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Abstract

The current work addresses the development of cognitive abilities in artificial or-

ganisms, a topic that has attracted many research efforts recently. We introduce

a novel computational framework for modelling partial brain areas, following a co-

evolutionary agent-based approach. Specifically, self-organized agent structures are

employed to represent distinct brain areas. In order to facilitate the design of agents,

we introduce a Hierarchical Collaborative CoEvolutionary (HCCE) approach that

specifies the structural details of autonomous, but cooperating system components.

By utilizing a distributed model and a distributed design methodology, we are able to

explicitly address the special characteristics of substructures representing brain areas,

and additionally integrate them effectively formulating composite systems.

Overall, the proposed computational framework facilitates the design of brain-

inspired cognitive systems because it:

• assigns distinct roles to the agents representing brain-areas,

• supports computational modelling of biological lesion findings, addressing ex-

plicitly the pre- and post- lesion performance of the model,

• alleviates the integration of partial models developing gradually more complex

ones,

• re-designs (if necessary) existing substructures in order to support forthcoming

modelling efforts.
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The effectiveness of the proposed computational framework is demonstrated on a

number of different experiments. The implemented models are successfully embed-

ded in a simulated robotic platform, developing artificial organisms with advanced

behavioral and cognitive abilities.



Chapter 1

Introduction

This thesis addresses the development of a consistent methodology to support the

design of artificial cognitive systems, which are inspired by the mammalian central

nervous system. In this introductory chapter, we define the problem, indicate its

scientific and practical significance and outline the thesis structure.

1.1 Problem Statement

The wide progress of technology during recent years, allowed man to develop many

products that would seem infeasible only a few decades ago. At the same time,

advances in many scientific domains gave rise to research achievements that in some

cases reproduce or even by-pass nature. Thus, many challenging long-term goals are

currently worked out (e.g. cloning, Mars colonization).

In the field of computer technology, the goal of developing artificial systems with

human competitive cognitive abilities, belongs to the most widely discussed issues.

Many different approaches (Mathematical Logic, Artificial Intelligence, Cybernetics,

etc.) pledged to turn the vision into reality. The common characteristic of these

conventional approaches is that the implemented system usually is based on human

specified, build-in knowledge. Specifically, well known rules of human-like activities

1
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are interpreted computationally to solve effectively predefined problems. As a re-

sult, existing systems employ man-manufactured intelligent mechanisms in order to

accomplish their goals.

Until recently, the need for intelligent computational systems seemed to have been

successfully met by these methods. This is because intelligence needed to be exhibited

only internally in the system. The majority of computer applications performed on

their own synthetic world, which has been manufactured and properly constrained

by the human factor. For example, in the field of computer networks or information

systems technology, daily data are filtered by human engineers in order to meet the

needs of the system, and additionally they are structured in the proper form to be

ready for future “intelligent” usage. Thus, the artificial system does not actually come

in contact with the real world, since men always mediated, to transform a snapshot

of the real environment to a snapshot of the synthetic environment.

Contrary to the above, the rapid development of robotics over the last years,

forced artificial systems to come in contact with the real unstructured world. The

new kind of problems that artificial systems need to address, is neither constrained

nor well structured. Furthermore, it is impossible for the human factor to transform

every snapshot of the environment in a synthetic image to be handled efficiently by

the artificial system, and additionally it is impossible to predict all environmental

circumstances when the robot operates in the dynamic human world.

A large number of experiments investigating robot performance in everyday hu-

man environments revealed the limits of existing approaches. It has been shown that

traditional computational approaches are often faced with limitations when approach-

ing real life problems. As a point of reference, robot performance is often compared

to the respective abilities of biological organisms, which operate autonomously in the

well known daily environments. This comparison helped researchers realize that, de-

spite the increased efforts to furnish machines with intelligent competencies, robotic
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cognitive abilities are very primitive, at least compared to the corresponding capabil-

ities of mammals. This is because the human designed intelligent systems, are based

on different principles than those offered by nature to biological organisms.

The substantial introduction of robots in everyday human environments increased

the demands for systems with effective cognitive abilities, that are able to coexist and

cooperate seamlessly with people. The advent of robotics in recent years made the old

dream of artificial systems with cognitive skills a need in recent days. In the new for-

mulation of artificial intelligence problems, robots have to develop cognitive abilities

related to the continuously coming unstructured data of the real world, and exhibit

intelligent performance similar to man or other mammals by handling efficiently a

variety of unknown and unpredicted circumstances.

In order to approach this new type of problems, nature is utilized as a source of

inspiration providing alternative approaches to develop intelligent artificial systems.

Along this line, a large field of robotic research has recently shifted emphasis on the

investigation of biological cognitive mechanisms as a means to develop robots with

advanced cognitive skills. Specifically, the mechanisms that guide the development

of cognitive competencies of biological organisms are interpreted computationally in

order to advance the mental abilities of artifacts. Following this approach, biological

organisms are utilized as prototype structures, providing inspiration for the develop-

ment of robots with advanced cognitive skills.

Even if the biological prototype should not be considered as a panacea to approach

robotic problems, it is clearly one of the most advanced information processing sys-

tems existing today. Consequently, there is much to gain from understanding its

functioning, and extracting principles for the development of robots. Since mammals

constitute the category of biological organisms that exhibit the highest level of intel-

ligence, they could be used as an excellent prototype for the development of machines

with advanced cognitive and behavioral abilities.
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In order to have a better understanding of the behavior of animals it is necessary to

appreciate how their Central Nervous System (CNS) is functionally and anatomically

organized. One of the cornerstones in brain research area, is that the mammalian

central nervous system consists of several interconnected modules (brain-areas) with

different functionalities. A lot of research is recently oriented in determining how the

information flows within modules, what kind of information is processed in each area

of the CNS, and how these parts cooperate in order to accomplish real world tasks.

These efforts are often supported by computational models which test existing hy-

potheses regarding brain functionality. In this endeavor, real-time environmental in-

teraction is of utmost importance, because it is difficult to investigate the mammalian

brain without embedding the models into a body to interact with its environment.

Therefore, robotics and brain science can support each other in the development of

successful artificial brain models.

Over the last decades, a wide variety of computational models have been imple-

mented, mimicking successfully certain aspects of brain operation. However, during

the implementation of the models, partial structures of the mammalian CNS are often

considered as isolated modules whose properties are investigated from a limited and

local point of view. As a result, each approach follows a different level of description

and explanation, based on different working assumptions. Unfortunately, existing

models seem to form a heterogeneous collection, where computational differences

among them constitute their integration very difficult.

In order to develop large scale models of biological cognitive mechanisms, new

research efforts should be directed in investigating the connectivity of brain sub-

structures. This is because the consideration of information exchange among brain

substructures shapes a solid research base that will enforce the consideration of partial

models under a common and unified research framework. As a result, strong simpli-

fications and harmful assumptions will be avoided during the design of the system
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components. Furthermore, a new computational methodology should be formulated

that will highlight the process of developing the global model, rather than the inter-

mediate partial results. The components of the overall system should be tested on

complex operating scenarios, considering an extended set of the interactions among

partial areas.

Evidently, the successful development of brain-like computational models is of

great importance for the advancement of robotic research because it will alleviate fur-

nishing robots with intelligent competencies similar to those of mammals. This thesis

introduces a computational framework to support these modelling efforts. Instead

of emphasizing on the computational details of the result, the present study aims at

formulating a new methodology which supports the design procedure by means of it-

erative systematic steps. Specifically, the proposed approach shifts emphasis from the

“final model”, to the “process to the model” by means of two main guidelines. First, it

follows a distributed modelling approach in order to facilitate replication of the pro-

totype modular CNS architecture. Second, it introduces a distributed optimization

method, which is able to design effectively the components of the composite artificial

system. Overall, the proposed methodology facilitates both the independence and

the co-operability of partial system components addressing the biologically inspired

characteristics of the solution in both a partial and a global system level.

1.2 Scientific Interest

The adoption of biological inspiration is currently one of the most widely accepted

approaches in modern robotics. However, this approach can not guarantee to provide

solutions to the difficult and long lasting problems of the area. As a result, a consis-

tent computational framework is necessary to study brain-inspired artificial cognitive

mechanisms, and the extent that biological principles are necessary to design robots
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with intelligent competencies. In other words, systematic efforts of the bio-inspired

research agenda should be directed in investigating what kind of problems are more

easily solved by adopting this approach, and which of them are made more difficult.

As a result, a consistent methodology to replicate computationally specific aspects

of brain performance, will be very important for an advanced and successful new

generation of robots.

A consistent methodology to investigate the development of brain-like computa-

tional cognitive mechanisms may also support research efforts in the field of psychol-

ogy and neuroscience. The implemented models could be utilized to make predictions

regarding the activation of the central nervous system of animals. Moreover, the em-

bodiment of the computational model could reveal important aspects of brain func-

tionality. This is because it is difficult to investigate the mammalian brain without

embedding the models into a body to interact with its environment. Consequently, ro-

bots could be useful in exploring several hypotheses regarding the behavior of animals

which is considered to be the result of environment-body-brain interaction.

Additionally, biologically inspired robotic cognitive systems can serve as a means

for the evaluation of existing brain function theories, regarding their sufficiency to

explain real-life data. Specifically, during the process of modelling biological mecha-

nisms, connections and gaps among existing theories may be revealed, that otherwise

would have been overlooked. The adoption of a common solid base to investigate

partial brain modules, may provide a global viewpoint in theoretical and computa-

tional studies, which will facilitate the integration of existing theories in new ones,

with advanced features in terms of completeness and reliability.

The exchange of information among different scientific areas may develop new

ideas that will trigger their successive advancement over time. For example, by

adopting a methodology to develop brain-like artificial systems it will be possible
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to implement computational models of the central nervous system of different mam-

malian species highlighting their distinct functional and anatomical characteristics.

The implemented models can be further employed to study phylogenetic evolution

of species and the distinct specialization of the brain among them. Additionally,

they can be utilized to formulate new experiments revealing the particular behavioral

characteristics of each species. Then, the new findings will provide feedback to ro-

botic researchers that will gain a clear understanding of the mechanisms they should

provide to artifacts in order to meet particular objectives on their performance.

1.3 Practical Interest

Today, it can be claimed that robotics has reached a point that the basic task of

controlling successfully partial robot elements and performing simple basic tasks has

been almost achieved. Existing robotic competencies have been employed success-

fully in industry to improve the quality and quantity of production. The next step

for robotics is to overcome the limitations of industrial applications which lack self-

motivated performance, and start operating autonomously in human environments,

faced with real world problems. The challenge for future applications concerns the

development of artificial systems whose cognitive abilities will match the respective

abilities of mammals. Thus, the implementation of methodologies that support the

design of biologically inspired artificial brains will have a significant impact to attain

this challenge.

The effective investigation and systematic mimicking of biological cognitive mech-

anisms will enable the enrichment of artificial creatures with novel features, such as

consciousness or emotions, which are currently found only in biological organisms.

These features will significantly facilitate human interaction with artifacts. For ex-

ample, intelligent homes or cars could be implemented that mature accordingly in
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order to meet the needs of their owners. By bringing the operation of artificial crea-

tures closer to that of biological organisms, well known natural rules can be directly

utilized to alleviate their coexistence and cooperation. As a result, new and complex

products can be seamlessly integrated in the human everyday life.

Moreover, the replication of biological brain functionality in a certain approxima-

tion level, could by used to investigate new techniques to approach specific aspects

of the life of biological organisms (e.g. new training approaches can be designed to

facilitate the educational process). The same computational models can also be em-

ployed to explore various aspects of human life in order to design changes on social

structure that will improve daily-round quality. For example, massive behaviors of

human communities could be reliably simulated in order to support the decisions of

civic authorities or even governments.

Additionally, the methodology to replicate successfully brain performance could

be employed to renew and potentially advance the experimental processes followed in

brain sciences. Specifically, the modelling process can be adjusted in different ways

each time, highlighting the details which are of greater interest to a particular brain

investigation study. Then experiments can be performed on the model, to test certain

hypotheses regarding brain functioning. For example, it will be possible to simulate

drug or lesion effects in the brain, eliminating the need to perform experiments with

animals or humans. Finally, in the long term, when sufficiently detailed and reliable

models will have been implemented, biological brain areas with improper performance

may even be substituted by artificial modules which will perform in a desirable,

normal way.
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1.4 Proposed Approach

The present thesis introduces a methodology to design brain-inspired artificial cog-

nitive mechanisms. Specifically, the methodology addresses the architecture of the

prototype biological central nervous system, that consists of many partial areas with

distinct functionalities. Along this line, a distributed modelling framework is pro-

posed, that is able to highlight both the independent and cooperative characteristics

of brain areas.

The proposed methodology employs a distributed computational structure to de-

velop the artificial cognitive system. Similar to partial brain areas, each module of

the system is represented by an agent structure, that emphasizes its autonomy and

special features. Hence, the composite model consists of a collection of primitive

components, each one assigned the functionality of a mammalian brain area. Follow-

ing the argument that mammalian cognition is epigenetically specified by subjective

experience, agents are properly designed to develop the desired functionality after a

certain amount of environmental interaction.

An automated design mechanism is employed to specify the structure of agents,

enforcing the similarity of the model with the biological prototype. The mechanism

is similar to the phylogenetic evolution of biological organisms. In particular, the

structure of agents is specified by a computational evolutionary process. Instead of

using a unimodal evolutionary approach, we employ a cooperative coevolutionary

method which offers enhanced search abilities of partial modules. This is because the

coevolutionary mechanism also follows a distributed architecture that matches the

distributed computational model. In the present study, we introduce a novel Hierar-

chical Cooperative CoEvolutionary (HCCE) scheme which supports the coevolution

of a large number of system components, each one guided by separate design criteria.

Thus, both the individual and combined characteristics of the agents formulating the
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cognitive system can be adequately addressed.

Following the proposed computational framework, the implementation of the

brain-like cognitive system is considerably simplified. This is because the distrib-

uted computational structure facilitates the decomposition of the modelling process

to small tractable tasks. At the same time, the distributed coevolutionary design

mechanism is able to solve efficiently partial tasks and it is further able to integrate

system components in order to formulate complex computational structures.

The proposed computational framework is able to enforce the brain-like character-

istics of the artificial cognitive system. This is because the coevolutionary mechanism

provides a systematic way to furnish model components with the desired characteris-

tics. Furthermore, the autonomy of partial system components facilitates their partial

elimination simulating the conditions of biological lesion experiments. As a result,

the pre- and post- lesion performance of the model can be considered by the HCCE

design procedure. Following this approach, brain lesion results can be adequately

replicated enforcing the functional similarity of the model to the biological proto-

type. By employing computational models with brain-like characteristics, we aim at

the construction of artificial systems able to develop mammal-like cognitive skills.

1.4.1 Contributions

The present study investigates issues pertaining to different research areas ranging

from robotics to computational cognitive neuroscience and also from agent technology

to coevolutionary methods, contributing novel ideas to approach and integrate them

in a common computational framework. Specifically, the present work introduces:

• the agent-based modelling of brain-inspired artificial cognitive systems,
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• a cooperative coevolutionary method to design simple agent structures empha-

sizing their integration in composite systems,

• a novel Hierarchical Cooperative CoEvolutionary (HCCE) scheme which sup-

ports the agent based modelling of biologically inspired artificial cognitive sys-

tems.

• the consideration of phylogenetic - epigenetic interaction, as a means to inves-

tigate and design brain-like computational systems,

• a systematic methodology to replicate computationally biological findings in

order to furnish artifacts with enhanced mammal-like cognitive and behavioral

capabilities.

1.4.2 Publications

Parts of the work presented in this thesis have been already submitted for publication

or published in international scientific journals and conference proceedings as follows:

Journals

• M. Maniadakis, P. E. Trahanias, Hierarchical CoEvolution of Cooperating

Agents Acting in the Brain-Arena, submitted to Adaptive Behavior journal,

MIT Press.

• M. Maniadakis, P. E. Trahanias, Agent-based Brain Modelling for Artificial

Organisms by means of Hierarchical Collaborative CoEvolution, submitted to

Artificial Life journal, MIT Press.

• M. Maniadakis, P. E. Trahanias, Modelling brain emergent behaviours through

coevolution of neural agents, accepted for publication, Neural Networks journal,

in print.
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Conferences

• M. Maniadakis, P. E. Trahanias, Hierarchical Cooperative CoEvolution Facil-

itates the Redesign of Agent-based Systems, to appear in the 9th International

Conference on the Simulation of Adaptive Behavior (SAB’06).

• M. Maniadakis, P. E. Trahanias, Design and Integration of Partial Brain Models

Using Hierarchical Cooperative CoEvolution, in Proc. International Conference

on Cognitive Modelling (ICCM-2006), pp. 196-201, 2006.

• M. Maniadakis, P. E. Trahanias, Modelling Robotic Cognitive Mechanisms by

Hierarchical Cooperative CoEvolution, in Proc. 4th Hellenic Conference on Ar-

tificial Intelligence, (SETN-2006), pp. 224-234, 2006.

• M. Maniadakis, P. E. Trahanias, Distributed Brain Modelling by means of Hi-

erarchical Collaborative CoEvolution, in Proc. IEEE Congress on Evolutionary

Computation, (CEC-2005), pp. 2699-2706, 2005.

• M. Maniadakis, P. E. Trahanias, CoEvolutionary Incremental Modelling of Ro-

botic Cognitive Mechanisms, in Proc. VIIIth European Conference on Artificial

Life, (ECAL-2005), pp. 200-209, 2005.

