes, they achieve an average fitness of 81.39, with a standard deviation of 4.02. On the other hand,
the initial HC parameters obtain an average fitness value of 98.71, with a standard deviation of 1.64; and at the end of the evolutionary process, they achieve
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an average fitness of 93.50, with a standard deviation of 0.87. We used the
Wilcoxon test to statistically assess the significance of the results produced by
the evolutionary processes [108]. The null-hypothesis that the mean of the results produced by two processes are the same is rejected if the p -value is smaller
than α = 0.05. In our case, the results of the evolutionary processes of DSP rules
are statistically different (better than the HC results) with a p -value of 3.3×10−6 .
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Figure 5.5: The change of the best fitness during 15 independent evolutionary processes
for optimizing (a) the DSP rules and (b) the HC parameters. The y -axes of
figures are scaled between 70–120 to allow a better visual comparison.
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Figure 5.6: The distribution of the episodic performance of 40 trials using the best
performing evolved DSP rule (a) and HC parameters (b) trained for 100
episodes.

5.5 Experimental Results

81

The distribution of the episodic performance of the best evolved DSP rule
and HC parameters are given in Figure 5.6. The trials with an episodic performance smaller than 100 indicate that the goal is achieved in that trial. Thus,
75% of the 40 trials reached the goal when the agents are trained with the DSP
rules. On the other hand, only 35% of the trials reached the goal when the
agents are trained using the HC. A Wilcoxon rank-sum test (calculated on the
EPs) shows that the DSP rule is better with a p -value of 0.03.

(a)

(b)

(c)

(d)

Figure 5.7: (a) The fitness values of the best evolved DSP rules, and (b) the fitness values
of the best evolved HC parameters, both independently tested for 40 trials
with 10000 episodes. Figures 5.7c and 5.7d are magnified views between
1–1000 episodes of (a) and (b) respectively.
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The results show that the training process with 100 episodes does not seem
to be sufficient for the HC algorithm to provide results as good as the results
provided by the DSP rules. Moreover, it may be possible to improve the success
percentage of achieving the goal using the DSP rule by increasing the number
of episodes. To test this, we separately tested the DSP rules and the HC with
evolved parameters provided by the multiple runs of the GA on the same task
settings with 10000 episodes. The results are given in Figure 5.7 where we
show the change of the fitness values (average of 40 trials) w.r.t. the episode
number during the training of the DSP rules and the HC.
The best DSP rule achieved fitness of 54.27 and 44.10, and the HC with the
best parameters achieved fitness of 69.35 and 42.5 in 1000 and 10000 episodes
respectively. The results indicate that the DSP rules converge at a better fitness
value faster than the HC. However, when the number of episodes is increased
(for 10000), the HC achieves slightly (a fitness value difference of 1.6) better
performance than the best DSP rule. The p -values for the Wilcoxon tests for
the results at episodes 1000 and 10000 are 0.02 and 0.3; thus, at 1000 episodes
DSP rule is significantly better than HC, whereas at 10000 there is no significant
difference between their results.

(a)

(b)

Figure 5.8: The fitness values of the best evolved delayed plasticity rules tested for 40
trials for 10000 episodes, with iterative re-sampling every 100 episodes. Figure 5.8b is a magnified view of the same results between episodes 1–1000.

We observe that some of the DSP rules seem to get stuck at a local optimum after around 100 episodes, which may be due to the fact that they were

5.5 Experimental Results
optimized for 100 episodes. Thus, to reduce this effect we used an iterative resampling approach to randomly reset all the weights of the networks (from the
initial domain) at every 100 episodes without resetting the best found fitness
value. Thus, in the visualization, the fitness value does not appear worse than
the best fitness due to each re-initialization. The training process generated by
the iterative re-sampling based DSP rules is provided in Figure 5.8. The best DSP
rule achieves fitness values of 48.72 and 39.32 at 1000 and 10000 episodes. A
perfect agent (an average of the distances of starting and 8 goal positions found
by the A* algorithm) achieves a fitness value of 38.5. For completeness, we also
performed additional experiments for the HC using the iterative re-sampling
approach. However, we observed in this case that their results were not better
than the standard HC with the tested settings.
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Figure 5.9: The distribution of the episodic performance of 40 trials using the best DSP
rule, HC, and DSP rule with iterative re-sampling approach at episodes 1000
and 10000 are given in (a) (b), (c) (d), and (e) (f) respectively.

The distributions of the episodic performance of the best performing DSP
rule, HC with best parameters and DSP with iterative approach at 1000 and
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10000 episodes are given in Figure 5.9. We fixed the minimum and maximum
values of the x -axes of all figures to 35–125 for a better visual comparison. At
1000 episodes, all of the agents in 40 trials reach the goal with the smallest
number of steps when the DSP rule with iterative re-sampling is used. On the
other hand, 39 and 30 of the agents in 40 trials reach the goal when we use the
DSP rule and HC respectively. At 10000 episodes, all of the agents in 40 trials
reach the goal when the best heuristic from each approach is used. However,
in the case of the DSP rule with iterative re-sampling, the agents reach the goal
with the smallest number of steps on average.
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Figure 5.10: The fitness of the best evolved DSP (standard and iterative re-sampling variants) rule and the HC with best evolved parameters (standard and iterative
re-sampling variants) tested on 10000 episodes.

Figure 5.10 shows the comparison of the best evolved DSP2 , iterative DSP,
HC and iterative HC heuristics with best evolved parameters. Iterative HC performs worse than the HC. On the other hand, the HC was able to outperform
the DSP at around 5000 generations, while it could not perform better than the
iterative DSP.
2 We have recorded the performance of the agents on the triple T-maze task after training with
the best evolved DSP rule for 100, 1000 and 10000 episodes. A video of the experiment is available
online at: https://youtu.be/J0WYMrAMSdU.
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5.6

Conclusions and Future Work

When the reinforcement signals are available after a certain period of time, it
may not be possible to associate the activations of the neurons during this period
with the reinforcement signals, and perform synaptic updates using Hebbian
learning. In this chapter, we proposed the NATs, i.e. additional data storage in
each synapse to keep track of neuron activations. We used DSP rules that take
into account the NATs and delayed reinforcement signals to perform synaptic
updates. We used relative reinforcement signals that were provided after an
episode based on the relative performance of the agent in a previous episode.
Since the NATs introduce knowledge of neuron activations into the DSP rules,
we compared their results to an analogous HC algorithm that performs random
synaptic updates without any knowledge of the network activations.
We observed that the DSP rules were highly efficient at training networks
with a smaller number of episodes compared to the HC, as they converge quickly
at a better fitness than the HC. When they were tested on a larger number of
episodes on the other hand, they seemed to be outperformed slightly by HC. We
hypothesized that this could be due to the fact that the DSP rules were optimized
for a relatively small number of episodes (100). When we tried a iterative resampling approach, the DSP rules provided the best results. On the other hand,
the DSP rules introduce an additional complexity that requires storing/updating
four parameters per synapse during the network computation, and looking-up
the update rule based on the activation patterns for each synaptic update.
We aim to apply the DSP on different ANN network models (i.e. continuous
neuron activations) with various sizes, and test it on tasks with various complexity. It would also be interesting to investigate the adaptation capabilities of
the networks with DSP when the environmental conditions change.

Chapter 6
Evolving Plasticity for
Producing Novelty
A learning process with the plasticity property often requires reinforcement signals to guide learning based on the reward and punishment signals received
in response to the behavior of the agents. However, in some tasks (i.e. mazenavigation), the agents receive reinforcements only when they perform a correct
sequence of actions that can solve the task. Thus, they do not receive any reinforcement during the process to indicate how close they are achieving the task.
In these cases, there can only be a binary feedback that indicates whether or not
the agent solved the task. The binary feedback may provide a reward after a
successful behavior, and punishment for the failed behaviors. Usually, the number of successful behaviors would considerably be less than the number of failed
behaviors. Since there is no information gained by performing failed behaviors
(i.e. all failed behaviors have the same poor fitness value), it becomes challenging to find a successful behavior. Usually exhaustive search is required to find
the successful behaviors. We refer to this problem as the “needle in a haystack”
problem, “needle” is being a correct sequence of actions that can solve the problem, and “haystack” being all the other sequences of actions that fail to solve
the problem [36].
In Chapters 4 and 5, we proposed evolving plasticity rules to provide learning in the cases of immediate and delayed reinforcement signals respectively. In
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this chapter1 , we aim to model a plasticity based learning process in ANNs for
the needle in a haystack problem where we introduce novelty producing synaptic plasticity (NPSP) that aims to evolve plasticity rules to produce as novel
behaviors as possible without any reinforcement signals. We make use of the
neuron activation traces (NATs) and delayed synaptic plasticity (DSP) framework introduced in Chapter 5 to provide information of the neuron activations
and perform synaptic changes at the end of an episode. We evaluate the NPSP
on deceptive maze tasks that require complex actions to complete. Deceptive
maze problems usually require solving several sub-goals to achieve a final goal
state. Thus, it is not straightforward to define a simple fitness value (i.e. Euclidean distance to the goal position in a maze). We propose NPSP because it
may allow finding the solution by producing novel behaviors.
The rest of the sections are organized as follows: in Section 6.1, we introduce the needle in a haystack problem; in Section 6.2, we discuss the NPSP
framework; in Section 6.3, we provide the details on evolving the NPSP rules;
in Sections 6.4 and 6.5, we provide our experimental setup and discuss our
results and in Section 6.6, we discuss our conclusions and future work.

6.1

The Needle in a Haystack Problem

Fitness

Fitness Landscape

1

0
Solution (x)
Figure 6.1: An illustration an hypothetical fitness landscape where there is only two possible discrete fitness values (i.e., 1: global optimum, 0: global minimum).
Typically, only a small set of solutions associated with the high fitness value
that indicate the solution to the problem.
1 This chapter is integrally based on:
[113] Anil Yaman, Giovanni Iacca, Decebal Mocanu, George Fletcher, and Mykola Pechenizkiy. Novelty producing synaptic plasticity. (in Preparation)

6.2 Novelty Producing Plasticity
Figure 6.1 illustrates an hypothetical case of the fitness landscape with a needle
in a haystack problem. The x - and y -axes show the behaviors (solutions) and
their fitness values respectively. The problem regarded as a “black box” which
assumes that there is no available metric to measure the efficiency of behaviors
in solving the task. Therefore, fitness values “1” and “0” indicate the fitness
values of the successful and failed behaviors. Since there is no other fitness
value, there is no difference among the behaviors within these two behavior
types (successful, failed). There may be more than one behavior that can provide a solution to the problem; and the remaining majority of the behaviors in
the behavior space fail to provide solution to the task.