• M. Maniadakis, P. E. Trahanias, A Hierarchical Coevolutionary Method to Sup-

port Brain-Lesion Modelling, in Proc. International Joint Conference on Neural

Networks, (IJCNN-2005), pp. 434-439, 2005.

• M. Maniadakis, P. E. Trahanias, Evolution Tunes Coevolution: Modelling Robot

Cognition Mechanisms, in Proc. Genetic and Evolut. Comput. Conference,

(GECCO-2004) pp. 640-641, 2004.
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• M. Maniadakis, P. E. Trahanias, A Computational Model of Neocortical-

Hippocampal Cooperation and Its Application to Self-Localization, in Proc. VI-

Ith European Conference on Artificial Life, (ECAL-2003), pp. 183-190, 2003.

1.5 Thesis Structure

This thesis is organized into seven chapters, which are structured as follows:

Chapter 1: Introduction. The present chapter has attempted to give an outline of

the problem approached by the present study, and the basic features of the method-

ology followed to solve it.

Chapter 2: Literature Review. The next chapter reviews the literature of the

main scientific fields related to the present study, namely robotics, computational

neuroscience, agent technology, and optimization methods.

Chapter 3: Overview of the Computational Framework. This chapter combines the

scientific fields discussed in chapter 2, in order to shape the proposed new methodology

for the design of biologically inspired artificial brains. The presentation highlights the

emergence of the approach from the integration of diverse scientific areas, and the

contributions it offers to them.

Chapter 4: Computational Model. This chapter presents the primitive compu-

tational structures employed as building blocks by the present study, in order to

facilitate the design of composite models with cognitive abilities.

Chapter 5: Hierarchical Cooperative CoEvolution. This chapter presents a novel

coevolutionary scheme which is utilized in the present study as the main mechanism

to support the design and integration of partial computational models.

Chapter 6: Results. This chapter presents a series of results which aim at illus-

trating the effectiveness of the proposed methodology in the design of brain-inspired

artificial cognitive mechanisms.
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Chapter 7: Conclusions. The last chapter summarizes the basic features of the

proposed computational framework, and indicates directions for future work.



Chapter 2

Literature Background

The present work investigates the development of brain-inspired artificial structures

as a means to enrich robots with advanced cognitive abilities. A novel computational

framework is proposed to facilitate cognitive system design. This is based on an

agent modelling approach, and a coevolutionary design tool. Thus, the present work

addresses issues from diverse scientific fields. Specifically, we investigate aspects from

the fields of robotics, computational cognitive neuroscience, agent technology, and

evolutionary computing (Fig 2.1).

In this chapter we review relevant parts of the literature of the above scientific

areas, referring mostly to the issues related to the present study.

2.1 Robotics

Robotics is a field where many ideas from different scientific areas have been mixed

and applied over the years. As a result, it is usually hard to define the borders among

different methods. In the following, we will attempt to present an overview of the

major existing approaches. Research literature in the area of robotics is broadly clas-

sified in conventional robotics, encompassing the majority of algorithmic approaches,

and bio-inspired robotics borrowing ideas from biology in order to facilitate the design

15
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Figure 2.1: A graphical representation indicating the context of the present study.

of advanced robotic systems.

2.1.1 Conventional Robotics

Traditionally, roboticists have tried to tackle the problem of robot development in

a top down fashion [43]. That is, human designers first analyze/specify what is the

desirable performance for the robot, and then they develop methodologies to specify

the computational details of this performance, following an algorithmic approach.

The earliest attempts utilized well known results of control theory to build auto-

mated systems able to perform very accurately specific tasks [250, 81, 281]. Following

this approach, the efficiency of robot performance was considered synonymous with

the speed and accuracy of the motion. The successful results of these methods had a

considerable acceptance in the industry, facilitating the automation of production.

The necessity to apply robotics in gradually more sophisticated applications, re-

vealed the need of artificial systems to perform complex movement sequences. One

important aspect of robot operation is the ability to plan tasks, actions and motions

without human intervention. As a result, the emphasis of robotic research shifted to

complex forms of behavior. At that time, the advancement of artificial intelligence
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(AI) brought new notions in the field, such as knowledge representation, reasoning,

and planning [318, 262]. Hence an AI approach was followed in the field of robotics,

utilizing computational structures that perform computations on abstract symbolic

representations of the world [148]. These computations were governed by a stored

program, which contains an explicit list of human designed instructions and rules [83].

Having gained experience with the AI methodology, roboticists realized that it is

not possible to describe all aspects of the real world in a storage device to be utilized

by the robot. On the contrary, robots should be enriched with decision making and

learning capabilities to acquire knowledge on their own, in order to accomplish their

goals. As a result, a large variety of statistical methods were utilized to support

the extraction of knowledge from the world [19, 292, 288, 257, 255] and the decision

making process [102, 141, 271, 218]. Still, the long term goal of developing artifacts

with autonomous cognitive skills was not reached. This is because the mediation of

the human factor remained significant, specifying both the learning mechanism and

which were the aspects of the real world that a robot should learn, according to the

human experience on the problem.

At the same time, soft-computing methodologies (artificial neural networks, fuzzy

systems, genetic algorithms, [284, 165, 279, 248, 299]) became very popular, mainly

due to their success in learning problems. Following that trend, the soft-computing

methodologies were transferred in the field of robotics, aiming at solving efficiently

the problem of learning [188, 101, 64, 150, 161, 186]. However, these methods did

not change the general approach since the human mediator specified both the goal

and the details of the learning procedure. Consequently, humans constrained the

plasticity offered by these methods to design artificial cognitive mechanisms.

Nevertheless, experimentation with soft-computing methods made researchers re-

alize that some desirable features are able to appear in the system, even if humans

do not specify the details of their machinery [201]. These features are specified by
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the special characteristics of the environment, the body of the robot and its previous

experience. As a result, new key aspects came into play, namely situatedness (the

robot is coupled with and influenced by the environment), embodiment (the robot

has a body which modifies its interaction with the environment and specifies its ex-

periences) , and emergence of intelligence (the observed intelligent performance of

the robot comes from the situation in the world, the body-brain coupling, and past

experiences) [43, 261].

Following these principles, a new methodology to robot design was formulated,

named behavior-based. This approach gets its name from behaviors, which are

patterns of activity emerging from interactions between the robot and its environ-

ment. Such systems are constructed starting with a set of primitive/survival be-

haviors. Next, gradually more complex behaviors are added, in order to enrich the

robot with more advanced capabilities, formulating a distributed decision mechanism

[44, 254, 10, 184, 182, 319]. Thus, intelligence is considered as the result of collective

phenomena emerging from the cooperation of partial behaviors [182].

The social extension of behavior-based robotics is usually referred to as multi-

agent system technology which studies the emergence of new behaviors by means of

the interaction of complex organisms, not just single behaviors. Thus, multi agent

systems study the interaction among organisms (represented by groups of behaviors)

which might have conflicting goals, and how the dynamics of this interaction shape the

overall performance of the community. The benefits of the multi-agent approach have

been described in many studies [277, 63, 315, 152], including from a programmer’s

perspective, easier, modular implementation, and for the performance of the overall

system, scalability, robustness, parallel problem solving, and adaptivity in changing

environmental conditions. However, the controllability of the overall system is reduced

due to the potential emergence of new unexplored behaviors.

A new popular methodology in the design of robots is the bio-inspired approach.
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This is based on the fact that for the time being, robotic abilities are very primitive, at

least compared to the corresponding capabilities of many biological organisms. Thus,

instead of trying to design intelligent robots from scratch, we can mimic nature,

making copies of biological mechanisms in order to achieve the long term goal of

designing robots with advanced competencies [26]. Since this is the approach followed

in the present study, the main research directions in the area are discussed in the

following section.

2.1.2 Bio-Inspired Robotics

The wide application of robots in real life has increased the demands for novel, ad-

vanced design methodologies which will support the construction of better, that is,

more autonomous, and more adaptable robotic systems. The observation of every day

action of biological organisms, revealed that biological cognitive mechanisms do not

necessarily match to an algorithmic process that can be universally applied to any

kind of artifacts. Each organism perceives the world from its own perspective, which

means that it assigns meaning to surrounding objects and acts in the environment ac-

cording to its own needs. These observations offered new, biologically-inspired ideas

in approaching the problems related to the development of machines that operate in

the real world [26, 10, 219, 104].

Following this currently very active research direction referred to with the general

term of bio-inspired robotics, substantial efforts are devoted in mimicking the features

of biological organisms. Along this line, explicit references are made to the known

natural mechanisms involved in the cognitive process and the expression of behavior.

The basic argument of the approach is that mind has emerged as a complex form of

life, and thus it is not possible to achieve intelligence without life-like characteristics

[117]. Previous studies have roughly classified bio-inspired robotics in three main
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categories, namely bio-mimetic [216], cognitivist [252], and emergent [252]. The first

emphasizes more on robot motion kinematics, while the following two address mainly

robot intelligent competencies.

Biomimetic Robotics. Research efforts in the area of biomimetic robotics, aim at

extracting principles from biology and apply them to man-made devices. Even if bio-

mimetic approaches do not exclude studies which aim at mimicking advanced aspects

of biological behavior, currently most research endeavors emphasize on reproducing

the mechanics and dynamics of animal bodies [216, 163]. Usually, artificial crea-

tures borrow their structure and senses from simple biological organisms like insects,

worms, lampreys, salamanders, rats, or even humans [293, 24, 304, 135, 96, 185, 191].

Biomimetic studies address biological questions by building physical models of an-

imals, and strive to advance engineering by integrating aspects of animal sensory

systems, biomechanics and motor control into the construction of robotic systems

[164]. Following this approach, engineers are able to blend expertise from the fields

of biology and computer science, taking advantage of new developments in materials,

fabrication technologies, sensors and actuators. Consequently, robotic systems that

exhibit increased robustness when they perform in unstructured environments can be

developed.

Cognitivist Robotics1. This research direction has been formulated by incorpo-

rating ideas from the field of cognitive neuroscience into robotics. Following the

terminology utilized often by neuroscientists, psychologists, cognitive scientists, cer-

tain aspect of the real world are “represented” in the brain of biological organisms

(e.g. [76, 234, 305]). Along this line, a representational or symbolic approach is often

followed by cognitive researchers to model mental processes. This paradigm, which

is usually refereed to as the pure cognitivist approach [252], utilizes the metaphor

1Here, we use the term ”Cognitivist” in the same sense that it is used in [252].
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of the mind as a digital computer, according to which the body is the output de-

vice that merely executes commands generated by a rule-based manipulator of the

symbols associated with the internal representation of the world [8, 301, 297]. Com-

putational approaches following these ideas are often based on unified computa-

tional frameworks such as SOAR, EPIC, or ACT-R, modelling theories of cognitive

processes based on psychological experimentation. These working frameworks have

been also utilized to implement computational models supporting robotic cognitive

tasks [210, 27, 54, 298, 203].

Additionally, we encompass in the category of pure cognitivist approaches those

research efforts which embed models of cortical and subcortical brain areas in ro-

botic platforms [159, 111, 127, 146, 95, 233, 48]. The focus of these efforts is on

the reproduction of human understanding regarding brain performance, rather than

the development of artifacts with efficient functionality [158, 155]. The implemented

models are usually designed without taking into account the specialized characteris-

tics of the robot that they will be embodied. This pure brain-copy based research

direction is in contrast to the emergent approach (discussed below).

In the early 1990s a new way to investigate cognition redirected the focus of sci-

entists. This new approach considered cognition as a temporal phenomenon which

could be better understood by means of dynamical terms [286, 23, 297, 42]. Following

that way of thinking, new issues came into the field of cognitive mechanisms investiga-

tion, such as environmental interaction and the personal experience of the organism.

The new approach to cognition, termed “Dynamic Hypothesis” recognizes that the

organism-plus-environment creates a unified, living system, that has to be considered

as a whole, in order to investigate the emergence of intelligence [276]. Sensing and

acting in the world are considered necessary and sufficient for intelligence [261]. Such

a view follows a less human-centered approach to cognition, because it takes into

account that different organisms perceive the world from different viewpoints which
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are probably different than the human one. Living organisms need to act in order

to develop their own view on the world, based on their own needs and experiences.

These ideas were also transferred in the field of robotics by means of situatedness, em-

bodiment, and emergence of intelligence. Robotic cognitive systems are significantly

advanced by obtaining the necessary power to model social and other experience

based phenomena, facilitating the development of cognitive artifacts [59, 13].

Emergent Robotics. Research efforts in this area start from the dynamic hypothe-

sis of cognitive science, and goes further by adopting approaches that do not explicitly

aim to replicate or reproduce the brain. They rather try to get inspiration by the in-

ternal brain processes in order to develop intelligent artificial systems [164, 252]. The

basic argument of emergent robotics is that the body, the brain and the environment

are reciprocally coupled and strongly affect one another. Consequently they can not

be studied separately. The cognitive processes arise from having an organism with

specific perceptual and motor capabilities specified by its body, interacting with and

moving in the world [285]. Passing this argument to the field of robotics, the intel-

ligent competencies of artificial organisms should be developed with minimal human

intervention, and they should be the emergent result of the interactions mentioned

above.

The performance of the artificial brain is subject to a never-ending adaptation

process which binds it with the body and the environment. This is often simulated

by means of neural network structures with self-organized synaptic plasticity [101,

133, 137, 30, 320, 33]. The artificial mind is a continuously changing system whose

performance is affected by several epigenetic factors existing internally and externally

to the organism, and ranging from neuromodulatory value systems [272, 157] to social

behaviors [65, 41, 32, 78, 84].

The organism should be able to develop a subjective view of its environment which
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will not necessarily be in accordance to the well known human understanding. In or-

der to achieve cognition, the computational structure representing the brain should

pass through a maturation process which specifies the way that early experiences

modulate subjective perception of the world and future behavior. This is often simu-

lated by developmental computational structures which aim at mimicking biological

developmental processes [150, 13, 245, 306, 164, 252]. Even if the developmental

process of these structures is often inspired by the mechanisms presented in nature,

they usually result in computational systems with efficient performance but without

any organizational or functional similarity to biological brains [39, 29, 235, 87]. Other

models employ more traditional computational structures to model the developmental

process such as expanding trees [307].

Furthermore, the claim that embodiment is an integral part of intelligence, has

recently enforced investigating the shape of the body of artificial organisms. Many

studies are recently oriented in discovering which are the desirable shapes of ro-

bot bodies that exhibit tractable passive dynamics. Such bodies will facilitate

the efficiency of robot performance, constraining at the same time the set of pos-

sible configurations of the cognitive mechanism, in order to alleviate its design.

These approaches are referred with the general term of computational morphogenesis

[86, 130, 38, 274, 28, 153]. The most recent research direction in this field emphasizes

the co-design of robot bodies and brains [180, 39, 222, 252] to achieve a perfect match.

Cognitivist vs Emergent Robotics. The diverse features of the two approaches

are best revealed by considering the most extreme cases of each side. According to

my own point of view, they can be summarized in the following three points:

• The cognitivist approach assumes that embodiment and environmental inter-

action are not always necessary to achieve cognition (e.g. the interaction with

the pen does not guide the thoughts written in the paper), while the emergent
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approach considers embodiment as the crucial point to cognition (e.g. it is nec-

essary to feel the particular properties of your body and also to sense the glass

in order to decide what is the appropriate way and force to grasp it).

• The cognitivist approach argues that it is possible to design a general purpose

computational brain which can be embedded in many different types of artifacts,

with minor changes. In contrast, the emergent approach believes that each brain

matches a specific body type and vice versa, and consequently both should be

developed in parallel.

• In order to develop artifacts with advanced mental abilities, the cognitivist

approach argues that we need to copy biological brains (at least in some level

of detail). The artificial brain should be understandable by the designer, and

reflect our current knowledge on the performance of biological brains. The

emergent approach argues that robots constitute a new, independent type of

organism, and consequently the architecture of their bodies and brains could

follow an architecture which can be independent of the biological prototype.

What we should get from nature are the mechanisms which formulate the result

(e.g. developmental process), but it is not necessary to consider the brain as

the target structure.

Previous studies addressed cognitivist and emergent robotics as being antagonistic

design methodologies [252]. However, we believe that the two robot design method-

ologies share many common ideas. A similar argument is also stated in [261].

2.2 Computational Neuroscience

The task of computational neuroscience is to reverse-engineer the central nervous

system: to dissect its architecture into functionally isolable information-processing
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units, and to reproduce computationally the operation of these units at a physical

level. These models play a significant role in the formation of recent theories regarding

CNS functionality, and they are often utilized to test the reliability/completeness

of a specific assumption regarding brain activity, or make predictions for further

investigation.

Unfortunately, at the present time there are not appropriate computational sys-

tems to approximate brain organization and performance. The reason is that there

are many unknown and unexplored parameters of CNS functionality, while, at the

same time, the technological advancement is still lacking to implement an artificial

system with that level of complexity.

2.2.1 Neuroscience - Brain Science

Neuroscience is currently one of the most rapidly growing areas of science, examining

the biological basis of consciousness and the mental processes by which we perceive,

act, learn, and remember. The current section aims at highlighting those aspects of

neuroscience which are mostly relevant to the present thesis. For further details, the

interested reader is referred to several recent textbooks which deal with the most well

known aspects of brain performance (e.g. [144, 321]).

Roughly speaking, neuroscience follows diverse directions to achieve a deeper un-

derstanding of the brain, examining different disciplines regarding its structure and

functioning. In summary, modern neuroscience emphasizes on (1) the brain areas and

functions which support higher mental processes such as perception, attention, mem-

ory, learning, thinking, (2) the structure and functional properties of the neurons,

glia, and synapses that are the building blocks of the nervous system, (3) the devel-

opmental process clarifying how neural cells are generated and acquire their identity,
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and how patterns of neuronal connections are established, (4) the genetic determi-

nants of the CNS in order to understand the mechanisms that genes and proteins

modulate the formulation of neural circuits.