6.2

Novelty Producing Plasticity

Figure 6.2c shows a learning process using the NPSP. An agent controlled by
a randomly initialized RNN is introduced into an environment to perform a
certain task for an episode (period of time). At the end of an episode, only
episodic performance E P = 1 or E P = 0 received from the environment to indicate whether the agent was successful or not in solving the task. While E P = 0
and the number of episodes smaller than the maximum number of allowed
episodes Nepi sod es , the synaptic weights of the network is updated based on the
NPSP and NATs, and the agent is reintroduced into the environment to attempt
to solve the problem for the next episode. Note that, there is no information
about the performance of the agent to determine how close/far the behavior it
produced for solving the task. Thus, it is not possible to incorporate this information into the process of learning/optimization of the weights of the RNN.
The learning process of the RNNs using random search and random walk are
illustrated in figures 6.2a and 6.2b. These two processes are analogous to the
learning process using the NPSP. In the case of random search, at the beginning
of each episode, all synaptic weights of the RNNs are randomly sampled. In the
case of random walk, after each episode, the synaptic weights of the RNNs are
perturbed by a perturbation heuristic (i.e. Gaussian perturbation). However, it
is not possible to perform perturbations on a best network that is encountered
during the search process similar to what is done in Hill Climbing algorithm
since there is no way of distinguishing the networks that do not solve the task
because there is no fitness value.
Novelty search and MAP-Elites algorithms were proposed for deceptive tasks
where the use of fitness values are often detrimental for the evolutionary process [54, 66]. These algorithms may be beneficial for solving problems with
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needle in a haystack problems, however, they require external memory to store
encountered solutions, and in the case of MAP-Elites, fitness values to map the
solutions to a predefined feature space.

𝑹𝒂𝒏𝒅𝒐𝒎𝑰𝒏𝒊𝒕 (RNN)

Environment

𝐸𝑃𝑒

𝑨𝒈𝒆𝒏𝒕 (RNN)

Random
Perturbation

𝐸𝑃𝑒
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𝑨𝒈𝒆𝒏𝒕(RNN)
𝑊ℎ𝑖𝑙𝑒 𝑒 ≤ 𝑁𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠 & 𝐸𝑃𝑒 = 0
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Synaptic Update

(b)
Novelty Producing Synaptic
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Environment
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𝐸𝑃𝑒
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Synaptic Update
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Figure 6.2: The learning process of the RNNs that controls the agents using (a) random
search, (b) random walk, (c) novelty producing synaptic plasticity.

6.3

Evolving Plasticity for Producing Novelty

We propose evolving synaptic plasticity rules to produce novel behavior. This
may especially be beneficial for the cases where there is no information (i.e.
fitness values, reinforcement signals) about the problem to guide the learning
process. We use the NATs (proposed and discussed in Chapter 5 in detail) to
keep track of the pairwise activations of neurons during an episode. We perform
synaptic updates ∆w i , j between neurons i and j based on the NATs after an
episode e as follows:
∆w i , j (e) = N P SP (N ATi , j , θ)

(6.1)
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w i0 , j (e) = w i , j (e) + η · ∆w i , j (e)

(6.2)

where θ is a threshold that is used to convert NATs into binary vectors, and η
is a learning rate that scales the magnitude of the synaptic update. The result
of an NPSP rule can produce one of three values as: 1, −1 or 0 which can
increase, decrease or keep stable the synaptic strength between neurons i and j
respectively. We use the normalization step given in Equation (4.7) to scale the
synaptic weights and prevent an indefinite increase/decrease.
The NATs are stored as four-dimensional binary vectors for each synapse (see
Chapter 5). Each of these four dimension can either be 0 or 1 that is discretized
using threshold θ . Therefore, there are 24 = 16 possible NATs shown in Table 6.1.
Table 6.1: The complete list of all possible NATs states are visualized in a tabular form.
Depending on a certain threshold θ , NATs are converted to their binary forms.
The synaptic changes x 1 , x 2 , . . . , x 16 are performed based on the NATs.

00

N AT θ
01 10

11

0
0
...

0
0
...

0
0
...

0
1
...

1

1

1

1

∆w
x1
x2
...
x 16

The corresponding synaptic changes x 1 , x 2 , . . . x 1 6 to each possible NAT combination is found by a genetic algorithm. Each of these synaptic changes cant
take one of three possibe values ∆w = {−1, 0, 1} (decrease, stable, increase). Since
there are 16 possible states of NATs, there are 316 possible NPSP rules.

6.4

Experimental Setup

In this section, we provide the details of our experimental setup including the
test environment and the details of the GA.
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6.4.1

Deceptive Maze Environment

We perform experiments on environments we refer as deceptive maze (DM)
because it is not straightforward to specify a fitness function to solve these tasks.
Moreover, the use of simple fitness functions is usually deceiving to solve the
problem by getting stuck in a local optimum and thus preventing finding good
solutions [4, 54].

(a) DM11 door closed

(b) DM12 door opened

(c) DM21 door closed

(d) DM22 door opened

Figure 6.3: An illustration of two deceptive maze environments. Figures 6.3a and 6.3b
are two versions of the first environment, and Figures 6.3c and 6.3d are
two versions of the second environment. The only difference between the
two versions of the same environment is an opening on the middle wall that
allows agents to travel from the left room to the right. Labels “1” and “2”
show two independent starting positions the agent.

Visual illustrations of DM environments are shown in Figure 6.3. The en-
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vironments consist of 23 × 23 cells. Each cell can be occupied by one of five
possibilities: empty, wall, goal, button, agent, color-coded in white, black, blue,
green, red respectively. The starting position of the agent is illustrated in red.
There are two starting positions of the agent labelled as “1” and “2”. These
starting positions are tested separately.
Figures 6.3a and 6.3b show two versions of the same environment we refer
as DM11 and DM12, and Figures 6.3c and 6.3d show two versions of the same
environment we refer as DM21 and DM22. The only difference between these
two versions of the environments is that there is an opening (door) in in the
middle wall that allows an agent to travel from the left room to the right.
In the environments, there is a button area and goal area illustrated in green
and blue. Starting from one of the starting positions, the agent is required to
first go to the button area and perform a “press the button" action. In this
case, the door in the middle of the wall opens. The agent is then required to
pass through this opening and reach the goal position. We employ RNNs for
controlling the agents to generate sequence of actions to allow agents to reach
to the goal from the starting positions. To achieve that, it is required to find the
connection weights of the RNNs that can generate correct sequences of actions.
Agent Architecture

Action Output
Stop
Left

Sensory Input
Left
Front
Right

RNN

(a)

Right
Straight
Press

Input

𝐴𝑖 (𝑡 + 1)

𝑊𝑜𝑖
𝑊𝑜

Output

𝐴𝑜 (𝑡 + 1)
Copy

𝐴𝑜 (𝑡)
(b)

Figure 6.4: (a) The sensory inputs and action outputs of the recurrent neural networks
without a hidden layer, and (b) the architecture of the networks that are used
to control the agents.

An illustration of the architecture of the agents used for the deceptive maze
tasks is given in Figure 6.4. We used similar simulation settings that were dis-
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cussed in Section 5.4 in detail. Only an additional action “Press” is added to
press the button to open the door.
We use RNNs to control the agents. To limit the computational requirements,
we did not use a hidden layer. Thus, the RNNs consist of only input and output
layers as shown in Figure 6.4b. The networks consist of (3 + 1) × 5 = 20 input to
output layer connections (+1 refers to the bias), 4×5 = 20 output layer to output
layer connections (except self), in total of 40 connections between all layers.
Genetic Algorithm
A standard GA was used to evolve the discrete parts of the NPSP rules. The NPSP
rules consist of discrete and continuous parts. The discrete parts of the genotypes consists of 16 genes, and were initialized randomly from {−1, 0, 1}. The
continuous parts of the genotypes were initialized randomly from the ranges of
(η ∈ [0, 1], θ ∈ [0, 1], αo ∈ [0, 1]). Thus, the genotype of the individuals represented
as 19-dimensional discrete/real-valued vectors. We use custom-designed mutation operator (Gaussian mutation) for the continuous parts of the NPSP rules.
Algorithm 7 shows the evaluation of an individual NPSP rule. We evaluate
each NPSP rule on two environments, illustrated in Figure 6.3, for two starting
positions for three trials each. Thus, in total, we perform 12 independent trials
of agent simulations in an environment. Each of these trials consists of 500
episodes of learning process, within each of these environment simulations in
each episode, the agent is allowed to perform 250 action steps to reach to the
goal.

f i t ness =

¯
¯
¯uni que(B )¯
N t r i al s

(6.3)

The fitness value of an individual NPSP rule is found by Equation (6.3) which
is based on the average number of novel behavior the NPSP rule produces. To
calculate that, we abstract and record the behavior of an agent during each
episode and append to the behavior set B, and find the average of the number
of novel (unique) behavior per trial.
The environment was divided 3×3 squares as shown in Figure 6.5, and each
square is given two unique identifiers (ids) (i.e. “1” and “1*”) to distinguish between two states of the agent: “located in the square” and “located in the square
and pressed button”. Inspired by Pugh et al., [76], we abstract the behavior of
an agent by recording its trajectory based on the locations visited, and save as
a sequence of ids in a string form. We refer each of these strings as a behavior.
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We collect the behavior in each episode and find how many novel behaviors the
NPSP rule is able to produce during one trial (500 learning episodes). We aim
to maximize number of novel behavior produced by the NPSP to be able to find
the behavior that solves the task.
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Figure 6.5: An example illustration of the environment representation that is used to
abstract the behavior of the agents.

(a)

(b)

Figure 6.6: The distances of each cells to the goal position in each environment are
shown as heatmaps where the intensity of red color indicates lower distance.

The distances of each cell to the goal position in the environments are
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measured as shown in Figure 6.6. During each episode, the closest distance
mi n(d e (X Y (Ag ent ), X Y (g ))) to the goal position X Y (g ) is also recorded.
The comparison is performed based on two performance measures: “novelty” and “distance”. Novelty measure is the average of unique number of behaviors produced during an evaluation process and is also used as the fitness
value for the selection process in the GA. Distance measure is the average of
the smallest distances to the goals that an agent achieved during the evaluation. Both of these measures were scaled within a certain range to make it easy
to perform comparison between the results of the different runs of different
starting points of different environments. Thus, the novelty measurement was
divided by the number of episodes to scale it between 0 and 1. So, the agent
has a novelty score of 1 if it can produce a novel behavior in each episode. The
distance measure is adjusted depending on whether the agent manages to pass
through the door to the second room where the goal is located. If the closest
distance of the agents to the goal is greater than the distance of the door to
the goal (the agent was not able to go pass to the second room), its distance
measure updated as:
d i st ag ent = 1 +

mi n(d e (X Y (Ag ent ), X Y (g )))
maxDi st

(6.4)

Otherwise (if the agent manages to go the second room where the goal is located), then its distance measure is updated as:
d i st ag ent =

mi n(d e (X Y (Ag ent ), X Y (g )))
maxDi st Second Room

(6.5)

where constants maxDi st and maxDi st Second Room are the maximum distance to the goal, and maximum distance to the goal in the second room. Thus,
the updated distance measure is between 0 and 2. If it is greater than 1, it
means that the agent was not able to pass to the second room; and if it is
smaller than 1, it means that the agent managed to pass to the second room;
and its magnitute indicate its distance to the goal position, smaller is the closer.
We use a population size of 14 and employ a roulette wheel selection operator with an elite number of four. We use 1-point crossover operator with a
probability of 0.5 and designed a custom mutation operator which re-samples
each discrete dimension of the genotype with a probability of 0.15, and performs a Gaussian perturbation with zero mean and 0.1 standard deviation for
the continuous parameters. We run the evolutionary process for 100 generations. In each generation during an evolutionary process, we store the NPSP
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rules that produced the largest number of novel behavior, and the NPSP rules
that achieved the minimum distance to the goal positions.

6.4.2

Benchmark Algorithms

We use two analogous algorithms, Random Search (RS) and Random Walk
(RW), for comparison to the NPSP rules. The RS and RW algorithms use single
solution to perform synaptic changes after every episode. However, they perform synaptic changes by random initialization and perturbation respectively,
thus, do not use any domain knowledge on the activation of neurons as it is
used in the NPSP rules.
The RS algorithm randomly initializes all the connection weights of the
RNNs after each episode. Thus, it randomly searches the search space. In the
case of the RW, the connection weights of the network is randomly perturbed
by the Gaussian mutation as given in Equation (6.6). Thus, the RW aims to
discover the neighboring points of an initial point in the search space.
Agent = Agent + σ · N (0, 1)

6.5

(6.6)

Experimental Results

In this section, we present the results of the RS, RW and NPSP rules. The
comparisons between the results of the algorithms are performed based on the
updated novelty and distance measures that are explained in Section 6.4.
Table 6.2 shows the average results of the novelty and distance measures of
the agents trained by RS, RW and evolved NPSP rules. During the evolutionary
process of NPSP rules, the learning process is set to 500 episodes and for 12
trials in total (3 trials of 2 starting positions for 2 environments). The column
labelled as NPSP_train presents the results of the best evolved NPSP rule during
the evolutionary process whereas the column labelled as NPSP_test shows the
results of the best evolved rule tested separately for 40 trials. We tested the
RS and RW using the similar settings and presented in columns labelled as RS1
and RW1. Additionally, we tested RS and RW on 5000 episodes and presented
the results under the columns labelled as RS2 and RW2. The rows labelled as
“Second Room” and “Goal” indicate the number of times (out of total number
of trials) the agent was able to go the the second room and reached to the goal
respectively.
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We observe that the RS produces more novel behavior relative to the RW.
That could be expected since the RS randomly samples from the search space
after each episode, whereas, the RW performs iterative perturbations on randomly initialized solutions, thus, it performs the search more locally. Consequently, RS leads to lower distance measure which indicates that producing as
many novel behavior as possible is beneficial for finding a successful behavior.
Algorithm:
Episodes
Novelty
Distance
Goal
Second Room
Total trial

RS1
500
0.095
1.3974
0
0
12

RS2
5000
0.0344
1.2635
0
3
12

RW1
500
0.018
1.5032
0
0
12

RW2
5000
0.058
1.4219
0
1
12

NPSP_train
500
0.3065
0.9303
1
7
12

NPSP_test
500
0.2973
0.8701
3
27
40

Table 6.2: The average results of the novelty and distance measures of agents trained by
RS, RW and evolved best performing NPSP rules.

When the number of episodes is increased to 5000, the RS2 and RW2 algorithms performs relatively better than the RS1 and RW1. The RS2 produced
on average 170 novel behavior (0.0344 × 5000) whereas the RS1 produced on
average 47 novel behavior (0.095 × 500). Although, the number of episodes increased 10 times, the novel behavior produced by RW2 is increased about 3.5
times. As a result, the agent trained by RS2 was able to access the second room
three times. The RW2 produced on average 29 novel behavior (0.0058 × 5000)
whereas the RW1 produced on average 9 novel behavior (0.018 × 500).
The results of the NPSP show that the best performing evolved NPSP rule is
capable of producing about 150 (0.3065×500 on train, 0.2973×500 on test) novel
behavior on average. Consequently, the agents that are trained with the NPSP
rule are capable of entering to the second room 67.5% of the test trials. One
of the interesting observation is that the number of novel behavior produced by
RS2 is slightly more than the novel behavior produced by the NPSP rule, however, the agents trained with the NPSP were able to explore the environment
more. This indicates that the exploratory quality of the behaviors produced by
the NPSP may be higher than the RS2.
During the evolutionary processes of the NPSP rules, we further stored the
NPSP rule that achieved the smallest distance to the goals on average. This
rule was able to achieve a novelty score: 0.1988 and a distance score: 0.5123,
found the goal 4 times and entered to the second room 10 times out of 12 trials.
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However, when this rule was tested separately for 40 trials, it achieved a novelty
score: 0.1547 and a distance score: 1.1092, found the goal 1 time, and entered
to the second room 17 times. These results show that selecting rules for novelty
rather than closeness to the goal produces better performance on the test data
which indicates that this approach is more generalizable.
Figures 6.7a and 6.7b provide the novelty and distance trends during 5 independent evolutionary runs respectively. Since the NPSP rules were selected
based on their novelty, their distance trends are not decreasing all the time.
Thus, some rules showed better distance with lower novelty score.
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Figure 6.7: The novelty and distance trends of the NPSP rules given respectively in Figures 6.7a and 6.7b during 5 independent evolutionary runs.

We assigned each cell in the first room of DM1 and DM2 as the starting point
and used the best performing evolved NPSP rule to train agents for 10 independent trials (each starting from a randomly initialized RNN configuration). Note
that, the NPSP rules were evolved based on two selected starting points. Here,
we aim to assess the generalizability of the NPSP rule by measuring the distance
and novelty measures of agents when they start any cell in DM1 and DM2. We
show the results in Figure 6.8 where we assign the average of the distance and
novelty measures to each cell when it is used as the starting point. We colourcoded the figures based on the magnitude of the values in each cell where the
intensity of red indicate higher values.
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(a) DM1 Distance Measure

(b) DM1 Novelty Measure

(c) DM2 Distance Measure

(d) DM2 Novelty Measure

Figure 6.8: The average distance and novelty measures of 10 independent trials of the
agents trained by the evolved NPSP rule. The value in each cell indicate
the result when it is set as the starting point. Only the first rooms of the
environments are shown since the agents can only start from there. The
intensity of the colour indicate the magnitude of the value in each cell.
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Based on the distance measures shown in Figures 6.8a and 6.8c, we observe
that the agents starting close the wall and behind the obstacle do not manage
to get closer to the goal position. Correspondingly, Figures 6.8b and 6.8d show
lower novelty measures in similar areas. Whereas, the agents that start from
the middle area, and the area that face or within the button area, are capable
of getting close to the goal. Moreover, they show higher novelty measure. For
DM1, the average novelty measure of the cells that have the distance measure
smaller than 0.5 is 0.3638, between 0.5 and 1 is 0.3034, and greater than 1
is 0.3057. For DM2, the average novelty measure of the cells that have the
distance measure smaller than 0.5 is 0.3977, between 0.5 and 1 is 0.3141,
between 1 and 1.5 is 0.3033, and greater than 1.5 is 0.1937. Therefore, we
observe that, more clearly in DM2, there is inverse relation between novelty
and distance measures. We show the pairwise distance and novelty measures of
each cells in DM1 and DM2 in Figures 6.9a and 6.9b respectively.
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Figure 6.9: The pairwise distance and novelty measures of each cells in DM1 and DM2.

Overall, we observe that agents started from 128 cells out of 172 (74.5%),
and 87 out of 172 (50.5%) were able to access the second room in DM1 and
DM2 respectively. This shows that the agents in DM1 were more successful in
getting closer to the goal. This may indicate that the second environment is
more difficult to solve, or environmental bias in the NPSP rule that may help
capturing some features in DM1.
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6.6

Conclusions and Future Work

In Chapters 4 and 5, we proposed evolutionary approaches to introduce plasticity in ANNs to allow learning in the cases with immediate and delayed reinforcement signals. In this chapter, we proposed an evolutionary based approach
to produce synaptic plasticity to allow learning in ANNs for the cases with no
reinforcement signals. We refer to these problems as the “needle in a haystack”
where it is required to find a solution in a large search space without any information to distinguish between solutions (i.e. fitness value or reinforcement
signal) to guide the learning process. We proposed novelty producing synaptic plasticity which aims to produce as many novel behavior as possible to find
the behavior that can solve the problem. We used neuron activation traces to
inform the NPSP rules to make synaptic changes. We compared the NPSP with
random search and random walk algorithms that are analogous to the NPSP
except they perform synaptic changes randomly. These algorithms use only a
single solution. Our results show that the information about the pairwise activations of neurons introduced with the NATs, helps increase the number of novel
behaviors relative to random search and perturbations.
We observed positive relation between novelty and finding a solution. We
aimed also to assess the generalizability of the NPSP rule by testing for all possible starting positions in test environments. In some starting cells, the NPSP
was not able to produce novel behaviors as well as others and thus solving the
problem from those cells appeared to be difficult.
We used relatively small number of network size, population size and function evaluations during the evolutionary process to limit the computational requirements and runtime of the algorithms. Therefore, for the future work, we
aim to perform experiments with large parameter settings for the possibility
of finding better NPSP rules. We further aim to test the NPSP rules on larger
networks.

Chapter 7
Conclusions and Future Work
Through the evolutionary process, biological systems and organisms have come
to exhibit intelligent behavior to help them solve the problems they encounter in
their environment, and ultimately survive. The intelligent behavior they exhibit,
and the processes that brought about these behaviors have been one of the main
sources of inspirations in generating intelligence in artificial systems.
Artificial neural networks are one of the biologically inspired computational
models that aim to model the information processing behavior of BNNs. Using
optimization approaches, the configuration of ANNs (i.e. topology, connections
and their weights) are trained/optimized to map given inputs to desired outputs
to solve certain tasks. The optimization process usually consists of training and
validation phases to find the configuration that performs the best.
Inspired by the biological evolution of the BNNs, the field neuroevolution
employs evolutionary computing approaches to optimize ANNs. However, while
the dimensions of the problems increases, neuroevolution gets effected by two
bottlenecks when the direct encoding approach is used. These bottlenecks concern the scalability of the evolutionary algorithms in performing efficient search
in higher dimensional search spaces, and reducing the high computational cost
required during the evaluation phase due to the sample or simulation size.
The parameters of the ANNs optimized by neuroevolution with direct encoding approaches remain fixed during their lifetime (unless the optimization
process resumed or restarted). On the other hand, one of the fundamental aspect of learning in BNNs is their plasticity property that allows them to change
their configuration during their lifetime. Although current physiological un-

104

Conclusions and Future Work
derstanding indicates that these changes are performed in individual synapses
based on the local interactions of the neurons, the emergence of a coherent
global learning behavior of the whole network is not very well understood.
In this thesis, we presented our main contributions in direct and indirect
neuroevolution approaches. In the following three sections, we discuss our
conclusions, limitations and future work.