A wide range of brain investigation techniques are available today, serving the

goals of neuroscience. These techniques emphasize on different aspects of brain per-

formance including single-unit recordings, focal lesion of brain areas, cortex manip-

ulation methods (TMS), temporal data acquisition techniques (EEG, ERP, MEG),

brain imaging methods (PET, fMRI). Each one of those methods measures different

characteristics of brain performance and thus they differ in spatial and temporal res-

olution, as well as in the area coverage. Consequently, following each one of them,

only a part of the complete picture of brain functionality is available every time.

Modern approaches aim at applying data fusion techniques to combine data collected

from different techniques, in order to provide a more complete understanding of brain

performance [132].

The brains of diverse biological organisms share common characteristics which

become gradually more complex as we are examining more advanced animals. Conse-

quently, neuroscientists often investigate the functional and anatomical organization

of the CNS of simple organisms in order to formulate hypotheses which are also

tested on more complex organisms. Specifically, mammals are considered as a group

of species with common characteristics in their central and peripheral nervous sys-

tem. Thus, in order to achieve a deeper understanding of the brain of the higher

biological organism (human), a great part of neuroscience community concentrates

their research efforts on the CNS of lower or other mammals. Then, their results are

properly scaled up to higher species. For example, all mammal species share similar

sensory and motor systems to receive information from the environment and act on

it, similar regulatory systems to balance their-self needs ensuring that they obtain

the resources needed to survive, and similar structures to perform mental functions
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[144].

One of the cornerstones of modern brain science is that the central nervous system

consists of specialized subregions. These regions are organized in both a hierarchi-

cal and parallel way with an interactive but largely independent performance. The

central nervous system of mammals consists of six main parts, namely spinal cord,

medulla, pons, mindbrain, diencephalon, and cerebral hemispheres, each one assigned

a different set of functions [144]. Each of those six main parts of the CNS is further

divided in smaller building units, related to specific aspects of brain performance

[112].

The complex and diverse functions of the mature CNS (e.g. perception, motor

coordination, motivation, memory) depend on the precise interconnections formed

by many thousands of neural cells. The establishment of the mature pattern of

neuronal connections is shaped by an interaction of genetic and environmental factors

[144, 112, 321].

The biological system of the central nervous system runs in massively parallel,

low speed computation, within an essentially fixed topology network with bounded

depth. Thus the secrets of its flexible and efficient operation are appropriately en-

coded in this bounded network, and we have to decode it. Some of the questions

asked by researchers working on this issue are: how does the brain develop? how

do nerve cells in the brain communicate with each other? how do different patterns

of interconnections give rise to different perceptual and motor acts? how is neural

communication modified by experience?.

2.2.2 Modelling

The construction of computational models is a standard practice in the field of brain

sciences, facilitating the endeavor to explain observed phenomena. Distinct models
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aim at replicating diverse phenomena observed in neuroscientific studies in order to

accomplish a deeper understanding of their dynamics. There are many design issues

that distinguish the approaches followed for the implementation of CNS models. In

the present study, we follow two different categorizations, in order to review the main

directions of brain modelling efforts.

Neural Models. The most widely used paradigm addresses the employment of

neuron-like elements that are linked into circuits to model elementary or larger por-

tions of the CNS [258]. To a very coarse approximation, one can distinguish three

classes of models in common use, namely compartmental, leaky integrator, and firing-

rate models [9, 66].

Compartmental models, are biophysical plausible structures which place their em-

phasis on the morphology and other detailed characteristics of a neuron in order to

investigate the way that a single or just a few neurons compute, with a high degree

of detail. Such models divide the neuron in compartments containing resistances,

capacitances and batteries, representing the interaction of its components. They are

based on the classic work by Hodgkin and Huxley in 1952 [129], derived from cable

theory, incorporating equations to describe ionic and synaptic channels. Compart-

mental models are ideal for explaining phenomena related to the generation of spikes,

precise effects of synaptic input, spike adaptation, bursting, etc. [267, 74, 237, 66, 22].

However, multi-compartmental neurons tend to be too complex to incorporate into

models of animal behavior [74, 66, 80]. This is because the large number of variables

that need to be computed, makes them very demanding in terms of computational

resources. Additionally, it is hard to study the dynamics of complex networks con-

sisting of compartmental neurons in order to formulate conclusions on their overall

performance.

A much simpler modelling approach leads to the class of leaky integrate and fire

neurons providing a simple mechanism of spike generation and dentritic integration,
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based primarily on the loading time of the cell [58]. It is a continuous-time model in

which the internal state of the neuron is described by a single variable, the membrane

potential [9]. The potential of a neuron is given by a differential equation which

integrates the inputs utilizing also a leakage term which tries to return the neuron

at an equilibrium state. The leaky integrator model can simulate either the emission

of spikes, or firing rates by means of a sigmoid function of the membrane potential

[9]. However, in the literature these models are considered as the simplest form of

neuron that still outputs spikes. Leaky integrator models are good for simulating

large, recurrently connected, networks of neurons. Many mathematical issues about

networks, such as the synchronization and de-synchronization of spiking across the

whole population, the effects of different sources of noise, and phenomena such as

synaptic plasticity, which depend on precise time differences between pre-synaptic

and post-synaptic activity have been explored through using them [66].

The more abstract level of approximating neural functioning are firing-rate mod-

els. They usually involve a non-linearity, turning an internal continuous variable like

current into a firing rate. Networks of firing-rate models can be constructed, in which

the influence of one cell on another is given by the product of the pre-synaptic cell’s

firing rate and the synaptic strength of the connection. The main advantages of these

models are their simplicity and analytical tractability. Networks of firing-rate neu-

rons can be treated as coupled non-linear differential equations that can be shown to

exhibit many desired dynamical behaviors. Due to their computational tractability,

these models have been used widely in the past in the development of functional still

abstract models regarding the performance of either biological or artificial organisms.

They usually emphasize more on the performance of the model than its biophysical

reliability [244, 32, 7].

Synaptic plasticity is appealing for computational modelling, since it offers an

obvious way for large networks of simple processing units to perform computationally
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sophisticated tasks. Different learning rules are utilized to guide the adjustment of

synaptic weights according to the objective of the neural structure. Although it is

possible to study the effects of synaptic plasticity in the context of compartmental

or leaky integrate and fire models, by far the bulk of work on computational analysis

has been performed using firing-rate models. There are three main classes of learn-

ing approaches, namely unsupervised, reinforcement, and supervised learning, which

have been mostly studied under the framework of firing rate neurons [20, 217, 213].

However, learning schemes have been also implemented concerning the utilization of

properly formulated learning rules for leaky integrator [268, 79, 113, 1] and compart-

mental models [167, 300, 267, 237].

Modelling Methodologies. A different classification of existing modelling efforts

is also possible, emphasizing on the design methodology rather than the biophysical

reliability of the computational structure. For example, a modular design approach

has been proposed, representing brain areas by re-usable building blocks [242]. One

well known example is the synthetic neural modelling approach to develop the so

called brain-based devices, embedding computational structures in robots [158, 159].

Other studies in this context are [107, 16, 94]. A similar modular methodology is

also followed by the K-set modelling approach [106, 155] which aims to model brain

phenomena by means of re-usable chaotic computational modules representing brain

areas.

Other studies following a dynamical systems modelling approach also exist in the

literature [264, 194, 126, 162, 283, 191]. These efforts usually work at the brain area

representation level. Following the systemic approach these studies embed existing

knowledge regarding CNS activity in systems specified by a set of dynamical equations

in order to explore the phenomena occurring by their interaction.

The main difference within the systemic and neural modelling methodologies is

considered to be that systemic approaches do not usually address learning phenomena,
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while the neural approaches are not able to describe efficiently and in an understand-

able form the temporal structure of phenomena and the pattern of interactions among

partial elements of the system [227, 266].

Other studies aim at incorporating existing knowledge regarding brain perfor-

mance in large scale computational models. For example [210, 118, 301, 36] illustrate

the development of causal models of primate neocortex following a symbolic approach,

where partial brain areas are represented by a set of logical inference rules. Following

a less hardwired approach [68] utilizes thousands of cellular automata -based modules

to simulate large scale brain activity.

Additionally, there is an emerging research area, where modelling efforts empha-

size on the developmental process of the brain. They employ Gene Regulatory Net-

works (GRN) to simulate the specification of brain development by genes, and the

adjustment of this process by epigenetic factors [86, 160, 249, 115, 125, 145]. These

structures are usually referred as developmental or computational neurogenetic mod-

els. Even if these studies aim at modelling biological processes such as growth and

morphogenesis, the resulted structures are rarely parallelized to specific brain areas.

However, computational studies on the developmental process, emphasizing on the

structure of the biological prototype, have been also proposed [142, 73].

Recently, genetic algorithms have been also employed in computational neuro-

science, as an optimization methodology to facilitate the modelling process [92, 246].

Along this line, [67] utilizes an evolutionary design methodology to create large scale

structures which aim at mimicking brain operation, paying however more attention

on the computational power of the processing units.

Overview. It is clear from the above, that many diverse approaches are followed

to model different aspects of animal’s CNS functionality. Usually, computational

models emphasize either on a specific attribute of brain performance (e.g. con-

sciousness, perceptual abilities, learning, memory, motor/movement coordination,
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motivation/emotions), or on a specific feature of brain machinery architecture (e.g.

neurogenesis [86, 145], neural-death [228], neuromodulation [240, 272], lesions-effect

[118, 220, 4, 264, 193]). As a result, the majority of computational systems do not

integrate many different characteristics of the biological prototype. Additionally, re-

searchers usually model only a part of the CNS, making strong assumptions regarding

the performance of the surrounding areas which are not modelled. Thus, the specific

operating conditions required by the model to be functional, inhibit its further inte-

gration with models of other brain areas, reducing our potential ability to design a

valid large scale brain model.

In support of these efforts, robots can be employed as research tools for the in-

vestigation of embodied models of cognition [24, 14, 303, 123, 253, 21]. Specifically,

neuroscientists and psychologists are trying to gain insights from embedding their

models into an artificial organism, and let it interact with the environment to observe

its performance, and compare it with the performance of animals [304, 296, 48, 219].

As a result, following an embodied modelling approach, existing hypotheses regard-

ing brain functioning (e.g. [62, 114, 37]) can be accurately tested, and systematically

improved.

2.3 Agent Software Technology

The term agent has been used widely in diverse areas of Computer Science. For

example, in the field of Artificial Intelligence (AI), the term agent is used to represent

the process of situating various AI techniques in an environment. Conversely, on

the Internet, agents are considered to be software that can be sent out for a mission,

usually to find some information and report back. Thus, the agent-technology is really

an umbrella which covers a wide and heterogeneous body of research and development

[317].



CHAPTER 2. LITERATURE BACKGROUND 33

An attempt to summarize and clarify the various aspects of agent definitions as

they are applied in diverse areas is given in [60]. Four main categories are identi-

fied. The first concerns the employment of the term agent in the context of artificial

intelligence to represent an intelligent autonomous entity that is located in some en-

vironment [103, 319]. The second, approaches agents from a social viewpoint, investi-

gating the structures and processes underlying social interaction among autonomous

entities [314]. The third category examines agent technology from a distributed sys-

tems perspective, emphasizing on software systems that are distributed over multiple

processors [2]. Finally, mobile agents are identified as a software abstraction that can

migrate across a network (possibly the internet), representing users in various tasks

[189, 205].

Evidently, different disciplines have different needs, use different terminology, and

may have different notions of what exactly they mean by an agent. In the following

we will identify the key concepts of agent-based computing that are relative to the

present work. In accordance to the classification of agent systems introduced in

[60], we exclude from our research filed the last two categories, which emphasize on

programming tips and www applications. The agent concept that the present study

is interested in, encompasses characteristics of the artificial intelligence and social

agency approach, which share many common properties of what an agent is [291].

Hence, in the following we concentrate on describing these properties further.

An agent is considered as an encapsulated computer system situated in some

environment. This artificial entity is capable of flexible, autonomous action in that

environment, with the intention to meet its design objectives [166, 313]. We identify

the following properties of the agent entities relevant to the present study [138]:

• they are identifiable problem-solving entities with well defined boundaries and

interfaces,
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• they are situated (embedded) in a particular environment over which they have

partial control and observability,

• they receive inputs related to the state of the environment, and they are able

to act on it in order to change its state,

• they are autonomous, able to control both their internal state and their own

behavior,

• they are designed to fulfill a specific role with particular objectives to be

achieved,

• they are both reactive (able to respond in a timely fashion to changes that occur

in their environment) and proactive (able to opportunistically adopt goals and

take the initiative).

The agent based approach is often followed in the design of very complex structures

which can not be easily studied analytically. In order to accomplish the individual

and collective objectives of subsystems the active and autonomous components need

to interact. However the inherent complexity of many systems makes impossible to

know a priori all potential interactions that will occur at random times, for unpre-

dictable reasons. Thus, it is futile to try to analyze all possibilities at design time. A

better approach is to endow the components with the ability to make decisions about

the nature and scope of their interactions at runtime. In that way, partial agents

may explore and manage the inter-dependencies that arise from being situated in a

common environment, adjusting their performance to serve both their own and the

composite structure’s objectives [138, 152].

An agent-oriented view is adopted in many problems, because they are able to

represent the decentralized characteristics of many real-life problems, the multiple

loci of control, and the multiple perspectives of the problem with respect to partial
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structures [139]. Moreover, agent-oriented systems have the concomitant computa-

tional mechanism for flexibly forming, maintaining and disbanding organizational

assemblies of partial components [291, 316, 317]. Furthermore, individual agents or

organizational groupings can be developed in relative isolation and then added into

the system in an incremental manner. Thus, agent’s technology enables whole sub-

systems and flexible interactions among partial entities to be re-used [138]. This, in

turn, ensures a smooth growth in modelling and behavioral functionality of artificial

systems.

Having highlighted the potential benefits of agent-based computing we turn now

to its main drawbacks, in order to identify those aspects of complex systems design

that are made more difficult by adopting this approach. There are two major draw-

backs associated with agent based computing [138]. First, the patterns and outcomes

of the interactions among partial agents are inherently unpredictable. Second, it is

extremely difficult to predict the behavior of the overall system based on its con-

stituent components because of the strong possibility of emergent behavior. That is,

the whole is often greater than the sum of the parts. Thus, a question now arises: is

agent technology a drawback or an advantage for the design of systems ?

It is clear that the particular power offered by the agent-based technology is at

the same time its main weakness. This is because the emergence of new collective

behaviors and the potential ability for dynamic adaptation in new unexplored circum-

stances, which is a desirable feature in modern systems design, comes with the cost

of reduced controllability from a designer’s perspective [317], which could potentially

lead to system failure. As a result, a method to balance within the properties of

system predictability, and the emergence of new behaviors, is necessary, since these

two desired properties contradict each other.
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2.4 Optimization Methods

This section explores optimization methods in order to present their basic features.

Literature suggests a number of different techniques for solving optimization prob-

lems (reviewed in [187]). According to the no-free-lunch principle, no single method

can outperform all the other methods on all problems. Thus, different methods are

required to solve different classes of problems. The importance of studying optimiza-

tion problems has enforced the development of many different efficient techniques.

Optimization techniques can be classified into two broad categories: algorithmic and

evolutionary [204].

2.4.1 Algorithmic approaches

Most traditional algorithms use a point-by-point deterministic procedure for ap-

proaching the optimum solution. Such algorithms start from a random guess solution.

Thereafter, based on a pre-specified transition rule, the algorithm suggests a search di-

rection, which is often arrived at, by considering local information. A uni-directional

search is then performed along the search direction to find the best solution. This

best solution becomes the new solution, and the above procedure is performed for a

number of times. Algorithms vary mostly in the way the search directions are defined

at each intermediate solution, and the size of update steps performed [75].

Traditional optimization methods can be classified into two distinct groups: direct

methods, and gradient methods [98]. In direct search methods only the objective

functions and the constraints can be evaluated in order to guide the search strategy.

Some examples of these methods are the simplex search method [270], Hooke-Jeeves

pattern search method [131], and Powell’s conjugate direction method [232]. On the

other hand, the gradient-based methods use the first and/or second order derivatives

of the objective functions and/or constraints, to guide the search process. Some
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well known examples of these methods are Cauchy’s steepest descent method [119],

Marquardt’s method [181] and conjugate gradient method [99].

Since derivative information is not used, the direct search methods are usually

slow, requiring many function evaluations for convergence. For the same reason, they

can also be applied to many problems without a major change in the algorithm. On

the other hand, gradient-based methods quickly converge near an optimal solution,

but are not efficient in non-differentiable or discontinuous problems. In addition,

there are some common difficulties with the majority of direct and gradient-based

techniques, as mentioned below [75]:

• They are ineffective for optimizing black-box structures because they demand

a detailed mathematical description of the problem.

• Algorithms are not efficient in handling problems having a discrete or an un-

ordered search space.

• The convergence to an optimal solution depends on the chosen initial solution.

• Most algorithms tend to get trapped to a sub-optimal solution

The above mentioned drawbacks of classical optimization techniques have led to

the growth of stochastic search methods, which are able to solve difficult real world

problems providing nearly global optimal solutions. One of the most widely utilized

stochastic search approach is evolutionary computing, discussed in the following sec-

tion.