7.1

Conclusions

It is not straightforward to apply evolutionary optimization approaches to neuroevolution for optimizing ANNs with large number of parameters using direct
encoding. In Chapter 3, we proposed limited evaluation and cooperative coevolution schemes to improve the accuracy and runtime of standard differential
evolution algorithm. The limited evaluation (LE) scheme allows the evaluation
to be performed on a subset of samples similar to what is done in batch training;
and, the cooperative co-evolution (CC) scheme allows to decompose the problem into smaller subproblems, and evolve them separately in different subpopulations. Here, the problem decomposition approach plays an important role in
reducing the dependencies between the variables in different subpopulations.
Thus, we treated each neuron as a building block of an ANN and optimized
their parameters (incoming synaptic weights) separately in different subpopulations. Given the same number of function evaluations, our results showed
that the LE scheme reduced the runtime, and the CC increased the accuracy of
the results of the algorithm.
In Chapters 4, 5 and 6, we proposed an evolutionary approach for producing plasticity property in ANNs. Using this approach, we evolved discrete local
learning rules to perform synaptic changes in each synapse based on the local interaction of neurons. This form of learning can exhibit distributed and
self-organized properties, and the discrete learning rules can provide an interpretable alternative to other approaches proposed in the literature for synaptic
plasticity. Moreover, discrete learning rules are able to specify an individual
synaptic update rule for all possible pairwise (binary) interaction state of the
neurons that may not be possible using continuous update functions.
We demonstrated the performance of the plasticity rules evolved with the
proposed approach on three kinds of reinforcement learning tasks. In Chapter 4,
we studied a case where the reinforcement signals are available immediately after each action of the agent. The immediate reinforcement signals are used to
perform continuous lifetime learning. We evaluated the learning and adapta-

7.1 Conclusions
tion capabilities of feed forward ANNs trained by the evolved plasticity rules on
a foraging task where an agent is required to learn to navigate within an enclosed environment and collect/avoid nutritious/poisonous types of food items
starting from a random network configuration. To assess the adaptation capabilities of the agents, we periodically changed the environmental conditions
by switching the reward/punishment values for the nutritious and poisonous
food items. We observed that the agents that are trained by the evolved plasticity rules are able to adapt to the task when the reinforcement function changes.
We obtained various evolved plasticity rules that show differences in their adaptation capabilities. Unlike classical Hebbian plasticity rules, the majority of the
best performing plasticity rules carried out synaptic changes when the agent
performed undesired behaviors. This would make sense because if the synaptic
changes are performed continuously after each desired behavior, these changes
may disrupt the configuration of the network causing the network to “forget”
what was learned.
In Chapter 5, we studied the case where the reinforcement signals are not
available after each action of the network, but received after a certain period
of time. This case can often be encountered in tasks that require certain sequence of actions to achieve a certain goal. However, in this case, it becomes
challenging to associate the activations of the neurons to delayed reinforcement
signals. We proposed an additional data structure we referred as neuron activation traces to keep track of the pairwise activations of neurons within a period
of time. We evolved delayed plasticity rules which are extensions of the discrete plasticity rules introduced in Chapter 4 to perform synaptic changes based
on the NATs and a delayed reinforcement signal. We used a recurrent neural
network model to control the agents and evaluated delayed plasticity rules on
a triple T-maze navigation task where an agent is required to learn to navigate
from a starting position to a goal position. We compared the proposed approach
with the Hill Climbing algorithm that is analogous to DSP rules except it does
not use the domain knowledge introduced with the NATs. The results showed
that the heuristic introduced with the NATs significantly improves the learning
process relative to the HC algorithm in smaller number of episodes.
In Chapter 6, we introduced novelty producing synaptic plasticity for the
tasks where the reward signal is received after a certain period of time and only
when the agent solves the task. In this case, the reward function provides the
same feedback for the unsuccessful attempts of the agent in solving the task,
and only provides positive feedback when the task is solved. Thus, there would
not be any way of distinguishing the behavior of the agent in terms of their
closeness to solving the problem. We referred to this problem as the “needle
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in a haystack” problem and proposed evolving plasticity rules, we referred as
the novelty producing synaptic plasticity rules, that can perform changes at the
end of each episode using the NATs without making use of any reinforcement
signal. The NPSP rules were evaluated based on how many novel behavior they
can produce within a given number of episodes. Thus, this approach aims to
find the behavior that can solve the task by producing as many novel behavior
as possible. We observed that the NPSPs using the heuristic introduced with the
NATs were capable of producing novel behaviors and thus finding the solutions
to the problem in the absence of the reinforcement signals.

7.2

Limitations

The heuristic proposed in Chapter 3, decomposes the parameters of a large ANN
based on the post-synaptic neurons where all the incoming synaptic weights of
each post-synaptic neuron is assigned to a subpopulation. This heuristic aims to
reduce the number of parameters per subpopulation. However, the number of
parameters of a neuron may still be large if they have large number of incoming
connections. Moreover, the number of subpopulations increases linearly depending on the number of neurons. The algorithm was designed to iterate over
all of these subpopulations sequentially starting from the fist subpopulation to
the last.
The indirect approach aims to evolve the learning algorithm instead of the
parameters of the network. Our results indicated that the learning process was
not affected by the size and initial configuration of the networks. However, it
would be interesting to evaluate the learning process in tasks that require larger
networks.
The NATs introduced in Chapter 5 introduces an additional level of complexity to store the pairwise activation states of the neurons. On the other hand, it
allows training networks in shorter number of episodes relative to the HC algorithm. However, we observed that the networks trained by the HC algorithm
showed a performance slightly better than the networks trained with the DSP
rules. We reasoned that may be due to the fact that the DSP rules evolved on
smaller number of episodes to reduce the computational complexity during the
evaluation process. When they are tested on larger number of episodes, some
of the rules did not show any improvement after about the same number of
episodes they were evolved. Using the iterative DSP approach, it was possible
to prevent getting stuck at a local optimum and perform better than the HC
algorithm, and produce very close performance to the perfect results.

7.3 Future Work
In Chapter 6, we evaluated the novelty producing plasticity for solving deceptive maze tasks. To limit the computational resources, we used small-scale
parameter settings. Although two selected starting positions were used to evolve
the NPSP rules, all possible starting positions in the environment used for the
test. Although most of these starting positions showed a good performance, it
was not equally possible to find solution for each of them.

7.3

Future Work

As a long-term future research direction, we believe that understanding learning, memory and problem-solving capabilities of Biological Neural Networks
(BNNs) to mimic their behavior in artificial systems is crucial in developing
control/decision-making systems that exhibit autonomous and continuous learning capabilities.
Neuroevolution is one of the powerful biologically inspired approaches to
design ANNs that mimic the information processing behavior of BNNs. However, it is not straightforward to scale neuroevolution to optimize large networks. We believe that the use of additional heuristics can help scale evolutionary approaches. For instance, in CC scheme proposed in Chapter 3, it
may be possible to use other problem decomposition heuristics to decompose
ANNs with large number of parameters. Defining these decomposition heuristics based on expert knowledge may also be challenging. Therefore, automatic
approaches that aim to identify the relations between variables/subcomponents
of the problem can be used to decompose the problem. Moreover, instead of
using random perturbations, the knowledge about the ANNs (such as the NATs
introduced in Chapter 5) can be used to perform better parameter adjustments
to increase the success of producing ANNs with better fitness values. Furthermore, it is possible to reduce the runtime of the algorithm by parallelizing the
evolution of subpopulations.
The plasticity property allows ANNs to learn during their lifetime. However,
lifetime learning may cause “catastrophic forgetting” that occurs when an ANN
forgets learned knowledge while leaning a new one. An interesting direction
would be to study approaches to prevent this effect. In the cases of delayed
and novelty producing synaptic plasticity, it would be interesting to study the
learning process of the networks to investigate how behavior changes between
episodes. It is possible to further extend the environments/tasks that are used to
evolve and test plasticity the synaptic plasticity rules in immediate, delayed and
novelty producing plasticity cases to assess and improve their generalizability. In
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some cases, we limited the evolutionary process to small number of generations
to limit the runtime of the algorithms. It would be interesting to increase that
limitation to be able to find possible rules that may perform better. It would also
be interesting to extend the proposed approaches to work on larger networks
and also on more biologically inspired artificial neural network modals such as
Spiking Neural Networks.
Another research direction would be to test proposed algorithms on more
complex agent-based tasks that may also include multiple agents to increase
task complexity and study learning in social settings. It would also be interesting to apply the proposed approaches to robotics to demonstrate autonomous
lifetime learning in real-life.

7.3 Future Work
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Appendices

Appendix A
Multi-strategy Differential
Evolution
In this chapter1 , we propose here a Multi-strategy Differential Evolution (MsDE)
approach to self-adapt strategies and their parameters in DE during an evolutionary process. Most of the self-adaptive parameter control approaches aim
to adapt algorithm parameters by including them within the genotype of the
individuals and inheriting with the successful individuals during an evolutionary run. In MsDE, distinct from the inheritance based methods, an ensemble
of search strategies are employed to operate on, and co-evolve with the candidate solutions. The strategies are referred as agents to distinguish them from
the candidate solutions, and underline their function. The agent-based representation of the strategies provides the flexibility to apply a wide range of
population adaptation mechanisms. We present three population adaptation
schemes (sampling-based, clone-best and clone-multiple), to show how various self-adaptive agent-based approaches perform on the CEC2013 benchmark
functions. Notably, the approach we propose here can be easily extended to any
evolutionary algorithm to adapt their operators and parameters.
The rest of the paper is organized as follows: in Section A.1, we discuss
strategy and parameter adaptation mechanisms proposed in the literature for
1 This chapter is integrally based on:
[112] Anil Yaman, Giovanni Iacca, Matt Coler, George Fletcher, and Mykola Pechenizkiy. Multistrategy differential evolution. In Kevin Sim and Paul Kaufmann, editors, Applications of Evolutionary Computation, pages 617–633, Cham, 2018. Springer International Publishing
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the DE; in Section A.2, we describe our algorithm, MsDE, and present the three
mechanisms for population adaptation; in Section A.3, we introduce our experiment setup, in Section A.4, we present our test results, with the different
population adaptation schemes, on the CEC2013 benchmark functions; finally,
in Section A.5 we provide the conclusions and future work.