2.4.2 Evolutionary Computing

Evolutionary Computing (EC) methodology is inspired by the Darwinian theory of

evolution, exploiting the power of natural selection to turn computers into efficient
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optimization tools. There are a variety of evolutionary models that have been pro-

posed in the literature under the term of evolutionary computing, and they have been

reviewed in several documents [269, 17, 90, 204, 147]. They share a common concep-

tual base of maintaining a population of structures that evolve according to rules of

selection and other operators, such as recombination and mutation.

The origins of EC can be tracked back to 1950s [40, 105]. Since then, several

evolutionary algorithms have been proposed, which are usually classified [17, 90,

204, 299] to Genetic Algorithms (GA), Evolutionary Strategies (ES), Evolutionary

Programming (EP), and Genetic Programming (GP).

The terms used in EC are analogous to the terms used to explain the biological

evolutionary process:

gene - a basic unit, which defines a certain characteristic (property) of an individual;

chromosome - a string of genes; it is used to specify a set of characteristics of an

individual;

individual - a candidate solution to a problem in the domain of solutions (practically,

it is often utilized as synonym of chromosome);

population - a collection of individuals;

crossover - a mating operator which specifies the generation of new chromosomes

by substrings of other existing chromosomes;

mutation - an operator which specifies random change of gene values in a chromo-

some;

fitness function - a measure that evaluates the success of each individual;

selection - a procedure of choosing part of the population to be employed for repro-

duction of new individuals, while the rest part ‘dies‘.

generations - the number of evolutionary steps performed to formulate iteratively

new populations by applying the selection-recombination process.
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Generation g = 1

Initialize Randomly Population P (g)

While (not termination criterion) do

Evaluate individuals of P (g) according to fitness function

Select k% best individuals of P (g): P1(g) = S(P (g), k)

Reproduce P(g) using crossover: P2(g) = C(P1(g), P (g))

Apply Mutation: P3(g) = M(P2(g))

Go to the next generation: P (g) = P3(g), and g = g + 1

end while

Picture 1.1: Algorithmic description of a standard evolutionary process.

Evolutionary methods start with a random or semi-random collection of candidate

solutions for the problem at hand, which are evaluated by an experimental objective

function. Then the population is evolved iteratively applying stochastic operators

crossover and mutation. A typical evolutionary process is described in picture 1.1.

Given sufficient processing time, the evolutionary process tends to fit the popu-

lation on the specific problem characteristics, finding nearly optimal solutions. The

EC techniques can handle most of the drawbacks of conventional algorithms, because

they offer exceptional adaptive capabilities to handle non-linear, highly dimensional

and complex problems. Additionally, they are more robust against noise and multi-

modality in the search space, than conventional methods. Furthermore, they do not

require explicit knowledge of the problem structure or differentiability, and thus they

are able to provide multiple near-optimal solutions to even ill-defined or black box

problems. However, all these advantages of EC techniques come at the cost of their

high computational expense, which makes them un-suitable for applications that re-

quire real-time optimization.
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Their robustness and near global search abilities has encouraged the wide usage of

evolutionary techniques in many difficult problems where the processing time is not

a critical factor. EC techniques have been successfully applied in many areas includ-

ing: manufacturing systems [204, 116], process control [294], medical-diagnosis [248],

simulation and approximation systems [279, 56] robotics [150, 101], computational

neuroscience [92, 246], and others.

2.4.3 Distributed Evolutionary Computing

The extensive research in evolutionary computing techniques facilitated the emer-

gence of two new modern areas of distributed processing, namely parallel evolution,

and coevolution [147]. Both of them involve the evolution of many partial popula-

tions. The main difference among the two approaches emerges from the objective

criteria employed to guide the partial evolutionary processes.

Parallel evolutionary schemes [6, 85, 49, 50] evolve many different populations with

the same fitness objectives, each one consisting of complete problem solutions that can

be tested independently. However, each population is initialized separately in order

to facilitate a better exploration of the global search space. During the evolutionary

process, partial populations are communicating by means of individual exchange in

order to keep diversity within populations. Thus, the composite process addresses

successfully the practical problems related to the exploration-exploitation dilemma.

By utilizing multiple search processes to investigate the space of solutions, parallel

evolutionary schemes enforce the robustness and efficiency of the composite process

while at the same time they increase the speed of convergence of the optimization

procedure.

In contrast, coevolution is formulated for problems where explicit notions of mod-

ularity are present. Specifically, coevolution occurs when two or more populations
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encoding different but interacting physical structures evolve simultaneously. The fit-

ness function driving the evolutionary processes is not static, but depends on the

interactions of individuals among coevolving populations [310, 247]. As a result, co-

evolutionary techniques [229, 46, 209] generally utilize distinct fitness functions for the

evolution of each partial population, specified by the interactive coevolutionary dy-

namics. Compared to unimodal evolution, coevolutionary schemes exhibit increased

search abilities facilitating the exploration of partial components of the solution, and

thus they have been proved experimentally more effective than traditional schemes

[212, 31, 308]. Coevolutionary processes constitute one of the main research areas of

the present study, and thus they will be discussed in more detail in chapter 5.

2.5 Thesis Coordinates

In the current chapter the broader literature of the main scientific areas involved in our

study have been reviewed briefly. As already pointed out, the present thesis addresses

the problem of developing cognitive computational structures which are embedded in

robotic platforms, in order to facilitate the mental abilities of artifacts. Due to certain

design considerations that will become clear in the following chapters, our research

work is more relevant to a subset of the topics outlined above. In particular, our

work relates clearly to bio-inspired robotics, computational neuroscience, agent-based

systems, and coevolutionary methods.

In the following chapters, the details of the proposed computational framework

will be presented and the considerations of our work in the mentioned sections will

be revealed.
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Chapter 3

Overview of the Computational
Framework

The previous chapter presented the main existing approaches towards the develop-

ment of artificial cognition and the large number of computational models that have

been proposed to support this task. Even if this issue has been studied extensively

during the last decades, the progress observed is rather low. It seems that the main

problem that prevents progress towards the long-term goal is not the formulation

of the correct computational structure (there are thousands of them), but rather

the overall computational framework that has been followed. In particular, most of

the existing approaches emphasize the solution of limited problems rather than the

formulation of extensible, scalable modelling methodologies.

The current study aims to shift the emphasis from the development of one more

“promising” computational structure, to the methodology that should be followed in

order to achieve the long term goal. In the present chapter we discuss some of the

basic issues that should be considered during the formation of the new methodol-

ogy. These thoughts are then combined to shape a novel computational framework

for the development of artificial brain-like cognitive mechanisms, which is the core

proposition of this thesis.

43
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3.1 Cognitivist - Emergent Approach

In the previous chapter, we discussed the main approaches of robotic research, with

the bio-inspired being the most modern and promising one, towards the design of

artifacts with advanced cognitive skills. Biologically inspired approaches are broadly

categorized in to cognitivist methods which exploit brain replication models embed-

ding computational structures in robotic platforms, and the emergent methods which

emphasize the coupling of the artificial organism with the environment and how this

interaction shapes the artificial brain. Even if other researchers consider these meth-

ods as antagonists (e.g. [252]), we discussed in the previous chapter that they share

many common characteristics. A possible way in the quest for artificial cognition

could be to merge these two approaches, supplying each other with new creative

ideas.

It is well known that many animals exhibit advanced cognitive competencies com-

pared to the corresponding abilities of robots. The brain of biological organisms is

the only functional structure existing today, which integrates efficiently subsystems

of conscious, cognitive, behavioral, motivational (emotional), perceptual and motor

responsibilities. This is because nature has enriched it with some very good char-

acteristics. The advancement of the biological system is easily observed when we

compare the performance of artifacts with mammals. Hence, robot designers can use

some of the well known principles exhibited by the central nervous system of animals

(e.g. distributed architecture with hierarchical and parallel organization), to develop

efficient cognitive mechanisms for artificial organisms.

Furthermore, even if the mammalian brain is embodied in very different species, its

architecture follows mainly the same organizational and functional principles. Specif-

ically, there are hundreds of mammalian species with different body structures. Still,
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their brains consist mainly of the same subsystems, sharing a large number of com-

mon characteristics in terms of their architecture and operation. As a result, the

biological central nervous systems seem to be enriched with a common set of basic

features that facilitate the ability of animals to perform both simple behavioral tasks,

and intellectual mental processes. These features should not be re-discovered in our

attempt to furnish artifacts with similar capabilities. Nature has already done all the

work for us. Hence, we have much to gain from studying biological mechanisms in

order to extract design principles for our models.

Along this line, the implementation of a successful cognitive mechanism operating

in a mammal-like way (the approach proposed by cognitivists), can be facilitated by

following the design principles proposed by the emergent approach. This is because

environmental interaction is of utmost importance in the endeavor of developing an

efficient artificial brain. The detailed investigation of the principles that offer the

mammalian central nervous system its efficiency, makes the embedding of compu-

tational structure into a body to interact with its environment, necessary. This

is where the brain-body-environment interaction (emphasized by the emergent ap-

proach) comes in play when the cognitivist methodology is followed. The particular

features of both the body, and the environment, should enforce the specification of

brain areas in order to successfully serve the life goals of the artifact.

An additional way to combine the two approaches is by utilizing models of the

emergent design, to implement partial components of the cognitive system. Specif-

ically, computational structures with self-organized or developmental dynamics can

be utilized to represent cognitive modules with distinct roles, similar to partial brain

areas. This new modelling approach, which inherently furnishes modules with their

own adaptation dynamics, will also provide increased flexibility in terms of integrating

subsystems, in order to construct complex artificial cognitive mechanisms.

We have just argued that the characteristics of the emergent approach are able
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to facilitate the approach followed by the cognitivist methodology, in order to design

computational cognitive systems which share common characteristics with the biolog-

ical brain prototype. The reverse interaction is also true. We just need to state the

same goal the opposite way: how can we design emergent computational structures

that will be enriched with the desired competencies of biological brains (conscious,

cognitive, emotional capabilities, etc.). Specifically, it will be hard to develop from

scratch a very complex structure that self-adapts in the desired direction, exhibiting

all the above competencies. To achieve the desired goal, it could be more effective to

specify milestones that should be accomplished before developing the final composite

system.

The partial milestones should be related to the desired characteristics of the arti-

ficial organism and can be specified taking inspiration by the specialized modules and

mechanisms of the brain. For example, will the cognitive system be able to learn, to

make plans, to be sensitive, etc., or not? And even more, how all these characteris-

tics will be incorporated successfully in the same model? Answers to these questions

could be provided by means of the cognitivist methodology. Specifically, the compu-

tational structures representing subsystems of the overall artificial cognitive system

can be combined in a single functional model, according to the architecture of the

biological prototype. Thus, the cognitivist methodology could provide inspiration to

the emergent modelling processes, facilitating their long-term success.

3.2 Design Methodology

Having accepted the biological brain as a prototype structure, the design of the arti-

ficial system should ideally be based on the natural principles that guide the specifi-

cation of biological CNS. Recently there is a debate among genetics and neurobiology
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to what extent the brain organization and the associated cognitive functions are ge-

netically predetermined (by means of the phylogenetic process), or emerge through

patterns of developmental experience, following an epigenetic specification process

(for a recent review, see [112]). One proposition claims that brain structure has been

formulated by the evolution of species over time [82]. Other approaches emphasize

the importance of environmental interaction during the developmental process, high-

lighting at the same time, the subjective understanding of each independent organism

about the world [62, 285].

Based on the above, it seems that both genetically encoded features and subjec-

tive experience have a significant role in the successful schematization of the biolog-

ical brain and in turn the expression of the desired behavior by the animal [199].

Specifically, it seems reasonable to assume that phylogenesis determines the internal

dynamics of the brain that allow the epigenetic (fine-)specification of the structure

(after a certain amount of interaction with the environment), and the emergence of

valuable behaviors. Besides the modulation of epigenetic process by phylogenesis, the

reverse interaction is also true. The well known, since 1896, Baldwin effect, discusses

the outcome of epigenetic learning on evolution, with the organisms that are most

able to learn having larger numbers of offsprings [265].

Thus, a computational method able to design an efficient artificial cognitive mech-

anism could be based on both phylogenetic and epigenetic processes, or, in other

words, the interaction of evolutionary and self-organization dynamics [260]. Such

a method will take advantage of the way phylogenetic and epigenetic processes can

affect one another in order to achieve successful convergence for both.



CHAPTER 3. OVERVIEW OF THE COMPUTATIONAL FRAMEWORK 48

3.3 Simulating Epigenesis

There are two main approaches to represent epigenesis computationally. The first

accounts for utilizing developmental neural structures which expand gradually based

on simulating cell reproduction processes [39, 235, 87, 145], and the second accounts

for utilizing neural structures with internal dynamics which self-organize during real-

time operation [133, 101, 30, 320].

In the present study, we chose to follow the latter approach to simulate epigenesis

mainly for the following reasons. First, regarding developmental structures, existing

approaches emphasize only on the process of expanding the computational model.

However, it is known that most brain neurons are generated before birth or during

the early neonatal period and then persist during many decades of the life span

[211]. Furthermore, biological studies shown that brain maturation mostly involves

the reduction of the overall number of cells and synapse over time [55, 53]. This

is in contrast to what is often assumed by developmental approaches, and can not

be modelled sufficiently by a pure cell reproduction process. As a result, there is

currently a lot of work to be done in modelling computationally the developmental

process of biological organisms, at an adequately realistic level.

Additionally, existing computational developmental processes result in a single,

compact structure and it is not yet possible to define partial modules with their own

identity, similar to biological brain areas. In contrast, regarding the employment

of non-expanding, still self-organized structures, their employment makes clear the

definition of the intermediate borders among partial system modules. In turn, this fact

makes possible the endowment of various brain-area characteristics of the biological

prototype, in the computational model (e.g. assignment of different role, testing

their performance in lesion conditions). Unfortunately, the investigation of brain

characteristics in a brain area-level is not yet possible with the existing developmental
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approaches.

Furthermore, self-organized structures can be utilized as flexible building blocks

for the construction of enhanced composite structures. In particular, self-organized

components are able to adjust in cooperation with surrounding structures in order to

accomplish a certain task, while at the same time preserving their autonomy which

is mainly specified by their internal adaptation dynamics. As a result, autonomous

components with their own identity can be utilized to simulate the activity of the

biological prototype, in a brain area level. These components could have the form of

self-organized agents as it is described below.

3.3.1 Agent-Based Modelling

The brain of mammals consists of several interconnected modules with different func-

tionalities [144, 273]. Assuming that the architecture of the biological brain is opti-

mized by evolution, and also that we have to formulate an artificial cognitive mech-

anism with similar organization, a distributed artificial system has to be designed.

Along this line, the modern software engineering approach for the design of complex

distributed systems, namely agent technology, can be employed to support the design

procedure. This is because the agent technology matches the distributed nature of the

biological prototype. Specifically, each brain area can be represented by a separate

agent, having a distinct role in the performance of the composite cognitive system.

In contrast to the majority of existing approaches where many agents interact by

means of the external environment, in the current approach, this interaction occurs

internally in the cognitive system. Only the composite computational structure comes

in contact with the external environment, mediated by the body of the artificial

organism. In other words, the brain of the robot defines the operating environment
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of agents. Thus, a “brain-arena” is virtually specified, where many active agents co-

exist, each one cooperating with, and modulating the performance of, the others. The

successful coupling of agent structures and their effective cooperation, is expressed

by means of the artificial organism’s performance.

According to the agent-based modelling methodology, each partial module is de-

signed in principle plastic, ready to cooperate with the remaining structures specifying

its functional environment. Thus, the components of the overall system are inherently

able to interact and adjust their performance according to the goal of the composite

cognitive structure, preserving at the same time their own internal dynamics and

partial objectives, exhibiting a brain area-like independence. Consequently, the com-

posite intelligent performance of the artificial organism will be the result of collective

phenomena emerging from the cooperation of agent substructures.

Additionally, following an agent-based framework for the design of artificial cog-

nitive mechanisms, the composite problem can be split into small tractable and pro-

gressively solved tasks. The results of partial tasks (implementing subsystems of

the artificial brain) can be further combined, formulating a gradually more complex

system. Fortunately, the inherent plasticity of agent structures will facilitate the

integration process. This is because when a new component (agent) is added in a

pre-existing distributed structure, then an additional information amount (originated

by the activation of the new component) will be projected on pre-existing agents.

As a result, the latter need to self-organize themselves accordingly taking into ac-

count the additional information amount, in order the overall system to reach a new

equilibrium point of successful cooperative performance. Following the agent-based

modelling approach this is possible to happen because partial elements will exploit

their internal dynamics to adapt successfully to the new operating conditions [195].

As a result, an incremental process can be followed to design a properly complex

artificial brain with a gradually enriched behavioral repertoire.
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Moreover, the deactivation of a subset of agent substructures will not cause the

complete crash of the composite computational model as it is often the case with

compact, hardwired approaches [93, 239, 241]. This is because in the case of deac-

tivation of some components, the remaining agents will again self-adapt in the new

operating conditions which will result in the elimination of only a subset of the com-

posite behavioral repertory. Thus, the agent-based approach supports the robustness

of the overall system which will be less fragile, similar to the biological prototype.

By studying the interactive dynamics among agents and their simultaneous adap-

tation, it is furthermore possible to consider external factors affecting biological brain

performance. These factors are specified by the coupling of the cognitive mechanism

with the body of the organism, and also the coupling of the organism with environ-

ment and the surrounding physical objects available for interaction. Along this line,

the composite artificial brain is considered to be a higher level plastic agent which

regulates according to the constraints imposed by its functional environment and the

specific life-goals of the robot. Then, turning back to the distributed architecture of

the composite cognitive system, these global objectives and patterns of interaction are

distributed to the agent modules which adjust accordingly, considering the particular

characteristics of both the body and the environment.