A.1

Strategy and Parameter Control in DE

In this section, we highlight the recent developments in strategy and parameter
control for DE. Modern variants of DE aim to employ adaptive mechanisms to
adjust the algorithm’s parameters during an evolutionary run, or across different problems. Strategy and parameter control in DE can be examined in two
broad classes: both strategy and parameter control, and only parameter control [17], where the parameters involved are F and C R . There are also methods
for adapting the population size N P , see e.g. [39]; however, in this work we
limit our scope to the methods for adapting the strategies, and the parameters
F and C R . In the following we briefly describe four of the main DE variants
falling in this category, namely EPSDE, SaDE, JADE and jDE.
In the Ensemble of Parameters and mutation Strategies Differential Evolution (EPSDE), mutation strategy and parameter pools are used [41, 59, 60].
Each individual in the candidate solution population is assigned with a strategy
and a parameter setting from these pools. The strategies and their parameters
are inherited from the target to trial vectors as long as they are successful in
generating a better trial vector. Otherwise, the strategy and parameters that are
associated with the target vector are reinitialized by either randomly sampling
from their respective pools, or assigning a strategy and its parameters from the
set where successful strategies and parameters are stored.
Self-adaptive differential evolution (SaDE) uses only two mutation strategies, namely “DE/rand/l/bin" and “DE/rand-to-best/1", and adapts the parameters F and C R [78]. The strategies and parameters are selected for their properties of generating diverse individuals and faster convergence rate respectively.
For each generation, a mutation strategy is randomly selected based on its probability of generating a trial vector successfully. The success probability of the
two mutation strategies is initialized uniformly and updated after each generation, based on the number of individuals generated successfully. The scale factor
F is randomly sampled, for each individual, from the normal distribution with
mean 0.5 and standard deviation 0.3. The parameter C R is initialized for each
individual from a normal distribution with mean 0.5 and standard deviation 0.1.

A.2 Multi-strategy Differential Evolution (MsDE)
The strategy pool of the SaDE has been later extended by Qin et al. [77].
The JADE algorithm introduces a new mutation strategy called “DE/currentto-pbest" with optional archive, and controls the parameters F and C R [121].
The optional archive keeps track of recently explored worse solutions, to provide
additional information for the progression of the search. At each generation,
the crossover rate C R i is independently initialized from a normal distribution.
The mean of the normal distribution µC R is initialized as 0.5 in for the first
generation, and updated based on the mean of the C R i of the trial vectors that
are generated successfully. The mutation factor Fi is generated and updated in
similar fashion by using a Cauchy distribution.
Finally, in jDE [7] the mutation and crossover parameters F and C R are
attached to the genotype of the individuals in the population. The algorithm is
based on the idea that the parameters that survive with the individuals are likely
to produce successful trial vectors; thus, the parameters of the target vectors are
propagated to the successive trial vectors in the next generations.

A.2

Multi-strategy Differential Evolution (MsDE)

The MsDE aims to self-adapt the strategy types (mutation and crossover operators) and their parameters (F and C R ) used in DE while solving the optimization
problem. It employs an ensemble of strategies with certain parameter settings,
and applies population adaptation schemes to construct and maintain the ensemble strategy set. Different from the established ensemble methods in the
literature, the MsDE considers the strategies as agents that interact with the
candidate solution set. The agent-based representation of the strategies provides the basis for an easy application of population adaptation approaches.
The pseudocode of MsDE (assuming an asynchronous population, see below) is provided in Algorithm 2. The algorithm takes N P (number of solutions) and m (number of strategies) as parameters. In addition, there are two
thresholds we refer to as performance and maturation thresholds, τ and δ, for
determining the performance of a strategy and limiting the test phase of a strategy. The performance threshold τ is an adaptive threshold based on the average
value of all the performances in the strategy ensemble. The maturation threshold δ is typically a small integer (e.g. 5) used to control how many algorithm
iterations should be invested for the testing phase of new strategies.
The candidate solution set X consisting of N P D -dimensional real-valued
vectors x i ∈ RD that represent a solution to the problem. The initial candidate
solutions are randomly sampled in the domain range for each dimension. The

129

130

Multi-strategy Differential Evolution
Algorithm 2 Asynchronous MsDE
1: procedure MsDE(N P , m )
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:

. generation count
. randomly initialize N P solutions
∀σ j ∈ Σ, j = 1, 2, . . . , m; σ j ← I ni t i al i zeRand omSt r at eg y() . see Alg. 3
F ← ev al uat e(X )
g ←0

initialize X

while termination criterion is not satisfied do
τ ← mean(P Σ )
. τ is the average performance of the strategies
for each σ ∈ Σ do
t ar g etV ec t or ← r and Sel ec t (X )
. randomly select a target
vector
mut antV ec t or ← σ.mut at e(t ar g etV ec t or )
t r i alV ec t or ← σ.cr ossover (t ar g etV ec t or, mut antV ec t or )
σ.t ot al Ac t i v at i on ← σ.t ot al Ac t i v at i on + 1
F t r i al ← ev al uat e(t r i alV ec t or )
if F t r i al < F t ar g et then
. selection operator (assuming

minimization)
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

t ar g etV ec t or ← t r i alV ec t or
F t ar g et ← F t r i al
σ.success f ul Ac t i v at i on ← σ.success f ul Ac t i v at i on + 1

end if
P σ j ← ev al uat e(σ)
. performance of a strategy
if P σ j < τ and σ.t ot al Ac t i v at i on > δ then
reinitialize σ
end if
end for
g ← g +1

end while
end procedure

population size N P is chosen during the initialization phase, and remains fixed
throughout the run.
The ensemble strategy set Σ consists of m strategies σ1 , σ2 , . . . , σm ∈ Σ. Each
σ j defines a kind of mutation and crossover operator, with specified parameters
F and C R . In the initialization phase, each strategy is initialized by selecting a
random mutation strategy with a type of crossover operator from a predefined
set of strategies S , of size l . The parameters F and C R are randomly sampled

A.2 Multi-strategy Differential Evolution (MsDE)
from a uniform distribution in (0, 1.2] and [0, 1], respectively. The upper limit
of the scale factor is set to 1.2 because of the works that report the effective
range for F between (0, 1.2] [60]. The initialization procedure is illustrated in
Algorithm 3.
Algorithm 3 Initialize random strategy
1: function InitializeRandomStrategy()
2:
3:
4:
5:
6:
7:

r and omI nd ex ← r and i [1, l ]
σr and om .t y pe ← S[r and omI nd ex]
σr and om .F ← r and (0, 1.2]
σr and om .C R ← r and [0, 1]
return σr and om

end function

The main loop of MsDE repeats until a stopping criteria is reached. In each
iteration, each strategy agent σ j is executed ∀ j ∈ (1, 2, . . . , m), such that: first,
a target vector x i from X is randomly selected; secondly, the mutation and
crossover operators are applied to generate a trial vector u i ; finally, the selection operator is applied to replace the target vector with the trial vector if its
fitness value is better or equal. The selection operator can be synchronous or
asynchronous as discussed in Section 2.1.2.
The MsDE calculates a performance measure within the function ev al uat e(σ)
to evaluate each strategy. Based on this performance measure, the strategies are
classified as successful or unsuccessful. To solve the problem efficiently, firstly
successful or unsuccessful strategies should be identified as quickly as possible; and secondly, the number of successful strategies in the population should
be maximized, or, vice versa, the number of unsuccessful strategies should be
minimized. We discuss these two aspects in the following sections.
Identifying successful strategies
Constructing and maintaining a successful set of strategies is crucial for the
performance of the algorithm. The self-adaptive mechanism for ensemble construction and maintenance should be capable of managing the trade-off of exploring and exploiting successful strategies efficiently and adaptively. We use a
performance measure to asses the quality of a strategy. We propose two measures P 1 and P 2 with different properties. The performance measure P 1 , given in
Equation (A.1), measures the ratio between the number of strategy activations
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that led to a successful action and the total number of strategy activations:

P1 =

σ j .success f ul Ac t i v at i on

(A.1)

σ j .t ot al Ac t i v at i on

where σ j .success f ul Ac t i v at i on is the number of activations in which a strategy σ j produced a trial vector with better fitness than the target vector, and
σ j .t ot al Ac t i v at i on is the number of total activations.
As we will demonstrate in Section A.3, a strategy selection criterion based
on P 1 is likely to facilitate fast convergence; the drawback is a high probability
of getting stuck onto a local optimum if the function is multimodal. This is
because the strategies that are exploitative are more likely to score higher on
P 1 than the exploratory strategies because small exploitative increments on the
solutions are more likely to yield better solutions. To prevent the domination
of exploitative strategies in the ensemble, the performance measure should be
improved to promote also exploratory strategies. We measure the exploratory
value of a strategy by its capability to produce diverse individuals with better
fitness values. Such performance evaluation criteria would also encourage the
diversity in the population; thus, it may be less susceptible to early convergence.
Methods used in multi-objective optimization, such as non-dominated sorting, can be used to select the strategies that have diverse trial vectors generation
rate and high ratio of success [21]. On the other hand, these methods can increase the complexity of the algorithm. Thus, to avoid further complexity, we
provide a performance measure P 2 for a single selection criterion to combine
these two aspects implicitly in Equation (A.2), where we calculate the average
differences between target and trial vectors for the last γ activations in which
the trial generation was successful.

P2 =






PT A σ j



a=T A σ j

1




T
A

σ
P
j

a=1

(a)
∆σ
=
j

1

D
X
d =1

ψ(a)
−γ+1 σ j

ψ(a)
σj

·

·

PT A σ j

| x i(a)
− u i(a)
|
,d
,d

a=1

PT A σ j

a=T A σ j −γ+1

a
∆σ
· ψ(a)
σj ,
j

if T A σ j ≥ γ;
(A.2)

a
∆σ
· ψ(a)
σj ,
j

otherwise.

(A.3)
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ψ(a)
σj

½
=

1,
0,

if f (x i(a) ) < f (u i(a) );
otherwise.
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where ∆(a)
σ j , defined by the distance metric given in Equation (A.3), is the sum of
the absolute differences along each dimension between target and trial vectors,
and T A σ j represents σ j .t ot al Ac t i v at i on . The parameter γ is introduced into
this measure to sum only the differences in the most recent history of activations, to have a self-adaptive property. If γ is a large number then the measure
may promote exploratory strategies that may have a few successful activations
with large diversity.
Maximizing the number of successful strategies
For an efficient search, the strategies that are classified as successful should
be kept in the ensemble as long as they remain successful. To identify the performance of a strategy, strategies are tested for a certain time. The testing phase
consumes resources, namely function evaluations (FEs). Since the strategies
activated during the testing phase may not be necessarily good, the resources
consumed in this phase should be minimized.
To distinguish the successful and unsuccessful strategies, the average performance values of all strategies τ is used. If the performance value of a strategy
P σ j < τ, then it is considered to be unsuccessful. To collect necessary evidence
on the performance of a strategy, a maturation threshold δ is used such that if a
strategy does not exceed δ then it is neither classified as successful nor unsuccessful.

A.2.1

Strategy Population Adaptation Schemes

We propose three mechanisms for strategy population adaptation: samplingbased, clone-best, and clone-multiple population adaptation schemes. These
population adaptation schemes provide the logic for initiating new strategies
into the ensemble, and removing existing strategies from the ensemble. The
population adaptation methods are implemented in Line 21 of Algorithm 2.
Sampling-based population adaptation
The sampling-based adaptation scheme initiates new strategies based on random sampling. The sampling function given in Algorithm 3 is used to reinitialize
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a mature unsuccessful strategy.

Clone-best population adaptation
The clone-best adaptation scheme implements a clonal reproduction mechanism to replace unsuccessful strategies. The clone-best scheme is inspired by
the clonal selection principle of the immune system theory [18, 19]. The main
idea is to replace an unsuccessful strategy with a clone of the best performing
strategy with a small perturbation.
Algorithm 4 Strategy reinitialization by clone-best
g

function Clone(σ j )
2:
if r and (0, 1) < φ then
3:
if r and (0, 1) < η then
1:

g

σcl one .t y pe ← S[r and omI nd ex]

4:
5:
6:

else

7:

end if

8:

σcl one .F ← σ j .F + η · N (0, 1)

9:
10:
11:
12:
13:
14:

g

g

σcl one .t y pe ← σ j .t y pe
g

g
σcl one .C R

g

g

← σ j .C R + η · N (0, 1)

else
σcl one ← I ni t i al i zeRand omSt r at eg y()

end if
return σcl one
end function

Algorithm 4 shows the function that is used to clone a strategy. In cloneg
g
best, the function takes σbest as an argument, where σbest is the best strategy
in the current generation g . With probability φ, the t y pe , (F and C R ) of an
unsuccessful strategy is replaced by the t y pe (F , and C R ) of the best strategy
in the ensemble, with a small perturbation with scale factor η ∈ (0, 1]. In our
experiments, we use η = 0.1. If the parameter boundaries are exceeded, they are
reinitialized by a value close to the boundaries. If r and (0, 1) ≥ φ the strategy is
reinitialized using the uniform sampling scheme given in Algorithm 3.

A.2 Multi-strategy Differential Evolution (MsDE)

A.2.2

Clone-multiple Population Adaptation

The clone-multiple adaptation is an extension of the clone-best adaptation where
m successful strategies are kept in a separate set referred to as memory strategies (Σ). If the limit of Σ is not exceeded, the scheme aims to find more successful strategies to add to Σ by going through the cloning, selection, maturation
and promotion phases. These phases are described below:
1. Clonal expansion: n best strategies from Σ are selected and assigned into
the best strategy set B . Each strategy in B is cloned (with a small perturbation) proportional to their performance. The higher the performance
of a strategy, the higher the number of clones generated. Algorithm 4,
without φ parameter (or φ = 1), is used for generating each clone for each
g
σ j ∈ B . Generated clones are added to a temporary candidate clone set T .
2. Clonal selection: h (h ≤ n ) candidate clones from T are selected based
on their similarity to the strategies in B ; and v(v ≤ h) strategies are generated randomly. The selected and randomly generated individuals are
then added to the clone set C , that has size h + v . The similarity-based
clone selection and the random strategy generation criteria are executed
as follows:
- h individuals are selected as follows: for each σi ∈ T, i = 1, 2, . . . , si ze(T )
P
and si g ma j ∈ B, j = 1, 2, . . . , n , dσi = nj=1 d i st (σi , σ j ) is calculated.
The h candidate clones with smallest dσi are added to the clone set
C . The d i st (σi , σ j ) computes the Euclidean distance between the
parameters (F and C R ) of σi and σ j ;
- v random strategies are generated using Algorithm 3.
3. Maturation: each strategy in C is tested for δ FEs.
4. Promotion: strategies in C that are successful (i.e., that satisfy the performance threshold) are added to the memory set Σ. The same classification
criterion for finding unsuccessful/successful strategies is used for finding
successful strategies in C .
The logic behind the clone-multiple population adaptation scheme is such
that it reduces the trial and error of newly generated strategies, by cloning successful strategies that are kept in a separate set. It also aims to find strategies
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that are likely to perform well by making a similarity-based selection. Mutations during the cloning phase allow for exploration of different strategies with
different parameter settings.

A.3

Experimental Setup

In this section, we present our experimental results on the CEC2013 benchmark
functions [55]. The objective of our experiments is threefold. First, we show
the effect of the two strategy performance measures P 1 and P 2 proposed in
Section A.2 on MsDE, with three population adaptation schemes. Second, we
illustrate how the strategy adaptation dynamics compare between the sampling,
clone-best and clone-multiple based population adaptation schemes during an
evolutionary run. Finally, we compare the MsDE with basic DE and SaDE.
The types of the strategies and parameters of the algorithms are the same
for all the experiments, unless otherwise specified. We employ four types of
DE strategies referred to as “DE/rand/1/bin", “DE/rand/2/bin", “DE/rand-tobest/2/bin", and “DE/current-to-rand/1". The suffix “bin" refers to the binomial
crossover. Note that “DE/current-to-rand/1" does not include a crossover operator. These strategies are selected on the basis of previous comparisons performed in the literature; furthermore, they are also used in SaDE [77]. Asynchronous selection is used for the selection operator.
All the experiments were performed using N P = 100 candidate solutions and
m = 50 strategies. The algorithms were run for at most 5000 × D function evaluations (FEs), where D is the dimension of the problem. If the error between the
best solution found and the global optimum is less than or equal to 1e − 8, we
terminate the algorithm. Each algorithm was executed for 25 independent runs;
the mean and standard deviation of minimum error f (x best )− f (x ∗ ) achieved are
presented.
The three strategy adaptation schemes (sampling-based, clone-best and clonemultiple) are referred to as MsDE-Sam, MsDE-CB, and MsDE-CM, respectively.
For MsDE-CB, the probability for cloning the best strategy φ is set to 0.7. For
MsDE-CM, the number of selected best strategies n is set to 10, the max number
of clones per strategy is set to 10 for the best strategy and reduced by 1 per
each lower ranked strategy, the number of similar selected strategies is set to
h = 7, and the number of randomly initialized strategies is set to v = 3; thus
the number of strategies adds up to a total number of 10. For all algorithms,
the maturation threshold and the history threshold γ are set to 5 FEs and 10
activations, respectively.

A.4 Experimental Results

A.4

Experimental Results

In Table A.1, we compare the two different performance measures P 1 and P 2
for each kind of population adaptation scheme on the CEC2013 functions in 10
dimensions. The suffixes “-P 1 " and “-P 2 " indicate the performance measure used
with a specific kind of population adaptation scheme. The best results for each
performance measure for each algorithm setting is highlighted in bold. The
results that do not have significant difference were not highlighted. The global
best result for each function is marked by the symbol “*".
We observed that all three population adaptation schemes perform significantly better using P 2 on almost all benchmark functions. Since P 1 promotes
the strategies based solely on the ratio of producing successful trial vectors, it
is likely to promote exploitative strategies that can cause early convergence, or
stalling the progress with small improvements. Performance measure P 2 , on the
other hand, promotes strategies that can produce diverse trial vectors successfully. The rest of the experiments are performed using P 2 .

A.4.1

Strategy ensemble adaptation dynamics

Next, we examine how the strategies adapt over time. In Figure A.1, we provide
the results on f 2 (first column) and f 6 (second column) in 30 dimensions.
Each sub-figure in Figure A.1 shows how the distribution of strategies changes
during an evolutionary run. Each line in the figures represents the number of
strategies of a given type in the strategy population, at a given generation. Only
the strategies that are mature and above the success threshold are counted.
We observe that in MsDE-Sam (a) and (d), there is a baseline pool of random
strategies that explores new strategies. The ratio of these pool is about %30 of
the whole population. In MsDE-CB (b) and (e), this ratio is about %20; and
in MsDE-CM (c) and (f), we observe that the random strategy pool is almost
nonexistent, and there is usually one type of strategy that is dominant at each
time. MsDE-Sam scheme constantly explores different strategies by keeping a
small set of random strategies which can consume resources (number of function evaluations). On the other hand, MsDE-CB and MsDE-CM aims to exploit
already found successful strategies by reintroducing them into the ensemble by
reproduction.
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Figure A.1: The distribution of strategies in the strategy population during an evolutionary run. The first and second columns show the results for f 2 and f 6 in 30
dimensions, while the rows show the results of MsDE-Sam, MsDE-CB, and
MsDE-CM, respectively.
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Comparing with other algorithms

Finally, we test MsDE-Sam, MsDE-CB, MsDE-CM, basic DE and SaDE [77] on
the CEC2013 benchmark functions in 30 dimensions. The parameters F and C R
of the basic DE set are as 0.5 and 0.3 respectively. The results are given in Table
A.2. The global best result for each function is highlighted in bold.
To assess the statistical significance of the results, we perform the Wilcoxon
rank-sum test [108] based on the results provided in Table A.2. The Wilcoxon
rank-sum test is a non-parametric test that does not assume normality condition
[40, 108]. It is a pairwise test that aims to detect the significant difference
between two different means that are the results of two algorithms. We reject
the null-hypothesis, that is the behavior of the two algorithms are the same,
if the p -value is smaller than α = 0.05. We compare the MsDE-CM with the
other algorithms using the best function error values of 25 independent runs

A.4 Experimental Results
for each benchmark function. The results are given in Table A.2 next to the
columns of the specified algorithms (except MsDE-CM, which is taken as the
reference algorithm), where “=", “+" and “-" indicate no significant difference,
significant difference in favor of MsDE-CM, and significant difference in favor of
the specified algorithm. The results show that MsDE-CM is significantly better
than basic DE and MsDE-CB, and on average better than SaDE and MsDE-Sam.
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Table A.1: The experiment results with performance measures P 1 and P 2 on the CEC2013 benchmark problems in 10
dimensions.
MsDE-Sam-P 1
8.47E-09±1.92E-09
1.27E+03±4.20E+03
5.77E+05±1.03E+07
8.19E-03±9.28E-01
9.27E-09±1.07E-09
9.53E-09±4.97E+00*
1.63E+01±1.61E+01
2.04E+01±7.74E-02
3.78E+00±1.27E+00
2.78E-01±2.71E-01
2.98E+00±3.52E+00
1.59E+01±8.37E+00
2.65E+01±9.98E+00
1.51E+01±3.80E+01
7.96E+02±2.53E+02
9.49E-01±3.27E-01
1.04E+01±3.64E+00
2.09E+01±4.75E+00
6.00E-01±2.52E-01
2.43E+00±5.81E-01
4.00E+02±6.28E+01
7.54E+01±8.53E+01
9.89E+02±3.11E+02
2.12E+02±2.64E+01
2.11E+02±2.18E+01
1.56E+02±4.10E+01
4.00E+02±8.74E+01
3.00E+02±1.43E+02

MsDE-Sam-P 2
8.74E-09±1.15E-09
8.37E+02±3.20E+03
2.08E+01±3.99E+05
2.51E-03±5.32E-02
8.65E-09±1.11E-09
9.81E+00±4.81E+00
1.53E+00±8.36E+00
2.04E+01±9.58E-02
2.92E+00±9.42E-01
1.40E-01±6.72E-02
9.34E-09±6.47E-01*
1.09E+01±5.33E+00
1.58E+01±7.46E+00
3.54E+00±6.96E+00
7.02E+02±2.74E+02
1.07E+00±3.00E-01
1.02E+01±9.64E-02*
2.14E+01±5.71E+00
3.68E-01±1.39E-01*
2.78E+00±5.05E-01
4.00E+02±5.54E+01
3.12E+01±7.26E+01*
8.33E+02±2.40E+02
2.09E+02±2.56E+01
2.02E+02±2.28E+01
2.00E+02±3.88E+01
3.00E+02±7.35E+01
3.00E+02±6.63E+01*