Finally, we need to note that the employment of an agent-based approach for the

design of artificial cognitive mechanisms is in accordance with both the cognitivist

and the emergent methodologies of robot systems design. From the cognitivist side,

following a distributed computational model, biologically inspired artificial brains

can be designed, with distinct agents assigned the roles of biological brain areas.

Additionally, from the side of the emergent approach, the inherent plasticity of agent

structures is able to highlight the brain-body-environment coupling and how it affects

the shaping of cognition.
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3.4 Simulating Phylogenesis

The field of phylogenesis studies how genomes function and how they evolve through

centuries, producing a wide diversity of animal species. The phylogenetic process has

been a subject of computational modelling, aiming at achieving a deeper understand-

ing of evolutionary relationships among animals, and the way environmental condi-

tions guide the evolutionary process [280, 154, 12]. Usually, computational studies

specify parameterized models of the evolutionary step, and then they try to identify

the parameter values that best explain a set of biological data, in order to formulate

conclusions regarding the natural evolutionary processes [154, 35, 140].

In contrast to the above, the subject of the present study does not concentrate

on modelling the natural dynamics which guide phylogenesis, and the explanation

of related phenomena. We take inspiration from the phylogenetic process, in order

to obtain a tool that is able to evolve computational systems. Specifically, we em-

ploy the simplified counterpart of phylogenesis, namely the evolutionary computing

methodology, as an optimization mechanism that is able to design effectively com-

plex computational structures [245, 279, 248]. In the following, we concentrate on the

suitability of evolutionary techniques to support the configuration of brain-inspired

artificial cognitive systems.

In order to design an artificial system which is able to mimic the brain at a certain

level of detail, a very complex computational structure has to be designed, with a

large number of parameters to be tuned. Thus, it will be very difficult to follow a

manual trial and error process, to specify the parameters of the composite model.

In support of this endeavor, the evolutionary computing methods could facilitate the

estimation of parameter values, accomplishing a near globally optimal configuration

to this highly non-linear system.

Evolutionary methods are particularly able to address problems that can not be
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described by a detailed mathematical formula, as it is often the case with the computa-

tional models which aim at replicating certain aspects of brain operation. Specifically,

what designers usually have at hand, is a large number of multi-modal biological data

such as those obtained by EEG, fMRI, lesion studies, each one highlighting different

aspects of brain functionality. The evolutionary approach is able to exploit effectively

multi-modal data in order to support the design of artificial systems [259]. Thus, evo-

lutionary methods can systematically facilitate mimicking of the brain, enforcing the

reproduction of existing data by the computational model. As a result, consider-

able progress in brain modelling studies could arise, by adopting the evolutionary

design approach. Fortunately, evolutionary processes are able to work with all kinds

of computational structures.

Finally, we have already claimed that an incremental approach could be very

promising towards the successful development of artificial cognitive mechanisms. Fol-

lowing such an approach, there will be cases that partial components need to be re-

designed as gradually more substructures are integrated in the model. Evolutionary

computing techniques are particularly appropriate to support this process, because

they are easily adapted in changing operating conditions [72]. Thus, in each re-design

step, they are able to avoid the previously identified local optima estimating a new

efficient solution which meets the enhanced set of objectives.

3.4.1 Cooperative Coevolution

Evolutionary psychologists proposed the coevolution of partial brain areas over time

[149, 309]. The computational analog of this hypothesis is that the evolutionary ap-

proach can be further extended to a cooperative coevolutionary one. Fortunately, by

adopting this approach, the structure of partial system components could be more
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easily specified, because exploration is confined to a much smaller and easily search-

able domain. Furthermore, the coevolutionary approach can be properly formulated

to allow separate fitness functions to be employed during the design procedure, for

each component of the cognitive mechanism. This is in contrast to a unimodal evo-

lutionary process that calls for a single fitness function, preventing the consideration

of each agent’s own performance. As a result, different roles can be assigned to par-

tial cognitive entities in order, for example, to simulate the performance of distinct

biological brain areas. In other words, coevolution provides advanced design facilities

of distributed systems because it is able to emphasize explicitly on the independent

characteristics of substructures enforcing at the same time their coupling in a single,

unified system.

Specifically, the coevolutionary approach exhibits the following properties [229],

which are of significant importance for the design of brain-inspired artificial cognitive

mechanisms:

• it facilitates the design of distributed systems approaching the problem in the

level of the partial structures utilized as building blocks,

• it is able to highlight the distinct roles of partial structures in the composite

model,

• it is able to enforce the cooperation among system components,

• it is independent of the computational structures employed to develop each

subsystem of the cognitive mechanism,

• it facilitates the simultaneous evolution of different computational structures,

each one exhibiting desired characteristics to represent a particular subsystem

of the artificial brain.
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Overall, due to its distributed nature, the coevolutionary design approach, seems

particularly appropriate to meet the challenge of designing effectively distributed

brain-like cognitive systems.

3.4.2 Hierarchical Cooperative Coevolution

Even if the coevolutionary methodology seems appropriate to address the problem

investigated in the present study, existing approaches are not able to coevolve a large

number of cooperating components as is the case with brain-inspired systems. This

problem can be alleviated by classifying partial components in groups with common

objectives, which are coevolved towards the same direction. These groups can be fur-

ther combined, representing gradually more complex structure of the artificial system.

The combination of groups can be also evolved by a higher level process. Following

this approach, the cooperative coevolutionary methodology can be organized in a

hierarchical mode, to facilitate the solution of complex design problems.

Specifically, in the present study, we introduce a Hierarchical Cooperative CoEvo-

lutionary (HCCE) scheme that is able to coevolve simultaneously a large number of

partial components. This scheme facilitates further the design of biologically inspired

artificial brains, because:

• it is able to co-design a large number of partial components, drawing in a single

step a large number of autonomous, but cooperating agents,

• it enforces mimicking of the biological prototype in a brain-area level, by facil-

itating distinct role assignment to different agents,

• it is able to consider the performance of the model in diverse operating condi-

tions (e.g. simulated lesions),

• it can provide the human designer a systematic methodology to proceed with
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the integration of partial models facilitating the re-usability of partial results,

in order to formulate gradually more complex cognitive mechanisms,

• it can additionally provide a systematic methodology to revise the configuration

of existing partial models, and if necessary, re-design them, according to an

improved set of design objectives.

Additionally, we need to note that the hierarchical coevolutionary design mech-

anism will potentially provide a systematic method to approach the main problems

of the agent technology, namely the specification of the interactive dynamics among

agents, and the predictability of the overall system’s performance [138]. Particularly,

by utilizing the hierarchical coevolutionary scheme, the interactive dynamics among

agents, can be efficiently investigated. This is due to the inherent ability of hier-

archical coevolution to work explicitly with the components of the complex system.

Furthermore, the assignment of distinct roles to agent structures and the possibility to

investigate system’s performance in diverse operating conditions (e.g. partial failure)

will provide additional insight of the processes taking place internally to the system.

In other words, the hierarchical coevolutionary approach is anticipated to shed light at

the dynamics of both the autonomous agents and also their coupled interactions that

shape the operation of the composite structure. As a result, the hierarchical coevolu-

tionary approach offers a mechanism to exploit the effectiveness of agent technology,

balancing adequately among predictable but constrained performance, and emergent

but uncontrollable performance.

3.5 Summary

The present work addresses the problem of developing computational structures which

are embedded in robots in order to furnish them with cognitive abilities. Due to the
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advanced cognitive competencies of mammals, the biological central nervous system is

considered as a prototype, with the artificial system trying to mimic its functionality,

at a certain level of detail. In the present thesis, we study a computational frame-

work that facilitates mimicking the biological prototype, by computational structures.

Thus, we shift the emphasis, from the final model, to the process of designing the

model.

Specifically, similar to the brain prototype, the computational system has a dis-

tributed architecture. As a result, a scalable process can be followed to design the

composite model. Along this line, autonomous agent structures are utilized to repre-

sent the components of the artificial system, representing brain areas. This approach

offers enhanced flexibility in terms of modelling complex distributed systems, because

it supports both the independent roles of substructures, and their cooperative perfor-

mance in a composite model. Additionally, the inherent plasticity of agent structures

highlight the importance of brain-body-environment interaction in shaping the overall

performance of the organism.

The internal dynamics of each agent are specified by an evolutionary process.

The latter aims at enforcing the emergence of the desired functionality in each agent

structure, after a certain amount of environmental interaction. Instead of using a

unimodal evolutionary process, we propose the employment of a cooperative coevo-

lutionary methodology which offers enhanced abilities to specify the computational

details of agent structures. The coevolutionary approach facilitates the autonomy of

agents and the assignment of distinct roles in partial components. At the same time,

it provides a systematic method to integrate agent structures in order to formulate a

composite system with enhanced cognitive abilities.

Particularly, in the present study, we propose a novel Hierarchically Coopera-

tive CoEvolutionary (HCCE) scheme which supports the development of brain-like

cognitive structures by enforcing the enrichment of the computational system with
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bio-inspired characteristics. The proposed scheme is furnished with specific properties

which address a scalable design procedure. Specifically, HCCE provides a systematic

methodology to integrate and re-design (if necessary) partial structures, facilitating

the implementation of gradually more complex cognitive systems.

Overall, the proposed computational framework incorporates in a single design

methodology the properties of partial autonomy and cooperative performance of

substructures. Both of them are particularly appropriate for the successful design

of brain-like artificial cognitive mechanisms. In the proposed approach they are

provided as a direct consequence of combining the distributed modelling (specifi-

cally, agent-based modelling) with the distributed design mechanism (specifically, the

HCCE scheme).

3.6 Discussion

The proposed computational framework that employs evolutionary techniques as a

design mechanism of biologically inspired artificial brains, can be parallelized with

the well known “function approximation” approaches, a field where evolutionary al-

gorithms have many successful applications (e.g. [279, 248, 259]). By adopting a

similar way of thinking, one can state that the proposed computational framework

follows a “brain approximation” approach, in the sense that biological brains provide

a prototype performance, that the computational model needs to approximate. Along

this line, the employment of evolutionary methodologies to approach the design of

brain-like systems seems to be a reasonable and very promising choice.

Particularly, the proposed approach aims at exploiting the existing qualitative

and quantitative information regarding the functionality of partial brain areas. This

information is supplied to the fitness functions that guide the coevolutionary design

process. Furthermore, the “co-”evolutionary methodology exhibits many desirable
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features to replicate biological findings addressing the components of the model. Com-

bining this argument with the huge number of existing biological data (from fMRI,

PET, EEG, lesion studies, etc.), the proposed design methodology can be a useful

tool towards the design of advanced brain-like cognitive systems. Specifically, the

more biological findings the model is able to reproduce, the closer it will be to the

biological prototype.
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Chapter 4

Computational Model

In the following, we present in detail the computational framework proposed by the

present thesis, in order to approach the design of biologically-inspired artificial cog-

nitive systems.

Specifically, the mammalian brain serves as the prototype structure that guides

our efforts towards implementing artificial cognitive systems. In the present chapter

we discuss its basic organizational principles, and how they modulate our modelling

endeavors. According to the distributed nature of the brain, partial computational

entities should be employed to facilitate mimicking of the biological prototype in

terms of the connectivity of partial areas and the type of information they convey

to each other. Then, we discuss the computational characteristics that should be

provided to the partial entities in order to support the scalability of the modelling

process. These characteristics are considered in order to specify the details of the

proposed computational model. Specifically, two primitive computational entities

are formulated. The first is employed to represent partial brain areas, while the

second is employed to facilitate their linking, according to the connectivity pattern

of brain areas. The primitive computational entities follow a flexible parameterized

formulation, being able to model diverse substructures of the biological prototype.

As a result, they can be employed as building blocks in order to design effective

61
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brain-inspired robotic cognitive systems.

4.1 Design of Distributed Brain-Inspired Models

The brain is described as a group of cooperating specialists (the brain areas) that

achieves the overall cognitive functionality by splitting the task into smaller parts

[242]. In order to develop a composite and successful brain performance, each area

processes a specific subset of currently acquired environmental stimuli and existing

knowledge, extracting further information elements which are properly structured and

passed to other areas. The information flows according to the well known by neu-

roscience connectivity pattern of mammalian brain areas [144]. As a result, partial

brain modules operate in a coupled and interactive mode, while cognition is con-

sidered as the result of collective phenomena emerging by the cooperation of brain

substructures.

A brain-like artificial system should follow a similar distributed architecture.

Along this line, the implementation of the overall computational system is related

to the design of autonomous, still cooperating entities, each one associated with a

limited set of responsibilities. These entities have to communicate and take advan-

tage of one another in order to perform effectively, being able to accomplish both their

partial goals and the composite goal of the overall system. Due to the distributed

organization of the biological prototype, an agent-based approach seems suitable to

support the design of brain-inspired cognitive structures [273].

Agents are deemed as a new tool for flexible modelling of complex systems which

are described as a collection of partial components [139, 152]. This is achieved by ad-

dressing partial flexibility, autonomy, subjectivity, and situatedness of substructures

in the environment formulated by their interaction [103]. From a human designer’s
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point of view, agent technology supports problem decomposition, abstraction of par-

tial models, and scalability of global problem solution [138]. As a result, it matches

the problem of designing brain-inspired computational models.

Existing knowledge regarding the functional organization of the biological pro-

totype, can be thoroughly exploited to guide the implementation of the artificial

cognitive system. Specifically, the components of the composite system have to repli-

cate the role that a brain area is known to play in the central nervous system of

animals, the biological connectivity pattern that facilitates the flow of information,

and the modifications that the projection of diverse stimuli impacts on the recipient

brain area.

Along this line, separate agents can be utilized to represent computationally brain

areas and their connectivity. The agent based modelling enriches the proposed ap-

proach for the design of brain inspired cognitive mechanisms with two basic features.

First, it facilitates the decomposition of the composite task in smaller problems that

can be more easily solved, addressing at the same time the integration of partial re-

sults. Second, it is able to consider the large number of biological findings referred

to a brain-area level in order to facilitate the “brain-inspired” characteristics of the

computational cognitive system.

In the present study, each agent is implemented by a neural network structure

enriched with self-organization dynamics. Self-organized plasticity is one important

feature that the employed computational structure encompasses, because it assists the

scalable modelling of the overall system [195]. This is achieved due to the following

reasons. First, plasticity facilitates the individuality of substructures. Specifically,

diverse self-organization dynamics of partial components enforce them to develop

distinct roles, affecting the functionality of the composite system in diverse ways.

Second, plasticity facilitates the integration of partial components in a unified sys-

tem. Particularly, the internal plasticity of agents enforces their adaptation on one
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another, formulating seamlessly a complex system consisting of autonomous partial

components. At the same time, all agents adjust according to the characteristics of

the external environment, which for the case of the cognitive system is specified by

the body of the artificial organism and the surrounding physical objects.

4.2 Computational Model

The computational structures that are utilized to represent brain areas and the con-

nections among them, specify the computational details of how information process-

ing is performed, how communication among agents is implemented, how the roles of

partial structures are assigned etc. The design of agent structures should ideally be

based on the natural principles of the central nervous system of biological organisms.

Along this line, we implement two different neural network based agents, to provide

a general computational structure for the design of brain-inspired artificial systems

[172, 173]. These agents are utilized as primitive building blocks for the design of the

composite cognitive system. Specifically, we introduce: (i) a computational cortical

agent to represent brain areas, and (ii) a link agent to support information flow across

cortical modules.

It should be noted that the above computational structures are by no means

restrictive for the composite computational framework proposed in the present study.

They mainly serve as a guide on how coevolutionary approaches can be employed to

support the design of brain-inspired computational systems. Currently, the employed

agent components have been formulated as simple configurations that are suitable

for the tasks studied in the present thesis. Additional constraints can be integrated

to increase their effectiveness or biological reliability. Moreover, completely different

computational structures exhibiting certain desirable features can be utilized to serve

the needs of future studies.
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4.2.1 Link Agent

The structure of the link agent is appropriately designed to support connectivity

among cortical modules. Using the link agent any two cortical modules can be con-

nected. Thus, proper connectivity among cortical agents can be defined, to simulate

the connectivity of brain areas.

Each link agent is specified by the projecting axons between two cortical agents

(Fig 4.1(a)). Its formation is based on the representation of cortical agents by planes

with excitatory and inhibitory neurons (see below). Only excitatory neurons are used

as outputs of the efferent cortical agent. The axons of projecting neurons are defined

by their (x, y) coordinates in the receiving plane. Thus, a link agent consists of the

set of axons, each one terminating at any desired position of the receiving cortical

agent. In order to specify the link agent which facilitates the projection of cortical

activity of an agent A with Ne excitatory neurons, on the plane of a cortical agent

B, Ne pairs of coordinates need to be specified (i.e. (x1, y1)(x2, y2)...(xNe , yNe)).

Cortical planes have a predefined dimension, and thus, projecting axons are de-

activated if they exceed the borders of the plane. Consequently, not all excitatory

neurons project their outputs on the receiving plane. This is illustrated graphically

in Fig 4.1(a), where active projections are represented by an × on their termination.

Projections outside the cortical plane are illustrated without a terminal point, and

thus they are deemed deactivated.