MsDE-CB-P 1
9.04E-09±1.31E-04
1.79E+05±3.34E+05
1.72E+07±4.99E+08
5.45E+02±4.52E+03
9.70E-09±7.56E-02
1.01E+01±8.31E+00
6.13E+01±2.80E+01
2.04E+01±8.67E-02
6.60E+00±1.39E+00
8.89E-01±2.73E+00
1.39E+01±1.14E+01
3.28E+01±1.79E+01
4.66E+01±2.75E+01
6.17E+01±1.91E+02
8.19E+02±3.41E+02
4.91E-01±2.11E-01*
3.15E+01±1.31E+01
4.02E+01±1.97E+01
1.45E+00±1.28E+00
3.89E+00±5.17E-01
4.00E+02±2.31E-01
1.68E+02±2.35E+02
7.92E+02±3.28E+02
2.21E+02±2.49E+01
2.20E+02±2.17E+01
1.32E+02±3.65E+01
4.58E+02±9.41E+01
3.00E+02±2.15E+02

MsDE-CB-P 2
8.52E-09±1.63E-09
9.42E-09±3.52E-05*
4.95E-03±1.28E+00*
8.83E-09±1.31E-09*
9.50E-09±6.92E-08
8.06E+00±3.67E+00
2.04E+01±1.21E+01
3.44E+00±7.08E-02
4.43E-02±1.28E+00*
1.99E+00±4.68E-02
1.09E+01±2.36E+00
2.44E+01±5.04E+00
4.33E+01±1.09E+01
7.68E+02±1.08E+02
4.24E-02±2.11E+02*
1.22E+01±5.89E-01
1.98E+01±1.21E+00
7.42E-01±4.09E+00*
3.30E+00±2.30E-01
4.00E+02±6.05E-01
8.44E+01±2.32E-13*
9.33E+02±1.69E+02
2.06E+02±2.66E+02*
2.00E+02±2.06E+01
1.19E+02±1.74E+01*
3.00E+02±3.21E+01
3.00E+02±2.76E+01*
3.00E+02±9.80E+01

MsDE-CM-P 1
8.49E-09±2.31E-02
1.00E+05±3.50E+06
3.44E+07±1.06E+09
5.36E+01±6.69E+03
9.02E-09±8.79E-02
9.82E+00±2.66E+01
3.13E+01±4.49E+01
2.04E+01±1.22E-01
7.41E+00±1.70E+00
8.82E-01±1.62E+01
6.59E+00±1.41E+01
1.88E+01±1.73E+01
3.57E+01±2.52E+01
6.48E+01±2.53E+02
9.42E+02±4.02E+02
1.07E+00±4.45E-01
1.44E+01±6.61E+00
3.04E+01±1.32E+01
1.02E+00±6.46E-01
3.55E+00±6.30E-01
4.00E+02±8.73E+01
3.20E+02±2.79E+02
1.21E+03±3.45E+02
2.18E+02±3.52E+01
2.18E+02±1.98E+01
1.51E+02±3.54E+01
4.41E+02±1.09E+02
3.00E+02±1.86E+02

MsDE-CM-P 2
8.77E-09±5.37E-09
8.16E-09±1.15E-06*
1.62E-01±1.25E+00
8.66E-09±9.76E-09*
8.97E-09±1.16E-07
8.67E-09±2.72E+00*
1.21E-03±5.52E-02*
2.04E+01±9.15E-02*
1.96E+00±1.20E+00
5.88E-08±2.99E-02*
9.15E-09±4.97E-01*
3.98E+00±2.58E+00*
5.05E+00±5.09E+00*
3.12E-01±3.86E+00*
7.83E+02±2.65E+02
1.08E+00±6.94E-01
1.03E+01±6.07E-01
1.60E+01±2.63E+00
5.13E-01±1.70E-01
2.40E+00±5.13E-01*
4.00E+02±7.08E+01
4.99E+01±5.09E+01
8.67E+02±3.07E+02
2.00E+02±1.62E+01*
2.00E+02±1.78E+01
1.06E+02±2.67E+01*
3.00E+02±2.00E+01
3.00E+02±4.00E+01

Multi-strategy Differential Evolution

fi
f1
f2
f3
f4
f5
f6
f7
f8
f9
f 10
f 11
f 12
f 13
f 14
f 15
f 16
f 17
f 18
f 19
f 20
f 21
f 22
f 23
f 24
f 25
f 26
f 27
f 28

fi
f1
f2
f3
f4
f5
f6
f7
f8
f9
f 10
f 11
f 12
f 13
f 14
f 15
f 16
f 17
f 18
f 19
f 20
f 21
f 22
f 23
f 24
f 25
f 26
f 27
f 28

MsDE-Sam
9.56E-09±7.88E-10
1.40E+05±1.32E+05
1.15E+05±4.06E+06
1.22E+01±3.63E+01
9.58E-09±4.97E-10
9.67E+00±5.07E+00
1.46E+01±1.03E+01
2.10E+01±6.72E-02
1.73E+01±3.08E+00
3.45E-02±2.64E-02
8.95E+00±4.54E+00
4.58E+01±9.63E+00
8.77E+01±2.31E+01
2.90E+01±3.26E+01
6.41E+03±1.15E+03
2.59E+00±2.30E-01
3.34E+01±1.61E+00
1.70E+02±4.10E+01
2.70E+00±1.04E+00
1.14E+01±5.08E-01
3.00E+02±8.32E+01
1.40E+02±5.62E+01
6.67E+03±1.24E+03
2.19E+02±6.43E+00
2.69E+02±8.14E+00
2.00E+02±3.58E-03
4.94E+02±6.56E+01
3.00E+02±4.14E-13

=
=
=
=
=
=
+
+
+
+
+
+
+
=
+
=
=
=
=
-

MsDE-CB
9.26E-09±9.58E-10
1.71E+05±1.15E+05
6.01E+06±1.37E+07
1.73E+02±3.74E+02
9.64E-09±7.46E-10
9.41E+00±6.67E+00
7.23E+01±1.64E+01
2.10E+01±4.33E-02
2.72E+01±4.73E+00
5.17E-02±3.94E-02
2.98E+01±1.16E+01
7.16E+01±2.25E+01
1.54E+02±4.15E+01
9.99E+02±4.87E+02
3.63E+03±5.78E+02
2.03E-01±8.17E-01
6.01E+01±1.11E+01
8.28E+01±1.76E+01
4.95E+00±2.64E+00
1.18E+01±1.34E+00
3.00E+02±8.77E+01
1.29E+03±5.41E+02
4.52E+03±7.48E+02
2.40E+02±1.15E+01
2.92E+02±1.11E+01
2.00E+02±7.16E-03
8.49E+02±1.27E+02
3.00E+02±1.04E-10

=
=
+
+
=
=
+
+
=
+
+
+
+
=
+
+
+
+
=
+
=
+
+
=
+
-

MsDE-CM
9.54E-09±6.05E-10
1.19E+05±1.91E+05
8.60E+04±1.59E+06
4.40E+01±6.08E+01
9.71E-09±3.71E-10
9.17E+00±1.72E+01
2.87E+01±1.40E+01
2.10E+01±6.37E-02
2.24E+01±5.74E+00
3.45E-02±2.56E-02
1.69E+01±8.36E+00
3.18E+01±8.87E+00
6.86E+01±2.37E+01
6.11E+01±1.25E+02
3.68E+03±1.49E+03
2.33E+00±9.58E-01
3.57E+01±4.18E+00
5.15E+01±3.82E+01
2.40E+00±5.24E-01
1.03E+01±1.12E+00
3.00E+02±8.04E+01
1.66E+02±2.01E+02
3.97E+03±1.14E+03
2.16E+02±7.23E+00
2.80E+02±3.02E+01
2.00E+02±8.89E-03
5.28E+02±1.03E+02
3.00E+02±1.02E-07

DE
9.24E-09±5.51E-10
2.21E+08±4.53E+07
1.56E+09±8.56E+08
1.16E+05±1.64E+04
9.58E-09±5.56E-10
2.63E+01±3.33E-01
1.46E+02±1.48E+01
2.10E+01±5.53E-02
3.94E+01±1.14E+00
1.27E+02±3.62E+01
6.83E+01±5.55E+00
2.03E+02±1.06E+01
2.10E+02±1.50E+01
3.93E+03±2.33E+02
7.78E+03±3.10E+02
2.71E+00±3.02E-01
1.00E+02±6.01E+00
2.32E+02±1.05E+01
1.10E+01±6.77E-01
1.37E+01±1.71E-01
3.00E+02±4.26E+01
4.55E+03±3.33E+02
8.04E+03±2.95E+02
3.01E+02±2.62E+00
3.02E+02±2.63E+00
2.79E+02±3.73E+01
1.32E+03±1.91E+01
3.00E+02±1.66E-08

=
+
+
+
=
+
+
+
+
+
+
+
+
+
+
+
+
+
+
=
+
+
+
+
+
+
+

SaDE
9.14E-09±1.14E-09
1.76E+05±1.45E+05
1.43E+05±1.72E+06
3.52E+03±2.42E+03
9.60E-09±6.51E-10
1.22E+01±1.25E+01
1.22E+01±6.62E+00
2.10E+01±5.50E-02
1.91E+01±2.32E+00
4.93E-02±4.01E-02
1.81E-05±5.57E+00
3.48E+01±6.34E+00
6.94E+01±2.64E+01
1.81E+03±6.37E+02
3.42E+03±5.60E+02
2.51E+00±3.66E-01
5.80E+01±9.32E+00
5.55E+01±1.15E+01
2.75E+00±9.47E-01
1.04E+01±7.84E-01
3.00E+02±6.78E+01
1.47E+03±7.88E+02
3.60E+03±6.42E+02
2.09E+02±3.28E+00
2.73E+02±6.39E+00
2.00E+02±9.65E-03
4.56E+02±7.11E+01
3.00E+02±1.87E-09

=
=
=
+
=
+
=
+
=
+
=
=
+
=
+
=
+
+
=
=
=
=
-

A.4 Experimental Results

Table A.2: The experiment results of the selected algorithms on the CEC2013 benchmark problems in 30 dimensions.
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A.5

Conclusions and Future Work

In this work, we propose the Multi-strategy Differential Evolution (MsDE) algorithm to construct and maintain an ensemble set of strategies with various
parameters. MsDE is capable of self-adapting the type of strategy and its parameters F and C R . Different from the alternative approaches, MsDE represents the
ensemble strategy population as agents that interact with the candidate solutions. The performance of the strategies is measured by a performance measure
which is used to self-adapt the ensemble population.
We propose two performance measures, and compare their efficiency in constructing an ensemble of successful strategies. Our results show that favoring
strategies that can produce diverse trial vectors successfully yields better than
favoring them based solely on their ratio of producing successful trial vectors.
We propose three approaches for self-adapting the strategy population. The
simplest approach is based on random sampling where new strategies are randomly introduced into, and the ones that do not satisfy a performance criterion
are removed from the ensemble. Other two approaches use clonal selection
mechanism to proliferate successful strategies in the ensemble. While, four different types of strategies with their continuous F and C R parameters are aimed
to be optimized, the sampling based approach requires only a parameter for
ensemble size, and a threshold for defining a successful strategy based on its
performance metric. The clonal selection based algorithms introduce an additional parameter for perturbing strategies. In this work, we used asynchronous
selection operator. Asynchronous selection can speed up the convergence and
decrease the population diversity. We would like to examine the effect of synchronous/asynchronous update in the future work.
We compare the MsDE with basic DE and the SaDE algorithm with different combinations strategy performance measure and population adaptation
schemes. Overall, our results show that the MsDE provides better results on
CEC2013 benchmark functions. In future works, we will try to extend the MsDE
approach to other evolutionary algorithms.