When the locations of axons on the cortical plane are defined, synapses between

axon terminals and the excitatory or inhibitory neurons of the receiving plane can be

defined. The details of synapse definition are based on the post-synaptic neuron as

it is proposed in [246], and explained below.
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Figure 4.1: Schematic representation of a computational model with cortical and link
agents. Part (a) illustrates a link agent which supports information flow from cortical
agent A to B. Part (b) illustrates synapse definition in cortical agent B. Neigh-
borhood radii for (i) afferent axons are illustrated by solid lines, ii) for neighboring
excitatory neurons by dashed lines, and iii) for neighboring inhibitory neurons by
dotted lines. Sample neighborhoods for excitatory neurons are illustrated with grey,
while neighborhoods for inhibitory neurons are illustrated with black.

4.2.2 Cortical Agent

Each cortical agent is represented by a rectangular plane. A cortical agent consists

of a predefined population of excitatory and inhibitory neurons. Both sets of neurons

are uniformly distributed. Thus, an excitatory and inhibitory grid are defined on the

cortical plane. On the plane of cortical agent, the axon terminals from the projected

cortical agents are also located (Fig 4.1(b)).

Both types of neurons follow the Wilson-Cowan model with sigmoid activation,

similar to [289]. Let x represent the firing rate of a neuron. It is updated based on

the incoming signals, following the equation:

µ∆x = −x + S(WAA + WEE −WII) (4.2.1)

where µ presents the membrane time constant, WA are the weights of the synapses

with afferent axons, and WE, WI the synaptic weights of connections with neighboring
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excitatory and inhibitory neurons. S(y) = 1/(1 + e−α(y−β)), is the non-linear sigmoid

function where β and α stand for the threshold and the slope, respectively. All

excitatory neurons of a cortical plane share common parameters µe, αe, βe. The same

is also true for inhibitory neurons using parameters µi, αi, βi.

Three synapse types specify the connectivity of each cortical neuron. All cortical

neurons receive input information from (i) projecting axons, (ii) excitatory neighbor-

ing neurons, (iii) inhibitory neighboring neurons. Hence, the synapses of a cortical

agent are classified in six sets, relevant to the three synapse types for excitatory

neurons and three synapse types for inhibitory neurons.

The connectivity of neurons follows the general rule of locality [238], and thus

synapse formation is based on circular neighborhood measures. A separate radius

for each of the three synapse types, defines the connectivity of a neuron. This

is illustrated graphically in Fig 4.1(b), which further explains the case shown in

Fig 4.1(a). All excitatory neurons share common neighborhood measures, that is

radii n1e, n2e, n3e, relative to the three synapse types. The same is also true for all

inhibitory neurons employing neighborhood measures n1i, n2i, n3i.

The performance of cortical agents is greatly specified by the subjective experi-

ences of the artificial organism, obtained through environmental interaction. This

is similar to epigenetic1 learning which has an important contribution to the perfor-

mance of the mammalian brain [285]. To enforce experience based subjective learning

of robots, each set of synapses is assigned a Hebbian-like biologically plausible learn-

ing rule, similar to [101]. We have implemented a pool of ten Hebbian-like rules that

can be appropriately combined to produce a wide range of functionalities (see next

section).

Each synapse is assigned a learning rule to adjust its synaptic weight during real-

time performance. A separate rule is used for each of the three synapse types of

1Epigenesis here, includes all learning processes during lifetime.
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a neuron (either with a projecting axon, or with a neighboring excitatory neuron,

or with a neighboring inhibitory neuron), defining learning dynamics of the cortical

plane. All excitatory neurons share common learning rules r1e, r2e, r3e. The same

is also true for all inhibitory neurons employing rules r1i, r2i, r3i. Consequently, in

total, six rules are necessary to specify the dynamics of the learning process in each

cortical agent.

4.2.3 Learning Rules

Epigenetic learning has an important contribution to the performance of the biological

brain [285]. To enforce experience based subjective learning of robots, each set of

synapses is assigned a Hebbian-like, biologically plausible learning rule, similar to

[100]. We have implemented a pool of 10 Hebbian-like rules that can be appropriately

combined to produce a wide range of functionalities. The learning rules employed

in the present study have been selected based on their simplicity and their previous

application in a variety of tasks [57, 100, 124, 151, 206, 213, 256]. Still, the architecture

of agents is open and amenable to other learning rules with desirable characteristics

in terms of either model performance or biological plausibility. Each learning rule is

specified by a unique identification number. Assuming that there is a synapse with

strength wab from neuron a with activation xa to neuron b with activation xb, then

employed learning rules are formally described bellow:

1. Differential Decorrelation [57]: ∆wab = −ẋaẋb, where ẋ is approximated by its

discrete time counterpart ẋ(t) = x(t)− x(t− 1).

2. Differential Correlation [57]: ∆wab = ẋaẋb, where ẋ is similar as above.

3. PostSynaptic [100]: ∆wab = wab(xa − 1.0)xb + (1.0− wab)xaxb.

4. PreSynaptic [100]: ∆wab = wab(xb − 1.0)xa + (1.0− wab)xaxb.
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5. Covariance [100]: ∆wab =

{
(1− wab)t , if t > 0

wabt , otherwise

where t = tanh(2− 4|xa − xb|)

6. Connectedness [124]: ∆wab = 1− wab.

7. Kohonen [151]: ∆wab = xa − wab.

8. PCA [206]: ∆wab = xb(xa − xbwab).

9. AntiHebbian I [213]: ∆wab = k− xaxb, k > 0 a small forgetting factor, to avoid

vanishing.

10. AntiHebbian II [256]: ∆wab = k + −2xaxb

xb
2+1

, where k is similar as above.

Each one of the totaly six synapse sets of a cortical agent is assigned a rule,

specifying the dynamics of the agent during the epigenetic learning process. The

assignment of the appropriate learning rule to each synapse set allows the emergence

of the desired performance in each component of the composite computational model,

after a certain amount of robot-environment interaction. Thus, adequate flexibility

is offered to agent structures to develop a desired performance mimicking the role of

biological brain areas.

The plasticity of agent structures, which stems from the assignment of learning

rules, allows synaptic adjustments at run-time. Consequently, a large number of

synapses (in the order of thousands in our case) can be self-organized based on in-

ternal agent dynamics and environmental experience. The most common, but harder

to evolve, alternative of genetically-encoded synaptic strengths, results in a rather

unmanageable problem complexity, and at the same time prevents experience based

learning.
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4.2.4 Reinforcement Learning

Reinforcement learning models (particularly those based on temporal difference learn-

ing) are very popular in robotic applications in recent years [315]. Despite of the effec-

tiveness of reinforcement learning approaches, the biological reliability of this learning

scheme has been criticized. Other researchers suggested that Hebbian learning mech-

anisms are able to facilitate training processes based on reinforcement signals [217].

As a result, the Hebbian self-organized dynamics of cortical agents can be exploited

to guide the learning process of the artificial organism.

The idea is based on treating the reward as an ordinary signal which can be

properly given as input in a pre- and a post- synaptic neuron to coordinate their acti-

vations [169]. The self-organized learning rule which adjusts the weight of the synapse

connecting the neurons, is then responsible to either strengthen or weaken their con-

nection. As a result, the external reinforcement signal is able to take advantage of the

internal plasticity dynamics of the agent, in order to modulate its performance accord-

ingly. Similar computational models exhibiting reinforcement learning characteristics

have been also utilized by others (e.g. [34]).

4.3 Agent Plasticity

In the first section of the present chapter we discussed that self-organized dynamics

facilitate the assignment of distinct roles to substructures and additionally facilitate

their integration in a composite system.

However, there are many different ways to provide a model with self-organized

plasticity. In the proposed computational model, internal plasticity dynamics is de-

termined by the assignment of learning rules to the synapses of cortical agents. In

contrast, the connectivity induced by link agents, remains static during real-time
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performance of the artifact. Following a different approach, we have also tested the

employment of a different model which aimed particularly at offering the flexibility of

self-organization dynamics to link agents [170, 171, 174]. Still, that model exhibited

reduced flexibility in terms of projecting axon position. Specifically, the coordinates

of the efferent neuron of the sending cortical plane were also utilized as the projection

coordinates of the respective axon on the receiving cortical plane.

In summary, the one model provides flexibility of axon projection coordinates,

but no real-time adjustment of axon weights, while the other assigns learning rules

to axons providing them with the ability to learn, but keeps predefined and constant

their projection coordinates. Practically, utilizing the first scheme, diverse informa-

tion projections on a common cortical plane, are all treated and processed in the

same way, even if separate link agents are employed to perform each projection. This

is because the dynamics of information processing (guided mainly by the learning

process) are defined only on the receiving agent. By utilizing the second scheme, di-

verse information amounts can be manipulated in a separate way (because each link

agent is furnished with its own learning facilities), but now axons follow a predefined

and non-evolvable projection pattern, that prevents flexible mixing of incoming infor-

mation. The formulation of a computational structure which facilitates both issues

(axon plasticity and projection flexibility) is not convenient, because the complexity

of the problem concerning the parametrical specification of that structure increases

dramatically.

Several experimental tests have revealed that the flexibility of projecting axons

coordinates is more important than the self-organization dynamics of link agents, in

terms of implementing gradually more complex computational models. As a result,

the first model is employed in the present study, keeping also the complexity of the

computational structure at easily manageable levels.
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Since the goal of our work is not concentrated on the design of a specific computa-

tional model with special characteristics, but rather concentrates on the methodology

which facilitates the design of scalable cognitive structures, we do not concentrate fur-

ther on the properties of the computational model. Having formulated a robust design

methodology, a new computational model exhibiting enhanced characteristics can be

utilized in the future.

4.4 Discussion

In the present chapter we have presented the computational structures that are uti-

lized as elementary building blocks for the design of complex brain-inspired compu-

tational systems. Specifically, neural network -based agents are utilized to represent

computationally distinct brain areas of the biological prototype. Agents are enriched

with internal plasticity dynamics which facilitate the adjustment of the model in real-

time. This is similar to the modification of brain activity by epigenetic, experience-

based factors.

Compared to the utilization of static building blocks, the internal plasticity of the

employed components offers the composite cognitive system increased robustness.

This is because the system is able to self-organize in order to be functional in diverse

operating conditions that might result from changes in the external physical environ-

ment. Furthermore, the system is more robust against modifications occurred to its

own structure. Particularly, when some components are deactivated, the remaining

structures will self-adapt, avoiding the complete crash of the system. In a similar

way, when a new component is integrated on the system, pre-existing substructures

will self-adapt properly, in order to handle effectively the new information amount

projected on them.

The agent structures employed in the present study are formulated in a flexible and



CHAPTER 4. COMPUTATIONAL MODEL 73

abstract form, being able to serve as diverse computational structures. In other words,

different instantiations of the agents are able to model efficiently different components

of the composite structure. Along this line, the specification of agent parameter

values, is able to configure a wide range of different functionalities, supporting the

representation of the separate roles of brain areas.

As a result, the next issue that needs to be investigated, addresses how the identity

of agent structures can be successfully drawn by means of parameter specification.

Particularly, in order to formulate a complete and applicable computational frame-

work that employs the agent structures as primitive building blocks, we are inter-

ested in addressing a consistent mechanism to support application-dependent design

of agents. The present study argues that this problem can be approached effectively

by means of cooperative coevolution. This is the subject of the following chapter.



74



Chapter 5

Hierarchical Cooperative
CoEvolution

The previous chapter presented the computational building blocks employed to con-

struct distributed biologically-inspired cognitive models. In order to develop complex

computational structures exhibiting advanced cognitive skills, a systematic design

mechanism is necessary. Due to the distributed nature of the computational model, a

mechanism that also follows a distributed architecture would be particularly appropri-

ate to serve the design procedure. This is because the distributed design methodology

is able to consider explicitly the specialties of partial components, and at the same

time address their coupled performance as a unified structure.

Along this line, the modern engineering approach for optimizing distributed sys-

tems, namely cooperative coevolution, can be employed to support the development

of complex computational structures. Specifically, cooperative coevolution can be

utilized as a tool to design brain-inspired computational systems, enriching system-

atically the model with biologically inspired characteristics.

In the present chapter, we first review the coevolutionary literature, and we dis-

cuss the suitability of cooperative coevolutionary methods to serve the design of

bio-inspired cognitive systems. Then, we highlight the main limitations of existing
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coevolutionary methods, and we introduce a novel Hierarchical Cooperative CoEvo-

lutionary (HCCE) scheme, to address them. Additionally, we discuss the particular

features of the HCCE design methodology that facilitate the process of developing

distributed models with biologically inspired characteristics.

Overall, the computational model presented in the previous chapter and the

HCCE-based design methodology discussed here, provide a consistent framework to

formulate complex brain-inspired artificial cognitive systems.

5.1 Coevolution

The extensive research into evolutionary computing techniques and their application

to large scale problems enforced the emergence of coevolutionary approaches which

involve two or more concurrently performed evolutionary processes with interactive

performance. Initial ideas of modelling coevolutionary processes were formulated by

[183, 15], and further extended in [128, 214]. Even if some researchers include single

population models in coevolutionary approaches (e.g. [192]), in the present study

we concentrate only on those schemes employing two or more distinct populations,

because this approach is followed by the majority of recent studies [147, 198].

In the majority of real-life applications, partial entities can be identified, which

together compose the overall picture of the problem. However, by utilizing an ordi-

nary evolutionary scheme which employs a single, compound representation to map

problem solution to genotype, the structural nature of the problem is usually un-

derestimated, or overlooked. Additionally, the operators of the evolutionary process

typically have a uniform range of application, without considering the characteristics

of the problem’s structure. In combination, the use of compound representations and

uniform operators of variation, make it unlikely that partial solutions will persist since
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no mechanism for protecting them is present, and also make it unlikely that differ-

ent combinations of partial solutions will be explored [287, 69]. Partial specifications

of the genotype representing the components of the solution should be considered

explicitly by the evolutionary process to facilitate the effective exploration.

This is particularly the case with coevolutionary algorithms which utilize separate

populations to evolve each component of the problem. Each population is able to use

its own evolutionary parameters (e.g. encoding, genetic operators). Accordingly,

increased search competencies are inherently available in coevolutionary algorithms,

while the special characteristics of partial solutions are also preserved [52, 69].

Furthermore, the design of the appropriate fitness function of an ordinary evolu-

tionary process is a very crucial factor towards successful convergence. The formula-

tion of the fitness function is usually a difficult task, which requires that the designer

should have a deep knowledge of the application domain, and additionally should

follow a time consuming trial and error procedure in order to combine properly all

the details of the problem, in a single measure. An alternative approach to reveal

information regarding the quality of individuals could be to test their performance in

different operating conditions, and use these results in order to formulate an estimate

of their fitness.

Coevolution differs from ordinary unimodal evolutionary algorithms in terms of

fitness function usage, because the evaluation process is based on interactions be-

tween individuals. Each individual represents a distinct component of the problem

which has to collaborate with the others in order to construct an effective composite

solution. In other words, the fitness function is non-stationary, but it is also based on

the quality of co-existing individuals representing different problem components [71].

Since the fitness measure is specified relatively to other individuals, the improvement

of the quality of a partial population, is triggering further improvements in other pop-

ulations. As a result, the coevolutionarry process is guided by continually changing
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goals, created by the coevolutionary adaptation itself, rather than being fully specified

by the human designer, who might have misunderstood some important aspects of

the problem [222]. Additionally, the plasticity of the fitness measure also enforces the

advantageous side-effect concerning the effortless maintenance of diversity in partial

populations.

Thus, it is not surprising that several studies report that coevolution outperforms

unimodal evolution [212, 31, 308]. These results can be explained by the inherent

ability of coevolutionary processes to decompose the overall problem domain in small

searchable areas, and by the utilization of relative fitness functions among compo-

nents, facilitating both the exploration of partial components and their integration

in a composite solution.

Even if the field of coevolutionary algorithms is relatively new, it has gained the

interest of many researchers over the last years. Some of these studies have been

recently reviewed in [226]. The significant research attention on coevolutionary algo-

rithms has been expressed by extended theoretical studies (e.g. [230, 310]). However,

many theoretical issues are under investigation, including the identification of the

decomposable structure of problems [69, 243], the design of consistent estimates mea-

suring the progress of coevolution [108, 275, 18], and the investigation of the internal

dynamics governing coevolutionary processes [302, 224, 225]. Other more practical

research directions related to the computational details of the coevolutionary schemes

include their enrichment with pareto optimality characteristics [97, 69, 70, 110, 136],

the estimation and assignment of appropriate fitness values to individuals representing

subcomponents [311, 3, 110] and the selection of the proper cooperating individuals

[45, 209, 311, 46, 312, 310, 52].

Coevolutionary approaches are distinguished in competitive and cooperative. The

main differences among the two categories are discussed below.
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5.1.1 Competitive Coevolution

Competitive coevolutionary models are especially suitable for problem domains,

where the problem can be stated in the form of two or more opponent entities [147].

Thus, each opponent can be utilized by the others as a test case in order to esti-

mate their fitness. In other words, the competitive approach exploits the idea of

co-evolving solutions and test cases, in coupled populations. Competition takes place

between partial evolutionary processes, i.e. the success of the one implies the failure

of the other [128, 263, 247, 215, 221, 64, 209]. The fitness of a candidate solution

is proportional to the number of test cases it solves, while the fitness of a test case

is proportional to the candidate solutions which fail to solve it [209]. As a result, it

is expected that each opponent will become increasingly efficient by exploiting the

weakness of the other, and also eliminating its own weak points. Competitive coevo-

lution has been proved very efficient for those problems which are difficult to explicitly

formulate an objective fitness function, but they can be described by an antagonistic

scenario, because they facilitate the process of fitness assignment.