Appendix B
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Algorithm 5 LECCDE
1: procedure LECCDE(N P , F , C R )
2:
Initialize N P individuals in each subpopulation P i , i ∈ (1, SP )
3:
Initialize F t i , j ← 0
. Fitness of the j th individual in the i th
subpopulation
4:
for c = 1 to t r i al × N P do
5:
Select a random individual xi ,r j from each P i
. r j is a randomly
generated integer index
6:
X ← {x1,r 1 , x2,r 2 , · · · , xSP ,r SP }
7:
F t X ← ev al uat e(X , b 1 )
. b 1 is the first batch
8:
∀xi ∈ X , F t i , j ← F t i , j + F t X
9:
end for
10:
∀i ∈ (1, SP ) and j ∈ (1, N P ), F t i , j ← nor mal i ze(F t i , j )
11:
X ← {x1,max , x2,max , · · · , xSP,max }
12:
F t v al i d at i on ← ev al uat e(X ,V al i d at i onSet )
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:

bestV al i d at i on ← F t v al i d at i on
best Net wor k ← X

while termination criterion is not satisfied do
for each bk ∈ B at ches do
for each subpopulation P i do
P i0 ← P i
F t i0 ← F t i

for each xi , j ∈ P i do
Xi ← xi , j
F t X ← ev al uat e(X , b k )
F t X0 ← F t i , j · (1 − d ec a y) + F t X
v ← mut at e(xi ,r 1 , xi ,r 2 , xi ,r 3 , F )
F t v ← (F t i ,r 1 + F t i ,r 2 + F t i ,r 3 )3
u ← cr ossover (xi , j , v ,C R)
Xi ← u
F t u ← ev al uat e(X , b k )
F t u0 ← ((F t i , j + F t v )2) · (1 − d ec a y) + F t u
if F t u0 > F t X0 then
P i0 , j ← u
F t i0 , j ← F t u0

else
P i0 , j ← xi , j
F t i0 , j ← F t X0

end if
end for
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38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:

P i ← P i0
F t i ← F t i0
Xi ← xi ,max
F t v al i d at i on ← ev al uat e(X ,V al i d at i onSet )
if F t v al i d at i on > bestV al i d at i on then
best Net wor k ← X
bestV al i d at i on ← F t v al i d at i on

end if
end for
end for
end while
end procedure

Algorithm 6 Evaluation of an individual DSP rule
1: procedure Evaluate(x, t r i al s, Nepi sod es )
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

f i t ness ← 0

for each t ∈ t r i al s do
for each g ∈ g oal Posi t i ons do
E P 0 ← i n f , E P best ← i n f , e ← 1
R N N ← i ni t i al i zeRand om
while e ≤ Nepi sod es do
E P e ← t est Net wor k(R N N )
m ← −1
if E P e ≤ E P e−1 then
m←1

end if
E P best ← mi n(E P e , E P best )
R N N ← s ynapt i cUpd at e(R N N , x, m)
e ← e +1

end while
f i t ness ← f i t ness + E P best

end for
19:
end for
±
20:
return f i t ness (t r i al s · N g oal s )
21: end procedure

. N g oal s positions
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Algorithms
Algorithm 7 Evaluation of an individual NPSP rule
1: procedure Evaluate(x, t r i al s, Nepi sod es )
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

f i t ness ← 0

for each t ∈ t r i al s do
for each s ∈ st ar t Posi t i ons do
behavi or s ← {}
e ←1
R N N ← i ni t i al i zeRand om
while e ≤ Nepi sod es do
behavi or ← t est Net wor k(R N N )
S
behavi or s ← behavi or s behavi or
R N N ← s ynapt i cUpd at e(R N N , x)
e ← e +1
end while
¯
¯
¯uni que(behavi or s)¯
f i t ness ← f i t ness +
N
epi sod es

end for
end for
±
return f i t ness (t r i al s · N st ar t )
end procedure

. N st ar t positions

Appendix C
Evolved Delayed Synaptic
Plasticity Rules
Tables C.1 and C.2 the continuous, and C.3 and C.4 provide the discrete parts
of the 15 evolved DSP rules respectively. They are ranked based on their fitness
values from the best (smallest) to worst (largest) corresponding to rule ids 1 to
15.

Table C.1: Rules from 1-7 of the 15 distinct evolved DSP rules and their fitness values
after 10000 episodes. Their discrete parts can be found in Table C.3.
RuleID
η
θ
αh
αo
Fitness

1
0.0317
0.2080
0.1931
0.2376
44.10

2
0.0754
0.5574
0.1654
0.2255
45.65

3
0.0720
0.3530
0.1523
0.6770
45.83

4
0.0470
0.2763
0.2253
0.0214
46.98

5
0.0302
0.1923
0.0985
0.0445
51.65

6
0.0152
0.5547
0.0454
0.1633
54.28

7
0.0422
0.5492
0.2291
0.0626
54.35
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Evolved Delayed Synaptic Plasticity Rules
Table C.2: Rules from 8-15 of the 15 distinct evolved DSP rules and their fitness values
after 10000 episodes. Their discrete parts can be found in Table C.4.
RuleID
η
θ
αh
αo
Fitness

8
0.0927
0.1277
0.1319
0.4402
62.05

9
0.0569
0.8238
0.2833
0.2538
67.85

10
0.2396
0.0534
0.0947
0.0947
76.25

11
0.2082
0.2351
0.1272
0.2613
78.70

12
0.4536
0.3967
0.4958
0.1028
79.10

13
0.0507
0.6040
0.1334
0.4862
79.85

14
0.2315
0.3909
0.1859
0.2039
84.98

15
0.9619
0.3672
0.5027
0.5758
86.08

Table C.3: Rules from 1-7 of the 15 distinct evolved DSP rules given by the columns
∆w 1 through ∆w 15 . Their continuous parts can be found in Table C.1. First
four columns specify neuron activation traces where the first and second bits
represent activations of pre- and post-synaptic neurons (i.e. 00 is when preand post-synaptic neurons are in a non-active state.), and the fifth column
specify the modulatory signal m .
00
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

N AT θ
01
10
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1

0
0
0
0
1
1
1
1
0
0
0
0
1
1
1
1
0
0
0
0
1
1
1
1
0
0
0
0
1
1
1
1

11
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1

m

∆w1

∆w2

∆w3

∆w4

∆w5

∆w6

∆w7

-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1

1
1
0
-1
1
1
0
-1
0
-1
0
1
1
1
0
-1
0
0
0
1
0
0
0
0
1
0
0
1
0
0
-1
0

1
1
-1
-1
0
1
0
1
-1
-1
0
-1
0
-1
1
0
1
0
-1
-1
-1
1
-1
-1
0
0
1
1
0
-1
0
0

0
1
-1
-1
1
1
0
-1
0
-1
0
1
1
-1
1
1
1
0
0
0
-1
-1
0
-1
0
1
-1
1
0
-1
0
-1

-1
0
0
-1
0
1
-1
0
1
-1
1
1
1
1
1
1
-1
1
1
1
-1
0
1
-1
1
-1
-1
-1
-1
0
1
-1

-1
-1
-1
0
0
1
1
-1
-1
0
0
1
1
-1
-1
0
0
0
-1
0
0
1
-1
1
1
-1
-1
1
-1
-1
1
0

1
0
-1
-1
0
1
0
-1
-1
0
1
-1
0
0
0
0
0
0
-1
-1
0
1
-1
-1
0
0
0
0
0
-1
-1
0

1
1
-1
-1
0
1
1
1
-1
0
-1
1
0
1
0
-1
0
0
-1
1
-1
1
1
1
1
-1
-1
0
1
0
0
1
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Table C.4: Rules from 8-15 of the 15 distinct evolved DSP rules given by the columns
∆w 1 through ∆w 15 . Their continuous parts can be found in Table C.2. First
four columns specify neuron activation traces where the first and second bits
represent activations of pre- and post-synaptic neurons (i.e. 00 is when preand post-synaptic neurons are in a non-active state.), and the fifth column
specify the modulatory signal m .
00
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

N AT θ
01
10
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1

0
0
0
0
1
1
1
1
0
0
0
0
1
1
1
1
0
0
0
0
1
1
1
1
0
0
0
0
1
1
1
1

11
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1
0
0
1
1

m

∆w8

∆w9

∆w10

∆w11

∆w12

∆w13

∆w14

∆w15

-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1
-1
1

-1
1
-1
-1
-1
1
0
1
0
0
0
0
-1
-1
-1
0
1
0
-1
0
1
1
-1
1
0
1
1
-1
0
-1
-1
0

0
1
0
-1
1
1
0
0
0
-1
1
-1
1
1
1
0
-1
0
1
0
0
-1
1
0
-1
-1
0
0
0
0
-1
1

1
-1
0
-1
1
0
1
-1
-1
-1
1
1
1
1
-1
-1
-1
0
-1
-1
-1
1
0
0
-1
-1
1
0
0
1
1
0

1
1
1
-1
0
1
0
0
-1
0
0
1
0
1
-1
0
-1
0
-1
0
0
1
1
1
-1
0
-1
0
-1
1
1
0

0
-1
0
-1
1
1
0
1
1
1
0
1
0
-1
0
0
-1
0
0
0
-1
1
1
1
-1
-1
1
-1
0
-1
0
0

0
0
0
-1
1
1
1
0
-1
-1
0
1
0
0
0
1
0
1
0
-1
0
0
0
0
0
-1
0
0
0
0
1
0

0
0
0
-1
1
0
1
-1
0
0
1
-1
0
0
0
1
0
0
0
-1
0
1
1
-1
-1
0
1
0
0
0
1
1

-1
1
0
-1
0
1
0
-1
0
0
1
1
-1
1
0
0
1
0
0
-1
1
0
-1
-1
-1
1
1
1
-1
1
0
1
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