5.1.2 Cooperative Coevolution

The motivation for this approach comes from problem domains where explicit notions

of modularity have to be introduced [230]. The cooperative scheme provides an ap-

propriate framework for evolving solutions in the form of co-adapted subcomponents,

and hence is of crucial importance for many difficult problems [229]. Usually, com-

plex engineering design problems are decomposed into simpler tasks which are solved

independently and then they are re-combined. This is effective for problem domains

that can be linearly decomposed. That is no longer the case, however, for complex

problems where non-linear interactions take place among the components, making
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partial structures dependent on one another. For these domains, cooperative coevo-

lution is more suitable, because it allows an explicit co-adaptation of subcomponents

[147, 198].

The standard approach of applying cooperative coevolution is to identify a natural

decomposition of the problem into its partial components [231, 222, 311, 52, 198, 156,

310]. The structure of each component is assigned to a different subpopulation. Each

component is evolved simultaneously, but in isolation from one another. Then, in

order to evaluate the fitness of an individual from a given partial population, collab-

orators are selected from the other subpopulations, and the combined chromosome

is decoded to form a complete solution of the problem which is further tested and

evaluated [311]. Thus, partial populations need to adapt on one another in order

to achieve their own successful performance and by this way formulate successful

composite solutions.

5.1.3 Designing Brain-Inspired Artificial Systems

The coevolutionary scheme matches the design of brain-inspired artificial cognitive

mechanisms, due to the distributed nature of both the biological prototype and the

computational model. Specifically, the artificial system should consist of partial com-

ponents representing brain areas. Thus, separate cooperatively coevolved populations

can be utilized to perform design decisions for the components of the composite so-

lution. Following this distributed design approach, it is able to consider the distinct

roles of partial areas of the biological prototype and assign them adequately to the

components of the artificial structure. Additionally, the cooperative coevolutionary

scheme enforces the integration of subcomponents in a composite system, simulating

the performance of the brain.
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As a result, the cooperative coevolutionary scheme is utilized as a relational mech-

anism which binds the responsibilities of the modules of the biological prototype to

the responsibilities of the modules of the computational system. According to the

overall argument of the present thesis, this is able to happen due to the agent-based

modelling of the artificial system, which implies that increased flexibility and auton-

omy is offered to the components of the model. At the same time, coevolution offers

many advantages in terms of design effectively autonomous partial solutions, and fa-

cilitate their integration, because it is originally designed to work with substructures

instead of the composite solution. Thus, the coevolutionary design mechanism and

the agent-based representation fit one another. The first is able to assign distinct

roles, while the second is able to accept them, facilitating the design of a complex

distributed system.

Since the design of biologically inspired artificial brains aims at the cooperative

performance of partial structures, in the following we only consider cooperative co-

evolution. Additionally, we note that in the coevolutionary literature, distinct pop-

ulations are usually referred as species, and thus henceforth, these two terms will be

employed interchangeably.

5.2 Hierarchical Cooperative CoEvolution (HCCE)

Despite the increased scientific interest in cooperative coevolutionary algorithms, the

majority of existing applications are concentrated on problems consisting of a small

number of components. This is a weak point for the wide acceptance of coevolutionary

schemes, because in order to approach effectively large scale, complex problems, they

should be capable of designing systems consisting of many substructures.

This level of effectiveness is difficult to be accomplished with existing cooperative

coevolutionary schemes because they usually overlook the significance of choosing the
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appropriate collaborators within populations [311, 312]. For the majority of existing

applications, all individuals of a species (population) are only able to cooperate with

the best individual from the other species (e.g. [156, 229]). Following this heuristic,

evolution is driven to a direction of reduced diversity, since all individuals of one sub-

population have to cooperate with the same (best) partial solution suggested by the

remaining population. Even the additional random selection of more collaborators,

followed by some approaches [52, 121] is not always able to improve the performance.

Especially in the case of many coevolved species, the random selection of collaborators

would demand unreasonably more computational resources. Additionally, depending

on the fitness assignment method (e.g. average) it could destabilize the estimation of

the appropriate fitness value, harming the convergence of the composite procedure.

Thus, it is necessary to formulate a purposeful approach to select the best col-

laborating individuals among species. Evidently, the coevolutionary process could be

supported by the maintenance of successful cooperator assemblies as it is proposed in

[192, 69, 243]. Additionally, the efficient selection of cooperators could be facilitated

by a properly formulated optimization process performed in a higher level, which

searches within species to identify the best cooperator assemblies. This higher level

search can be implemented by means of one more evolutionary process. Thus, explo-

ration is performed simultaneously in two different spaces. On one side, the evolution

of partial processes searches for the appropriate structure of subcomponents, while on

the other side, the evolution of assemblies searches to identify the component struc-

tures which are most able to cooperate. As a result, the composite coevolutionary

procedure can tune partial evolutionary processes in order to converge successfully.

Furthermore, this process of simultaneous evolution of partial components and

assemblies of components, can be organized hierarchically formulating a multiple level

structure consisting of gradually more complex assemblies. The hierarchical scheme

can facilitate the solution of problems described by multiple levels of modularity,
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where simple components are parts of other more complex ones.

In the present work we introduce a multiple level coevolutionary scheme which

addresses the above mentioned issues [169, 168, 175]. The proposed approach follows

a Hierarchical Cooperative CoEvolutionary (HCCE) architecture in order to develop

a powerful cooperative coevolutionary scheme able to design complex systems consist-

ing of a large number of components. Besides the evolution of species corresponding

to partial components, the proposed HCCE scheme employs additional higher level

evolutionary processes, to select the proper individuals from each species that coop-

eratively are able to construct effective component assemblies. These configurations

can be used as a basis to guide the composite coevolutionary process since individuals

are more likely to be members of effective cooperator assemblies. Thus, the multiple

level process successfully formulates gradually more complex assemblies developing

the composite solution of the problem.

Following the proposed approach, the coevolutionary schemes are enriched with

hierarchical characteristics of non-coevolutionary schemes (in the sense that there

are not distinct species for each component) described in [69]. To the best of our

knowledge, there is only one work presenting a hierarchical cooperative coevolutionary

method in the literature [77]. In contrast to [77], our approach is properly formulated

to coevolve larger assemblies of cooperating species, and at the same time, emphasizes

the independence of substructures utilizing multiple and potentially separate criteria

to guide partial evolutionary processes.

5.2.1 Hierarchical Design of Brain-Inspired

Artificial Systems

In section 5.1.3 we discussed the suitability of cooperative coevolutionary schemes

for the design of brain-inspired artificial mechanisms. This issue is further facilitated
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by utilizing a hierarchical scheme.

First, we need to address that regarding the commencement of the coevolutionary

process, the design of the fitness functions which describe the functionality of bio-

logical brain areas is not straight forward. This is because, at least at the present

time, many details of the roles of brain areas are unknown. Thus, no consistent

mathematical description of the design problem can be formulated. An alternative

approach could be based on modelling extensive portions of the brain, emphasizing

the cooperation of substructures. This is available by means of the HCCE because

the hierarchical scheme facilitates the study of systems consisting of many partial

components. Following this approach, the coevolutionary process can take advantage

of simple partial fitness functions which only give an abstract description of the role of

brain areas. The coevolutionary dynamics among separate populations will reveal the

hidden details of fitness functions. This is because the interactions of partial fitness

functions will fulfil one another. Consequently, the interactive dynamics of semi-

complete fitness functions will highlight the exact roles of brain areas, facilitating the

design of the composite model.

Furthermore, the hierarchical scheme facilitates the investigation of the model’s

performance in diverse operating conditions. Specifically, the hierarchical scheme is

able to consider the performance of the composite structure in different tasks, and

evaluate each independent component according to its participation in their accom-

plishment. The evaluation measures should be formulated in accordance to the known

participation of biological brain modules in these tasks. As a result, the roles of partial

computational structures will be closer to the biological prototype, and the composite

system will be potentially able to develop cognitive abilities similar to the brain.

The hierarchical scheme is also able to consider the functionality of the artificial

system in cases that some partial components are deactivated. These operating con-

ditions simulate lesion of the respective areas in the biological prototype. As a result,
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existing biological data referred to the performance of the brain in pre- and post-

lesion conditions can be exploited in order to specify the way the artificial system

should perform in the respective conditions, with the intention of simulating even

more efficiently the roles of biological brain areas in the composite structure.

Finally, due to the coevolutionary architecture, the hierarchical scheme is inher-

ently able to combine efficiently partial components [172, 176]. This advantageous

feature can be exploited to combine groups of components, formulating incrementally

larger structures. This can be achieved by gradually adding more levels in the co-

evolutionary hierarchy, simulating the performance of new brain areas. As a result,

the reusability of existing models is supported, facilitating also the design of complex

structures with a progressively more advanced set of competencies. Furthermore,

the HCCE scheme can be utilized to redesign, if necessary, pre-existing substruc-

tures according to the enhanced set of objectives, resulted by the integration of new

components. The combined ability of HCCE to support these three steps - design,

reusability, redesign - seems particularly appropriate for the development of effective

artificial cognitive mechanisms.

In the following we present the proposed Hierarchical Cooperative CoEvolutionary

(HCCE) architecture, emphasizing its employment in the design of brain-inspired

artificial cognitive mechanisms, by utilizing the agents described in chapter 4 as

building blocks.

5.2.2 Hierarchical Organization

The HCCE scheme is properly formulated to facilitate the design of systems consisting

of partial components, organized in groups with complexity that gradually varies from

simple to more complex ones. Specifically, two different kinds of species encoding the
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Figure 5.1: The design of agents by cooperative coevolution. Part (a) represents a
hypothetical connectivity of agents. Cortical agents are illustrated with blocks, while
link agents are illustrated with double arrows. Part (b) represents the hierarchical
coevolutionary scheme used to evolve partial structures. CGs are illustrated with
rounded boxes, while PSs are represented by free shapes.

configurations of either a Primitive agent Structure (PS) or a Coevolved agent Group

(CG) are employed [168]. PS species specify partial elements, encoding the exact

structure of either cortical or link agents, presented in the previous chapter. A CG

consists of a group of cooperating PSs with common objectives. Thus, CGs specify

configurations of partial solutions by encoding individual assemblies of cortical and

link agents. Additionally, a CG can also be a member of another CG. Thus, several

CGs are organized hierarchically in a tree-like architecture, with the higher levels

enforcing the cooperation of the lower ones (Fig 5.1). However, different CGs can

have different objectives, and consequently their evolution can be driven in different

directions.

The details of the HCCE can be made clear by means of a specific example. Let

us assume the existence of two cortical agents and two link agents representing their

afferent projections (Fig 5.1(a)). We assume that agents L1,C1, have to support the

fulfillment of task T1, while agents L2,C2, have to support the fulfillment of task T2.

Thus, coevolutionary groups CG1 and CG2 are properly defined, each one classifying

the structures supporting a respective task. At the same time, we assume that all

structures have to cooperate to serve a third task T3. Thus, CG3 is also defined to
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enforce the cooperation among the groups CG1, CG2, aiming at the accomplishment

of T3. This assumption is typical for the organization of the mammalian central

nervous system (e.g. different brain areas serve visual or motor competencies, which

further cooperate to form advanced real life behaviors). The corresponding HCCE

process which aims at designing the structures of the current example, is illustrated

in Fig 5.1(b). Four PS species are employed to evolve agent structures, while three

CG species search for assemblies of cooperable individuals among PS species.

A snapshot of the HCCE process described above is illustrated in Fig 5.2. All

individuals in all species are assigned an identification number which is preserved

during the coevolutionary process. The identification number serves the definition of

assemblies among different species. Each variable on the genome of a CG specifies the

identification number of a partial solution at the lower level. The arrows connecting

individuals among species illustrate how the HCCE builds the proposed compound

solutions. For example individual with id = 7 of species CG3 specifies a solution

consisting of partial assemblies with id = 19 at CG1 and id = 3 at CG2. Analyzing

further the first assembly, it consists of the individual with id = 14 at C1 species, and

individual with id = 21 at L1 species. In the same way, analyzing the assembly of

CG2 it consists of the individual with id = 4 at species C2, and individual with id = 5

at species L2. It is clear that individuals at CG species might select some agents (or

some assemblies of agent structures) multiple times. Following this mechanism, the

cooperator selection process performed by the evolution of CG species, allows agents

to participate in various assemblies aiming at the identification of a successful set of

cooperators.

Following the HCCE approach, evolutionary exploration is performed concurrently

in different spaces. The evolution of PS species facilitates search in the parameter

space of sub-components. At the same time, the evolution of CG species searches

within PS populations to identify suitable individuals in order to formulate successful
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assemblies of cooperators. Furthermore, CG species memorize good configurations

of cooperating individuals across consecutive evolutionary generations. These config-

urations can be used as a basis to drive coevolution, since PS individuals are more

likely to be members of good cooperating assemblies.

In order to test the performance of a complete problem solution, populations

are sequentially accessed starting with the higher level. The genome values of CG

individuals at various levels are used as guides to select cooperators among PS species.

Then, PS individuals are decoded to specify the structure of cortical and link agents,

and the performance of the proposed overall solution is tested on the desired task.

5.2.3 Lesion Simulation

Following recent trends aiming at the study of computational models in lesion condi-

tions [4, 118, 220, 264, 193], we adapt our method to accomplish systematic modelling

of biological lesion experiments [168, 174, 179]. This feature can be seamlessly sup-

ported by the overall proposed computational framework. Specifically, the proposed

HCCE is able to consider the performance of the model under lesion conditions, by

deactivating appropriate nodes in the tree hierarchy. Additionally, the distributed

agent-based representation of brain areas facilitates lesion simulation by simply elim-

inating the appropriate agent structures. As a result, the performance of the model in

pre- and post- lesion conditions can be easily tested by the proposed design method-

ology.

Similar lesion conditions are typical in biological experiments related to the per-

formance of mammalian CNS. Lesion simulation is performed in the level of CGs,

since all lower level species share common objectives, and thus they are deactivated

as a group. This is not restrictive to our model, since the deactivation of a single PS

can be simulated, if necessary, by defining a CG with only one lower level PS species.
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As a result, the HCCE design process is able to consider the functionality of both

the composite model, and any desired partial configuration, according to the needs

of the prototype study of biological brain lesion.

Turning back to the example of Fig 5.1, a CG3 individual specifies the structure

of the composite model which is tested on the accomplishment of task T3. Then, in

order to simulate C2 lesion, the agents under CG2 are deactivated, and the remaining

structures are tested on the accomplishment of task T1. Next, the respective agents

from CG2 are isolated (lesion of CG1) and tested on the accomplishment of task T2.

Fitness values are assigned to the respective individuals as it is described below.

5.2.4 Fitness Assignment

Even if the majority of existing cooperative coevolutionary methods assume that

all species share a common fitness function [52, 156, 311], the proposed approach

allows the employment of separate fitness functions for different species. This is in

accordance to the coevolution of agent structures, because different objectives can be

defined for each agent.

When an assembly of cooperators is tested, the cooperative performance of all

agent structures is evaluated. The fitness function of each agent species evaluates

subjectively the overall performance, that is it evaluates the performance according

to the objectives it is designed for. Furthermore, the fitness function is formulated

properly to evaluate the performance of the model in diverse operating conditions,

which could correspond for example to the pre- and post- lesion state of the model.

For each species s, a fitness function fs is designed to drive its evolution. Specif-

ically, a partial fitness function fs,t evaluates the ability of the respective solution

component to serve task t. Then, the values measuring for the accomplishment of

each task are aggregated to estimate the global fitness value.
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Figure 5.2: A snapshot example of the hierarchical coevolution of species. Identifica-
tion numbers are represented by an oval. The arrows illustrate definition of individual
assemblies. See text for details.
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The most common operators for the aggregation of partial fitness values are sum

and product. The main weakness of the sum operator is that in order to be effective,

all partial fitness values should be normalized in a common scale. Unfortunately,

this is difficult to happen in the context of cognitive mechanisms design, because the

bounds of the fitness functions are generally unknown. As a result, in the present

study, partial fitness values are aggregated in a productive manner. The product

operator has also the advantage that the estimated global value is based on the

percentage differences of partial measures (i.e. fs,t1 · (fs,t2 · 80%) = (fs,t1 · 80%) · fs,t2)

facilitating the convergence of the composite evolutionary process. Consequently, the

composite fitness value is estimated by:

fs =
∏

t

fs,t (5.2.1)

For the agents which are not participating in the accomplishment of a task, the

respective fs,t can be either omitted, or set equal to 1.

Since all PS species under a CG share common objectives, they also share the

same fitness functions. For the example at hand the later means that the fitness

function of species L1, C1 on a task t, is equal to the fitness function of CG1 (e.g.

fL1,t = fC1,t = fCG1,t). The same is also true for species L2, C2 and CG2 (e.g.

fL2,t = fC2,t = fCG2,t). However the fitness functions of CG1, CG2 and CG3, do not

have to be related in general.

During the formulation of solutions for the composite problem, the cooperator

selection process at the higher levels of hierarchical coevolution is able to select an

individual to participate in many assemblies. Similarly to most existing approaches,

individuals of the coevolved species are assigned for each task the maximum of the

fitness values achieved by all the solutions formed with their membership. Thus, an

individual of the s-th species is assigned for task t the value:

fs,t = maxk{fk
s,t} (5.2.2)
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where fk
s,t is the fitness value of the k-th solution formed with the membership of the

individual under consideration. This result will be utilized by eq. (5.2.1) in order to

estimate the composite fitness measure.

The fitness assignment process is further explained by means of the example il-

lustrated in Fig 5.2. We remind the reader that according to the employed scenario,

the composite model should accomplish task T3, the partial model of C1,L1 should

accomplish task T1 (lesion of CG2), and the partial model of C2,L2 should accom-

plish task T2 (lesion of CG1). As a result, individuals of CG3 are evaluated for

the accomplishment of task T3, individuals of CG1 and lower level PS species are

evaluated for the accomplishment of both tasks T3 and T1, while individuals of CG2

and lower level PS species are evaluated for the accomplishment of both tasks T3 and

T2. The assigned fitness values are illustrated in Fig 5.2, following the formulation

introduced in eqs. (5.2.1) and (5.2.2). We present fitness assignment only on CG2

and its lower level species to avoid confusion. For the same reason we also assume

that FCG3,T3 = FCG2,T3, while in general they can be different.

The top level species CG3 is sequentially accessed and fitness values are estimated

regarding the accomplishment of T3. Let us now examine the individual of CG2 with

id = 16, which participates in two cooperator assemblies of CG3. Its ability to

serve task T3 will be evaluated with the maximum of the respective fitness values.

Additionally, CG2 individuals are assigned separate fitness values for the task T2

that they also serve. The same is also true for the individuals of lower level species

C2, L2. For example, C2 individual with id = 1, has multiple participation in the

accomplishment of tasks T3 and T2 and its evaluated properly.

We also note the fitness assignment of the individual with id = 4 of C2. Even

if it receives a high score for its participation in task T2 it receives a zero for its

participation in T3, and consequently its aggregative score according to eq. (5.2.1)

will be also zero. There are also individuals which receive a high aggregative score,
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even if none of the assemblies they participate perform successfully in all tasks. This

holds true, for individual 5 of species L2. One of its cooperating assemblies receives

high score in T1 and low score in T2, while the other receives high score in T2 but

low score in T1. However, the individual under consideration is finally assigned two

high scores, because according to the partial performances, it is able to successfully

serve both tasks. It seems that, at the moment, individual 5 of species L2 does

not participate in good quality cooperative assemblies, but its high aggregative score

indicates that it will probably participates in even better assemblies of cooperators in

the next generation. Additionally, by means of genetic operators, parts of its genotype

will be also transferred in the new populations with the hope to produce even better

offsprings.

5.2.5 Encoding

A general purpose genotype is employed for both the evolution of PS species, and the

cooperator selection process at CG species. The genotype is designed in an abstract

form, able to handle a variety of computational structures (Fig 5.3). Thus, neural

agents of any level of biological plausibility can be encoded and evolved.

Each individual is assigned an identification number and encodes two different

kinds of variables. The first kind is allowed to get a value from a set of unordered

numbers (e.g. {1,5,7,2}, with the ordering of the elements being of no use). These

variables are called SetVariables and they are employed to store identification num-

bers, encoding the relationship between various elements of the model. The second

kind of variables is allowed to get a value within a range of values (e.g. [0,1]); there-

fore, they are called RangeVariables and they are employed to search the domain

of parameter values for each partial component of the solution. The values of Set-

Variables and RangeVariables are encoded in the genome by an integer and a real
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Figure 5.3: A schematic representation of (a) the general genome structure, (b) link
agent’s genome structure, (c) cortical agent’s genome structure, (d) CG genome struc-
ture.

number, respectively, and they are graphically represented with dashed and solid

boxes (Fig 5.3(a)).

Appropriately modified instances of the genotype are employed to encode the de-

tailed structure of cortical and link agents. Following the description of link agents in

section 4.2.1, their structure is specified by the (x, y) coordinates of axon projections.

Thus, for a cortical structure with Ne excitatory neurons which employs a link agent

to project on another cortical structure, 2Ne RangeVariables are necessary to encode

the coordinates of link axons. The genotype used to encode link agent structure is

illustrated in Fig 5.3(b).

In accordance with the description of cortical agents in section 4.2.2, their struc-

ture is completely specified by 6 SetVariables (r1e, r2e, r3e, r1i, r2i, r3i) encoding the

identifiers of the learning rules employed to adjust synapse weights, 6 RangeVari-

ables (n1e, n2e, n3e, n1i, n2i, n3i) to encode neighborhood radii employed for synapse

definition, and 6 RangeVariables (µe, αe, βe, µi, αi, βi) to encode neural parameters,

separately for excitatory and inhibitory neurons. Thus, the genotype used to encode

cortical agent structure is properly formulated as it is illustrated in Fig 5.3(c).

CG species encode assemblies of PSs (cortical or link agents) or other CGs (groups
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of cortical and link agents) located at the lower levels of the coevolutionary hierarchy.

Thus, for the coevolution of S lower level species an equal number of SetVariables

have to be utilized. Each SetVariable is joined with one lower level species, and its

value can be any identification number id of the individuals from the species it is

joined with. A graphical illustration of the genotype employed by CG’s species is

represented in Fig 5.3(d).

5.2.6 Genetic Operators

Because of the hierarchical and at the same time probabilistic nature of the process,

some individuals of the species at the lower level could be multiply selected to par-

ticipate in various assemblies. A large number of multiple cooperations is generally

a drawback for the coevolutionary process. This is due to the fact that different

cooperator assemblies would demand evolution of the same individual in different di-

rections. This is a common problem for coevolutionary schemes which maintain and

evolve cooperator assemblies [192, 110, 243].

However, at the same time, some individuals in the same species might exist,

which are not offered any cooperation (termed non-cooperative henceforth). Unused

individuals can be utilized to decrease the multiplicity of cooperations for those which

are heavily reused. We introduce a new genetic operator to facilitate the hierarchical

coevolutionary process addressing the issue of many multiple cooperations [178]. The

operator is termed “Replication”, and it is described bellow.

Replication. For each non-cooperative individual x of a species, replication identifies

the fittest individual y with more than maxc cooperations. The genome of y is then

copied to x, and x is assigned maxc−1 cooperations of y, by updating the appropriate

individuals of the CG population at the higher level. After replication, individuals x

and y are allowed to evolve separately following independent evolutionary directions.
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Replication is illustrated in Fig 5.4 for the case of one CG and one PS species. The

same operator can be also applied for two CG species. The lower level individuals with

ids 14, 7, 29, 9 are offered 5, 2, 0, 3 cooperations, respectively (Fig 5.4(a)). Assuming

that maxc = 3, individual 14 is heavily reused. At the same time individual 29 is

offered no cooperation at all. By applying replication, the genome of 14 is copied to

29 and two of the cooperations are appropriately redirected (Fig 5.4(b)). From now

on, crossover and mutation operators can separately evolve individuals 14 and 29.

The value of the replication threshold maxc adjusts exploration - exploitation dy-

namics of the coevolutionary procedure. High maxc values imply that an assembly of

cooperating individuals is able to participate in many composite solutions. Moreover,

the application of the crossover operator on the higher level CG species, will enforce

this assembly to participate in the construction of even more composite solutions, in

order to identify the most promising set of cooperating individuals. This phenom-

enon implies that the successful assemblies are largely employed as test cases for the

individuals of partial populations. Thus, by utilizing high replication threshold val-

ues, the dynamics of the coevolutionary procedure emphasize the “exploitation” of

current results, in order to evaluate effectively partial components.

In contrast, low maxc values prevent individuals of partial species to participate

in many cooperator assemblies. In that case, replication has an effect that is com-

plementary to the one of applying crossover on the higher level CG. This is because

the latter multiplies the participation of a particular assembly in many composite so-

lutions, while the former destroys them creating independent copies of the assembly

at hand. In other words, replication enforces for each substructure the independent

evolution of many successful copies towards many different directions. Thus, the dy-

namics of the coevolutionary procedure emphasize more on the “exploration” of the

search space, as a means to identify successful assemblies of cooperators.
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Figure 5.4: Schematic representation of the replication operator (maxc = 3). Col-
laborations of individuals considered by replication operator are illustrated by thick
arrows, while additional connections which are not considered by replication are il-
lustrated by thin arrows (see text for further explanations).

We need to note here that the proposed operator does not aim to be a com-

putational representative of the biological DNA replication, even if they both share

some common characteristics. The biological process is very complicated and can not

be modelled easily because a number of different events may occur during its pro-

gression. Thus, the computational operator described above has been implemented

independently, aiming to facilitate the effectiveness of the coevolutionary scheme.

Other Genetic Operators. Based on the genome structure, we have implemented

crossover and mutation operators which perform separately on each kind of variables.

During the mate process, the usual single-point crossover is applied separately for

SetVariables and RangeVariables. Different mutation operators are implemented for

each kind. In the case of RangeVariables mutation corresponds to additive noise.
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Mutation of SetVariables is different for PS and CG individuals. As it has been

described in section 5.2.5, in the case of PS, SetVariables encode learning rule identi-

fiers. Thus, mutation corresponds to the random assignment of a new learning rule.

In the case of CG, SetVariables encode identifiers of individuals at the lower species.

Thus, mutation corresponds to probabilistic selection of a new individual, based on

the accumulative probabilities at the lower level species. Following this approach,

the best fitted individuals are most probably selected to participate in assemblies of

cooperators.

In order to produce a new generation, each species is evolved independently. Ini-

tially, the individuals of a species are sorted according to their fitness values. Then,

starting from the higher levels of the coevolutionary hierarchy, each species is sequen-

tially applied all genetic operators, as described above. At first, replication reduces

the very large number of cooperations for individuals. Then, a predefined percentage

of individuals are probabilistically crossed over. Finally, mutation is applied in a

small percentage of the resulted population to subserve diversity.

5.3 Discussion

The present chapter introduces a new Hierarchical Cooperative CoEvolutionary

(HCCE) scheme that aims to facilitate the design of distributed, brain-inspired ar-

tificial cognitive mechanisms. Specifically, the proposed scheme can be utilized as

a designing tool that systematically enforces mimicking of the prototype biological

structure from the computational model. This is because the HCCE scheme provides

the human designer the opportunity to replicate the performance of the biological

system in many different tasks, and many different operating conditions, while at the

same time, it also provides the designer the opportunity to assign separate roles to

the components of the distributed artificial system which are similar to the roles of
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the components of the biological prototype.

Moreover, it is described the ability of HCCE scheme to replicate the results of

biological lesion experiments, enforcing the similarity of the model with the biological

prototype. The coevolutionary procedure is particularly appropriate to consider the

performance of the model in pre- and post- lesion conditions, and additionally specify

its functioning in both cases, according to biological findings.

The HCCE-based design methodology can be easily adjusted to address the results

of biological studies which follow experimental processes different than lesion. This

can be adopted in the future in order to enforce further the similarity of the model

with the brain prototype. The HCCE -based design has been properly formulated

to specify the performance of partial structures according to any kind of data. As a

result, the HCCE scheme can be easily modified to consider biological results, such as

those obtained by fMRI or PET studies. The more biological data the model is able

to reproduce, the closer the artificial structure will be to the brain prototype. Hence,

a consistent methodology to develop brain-inspired systems can emerge, facilitating

the long term goal of designing artificial systems with cognitive skills similar to those

of mammals.

Additionally, we note that the HCCE scheme follows an abstract formulation, be-

ing able to handle a wide range of computational structures. For example, artificial

components which do not exhibit self-organization dynamics (e.g. with static synap-

tic weight) can be utilized to represent the less-plastic subcortical structures of the

mammalian brain. Furthermore, HCCE is able to coevolve simultaneously artificial

modules which follow diverse computational implementations. In other words, differ-

ent structures (e.g. based on a systemic or neural approach) can be utilized to model

distinct components of the composite system. As a result, any other computational

model can be utilized in conjunction with the agents presented in the previous chap-

ter. Extending further the simple example mentioned above, plastic structures could
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be used to represent neocortical areas, while static structures will represent subcorti-

cal areas. The HCCE scheme is able to coevolve them simultaneously, enforcing their

cooperative performance as a unified composite system.

Finally, we note that the proposed coevolutionary approach can also be utilized in

contexts different than the design of biologically inspired artificial cognitive systems.

Theoretically, it can be employed to approach any kind of problem described with ex-

plicit notions of modularity that decompose the overall solution into subcomponents.

As a result, it can be employed to address difficult problems with non-linear dynamics

among partial components, such as the design of cooperating robot teams, or the in-

vestigation of partial and composite social behaviors. Thus, HCCE can be potentially

employed as a general purpose method to study complex distributed systems.



Chapter 6

Results

The current chapter aims at the assessment of the computational framework that

has been introduced in the present thesis in order to facilitate the design of brain-

inspired artificial cognitive structures for robotic applications. We start by discusing

the employment of a simulated versus a real robot for the implementation and em-

bodiment of the computational models. Then, the experimental results are described.

They are separated in two main parts. The first emphasizes hierarchical coopera-

tive coevolution, demonstrating its effectiveness to solve difficult optimization prob-

lems that follow a distributed formulation. The second part highlights the benefits

provided by the hierarchical cooperative coevolutionary design mechanism and the

agent-based representation of partial structures, in terms of developing distributed

brain-inspired cognitive systems. Then, the issue of computational resources of the

proposed methodology is addressed, and we conclude this chapter with a discussion

of the results.

101
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6.1 Robotic Platform

Real-time environmental interaction is of utmost importance for the design of brain-

inspired computational models. This is because it is difficult to investigate the cou-

pling of partial brain components without embedding the composite model into a

body to interact with its environment. In the current study, a simulated mobile

robot is utilized to support environmental interaction, while at the same time, the

implemented cognitive models enrich the behavioral repertory of the robot. Specifi-

cally, we employ a two wheeled simulated robotic platform equipped with 8 uniformly

distributed distance, light and food sensors. The employed simulator is based on the

YAKS environment, which simulates motion dynamics of the Khepera robot [51, 295].

The simulator has been slightly modified to serve the needs of the present study.

Several previous studies discussed the employment of simulated versus real plat-

forms on the design of robotic systems, by means of evolutionary approaches

[200, 188, 299]. Specifically, the first approach provides increased speed up of the

design process, while the latter provides increased robustness against environmental

perturbations. In general, it is believed that the systems implemented and tested on

simulated platforms can not be directly transferred on real robots.

However, recent studies reported that the difference between simulated and real

systems can be considerably eliminated by evolving plastic learning mechanisms in-

stead of static structures [89, 88]. Following this approach, it is possible to utilize

a simulated platform in order to specify the internal dynamics of the system that

facilitate its adaptation in a range of diverse operating conditions. Then, the com-

putational structure can be easily transferred to the real robot, because the system

has been enriched with the necessary plasticity to self-adapt in the real operating

conditions. Thus, considerable elimination of behavioral differences among real and

simulated robots is achieved.
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We note that the computational structures studied in the present work, are prop-

erly furnished with the required internal plasticity to address this issue. Specifically,

the agents utilized as building blocks of the composite model exhibit inherent self-

organization dynamics that facilitate adaptation of the overall cognitive structure on

both the body of the robot, and the operating environment. As a result, the compu-

tational models discussed in the following sections are enriched with the appropriate

characteristics to be easily transferred from the simulated to the real robot.

In the present study, a simulated robot serves as the basic experimental plat-

form, in order to evaluate the computational framework proposed for designing brain-

inspired cognitive systems. This is because the target of our research does not con-

centrate on the efficiency of the implemented computational models, but rather on

the validity of the design methodology. Towards this end, the simulated robotic

platform provides significant benefits that facilitate our goal (easy setup of different

experimental procedures, ability to modify the characteristics of sensors and effec-

tors, significantly shorter evolutionary design procedures, ability to distribute the

computational load over multiple workstations, etc.)

6.2 HCCE Effectiveness

The current section aims at investigating the effectiveness of Hierarchical Cooper-

ative CoEvolution. In the evolutionary literature, mathematical functions are of-

ten employed as test-beds for the comparison of diverse evolutionary approaches

[322, 25, 116]. Particularly for the case of coevolutionary algorithms, mathematical

functions based on few independent variables are usually employed [311, 312, 225].

Thus, the investigated problem can be easily decomposed in few and very simple

entities. However, this is in contrast to many practical circumstances where difficult

problems have to be decomposed in complex components. Trying to obtain a better
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insight of the coevolutionary procedure, the HCCE scheme is tested on the design of

cognitive systems consisting of many partial components.

In particular, in order to validate the speed and robustness of the proposed co-

evolutionary scheme, we perform a series of tests comparing HCCE with one of the

most popular cooperative coevolutionary schemes, namely Enforced SubPopulations

(ESP) [120, 121], and with a unimodal evolutionary scheme. We have designed to

different sets of experiments, each one highlighting different characteristics of the

HCCE scheme. Additionally, we evaluate the effect of the Replication operator that

has been introduced in the present study to support the successful convergence of the

coevolutionary procedure.

We need to note that despite the biological background of the models investigated

here, any other problem involving the simultaneous evolution of complex components

that have to be adapted on one another, could also be employed as a test case.

In order to highlight this aspect of the comparative study, the set up of the current

experiments are presented in an abstract form, shifting the emphasis on the qualitative

characteristics of the HCCE scheme, rather than the brain-inspired characteristics of

the models. The biological background of the problems investigated in the current

set of experiments will be presented later on. Hence, the interesting reader is referred

there for more information.

6.2.1 Two Level Coevolutionary Scheme

First, we investigate the effectiveness of HCCE compared to two other evolutionary

schemes, namely Enforced SubPopulations, and ordinary unimodal evolution. The

problem that we address aims at designing a model of motor brain areas. The bi-

ological background of the model is discussed in detail in section 6.3.1, and thus it

is omitted here. The model consists of two cortical and three link agents, and it is
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Figure 6.1: The computational model utilized as a test case for the evaluation of
HCCE, ESP, unimodal evolutionary methods. Cortical agents are illustrated with
blocks, while link agents are illustrated with a double arrow.

illustrated graphically in Fig 6.1. The structure of the composite model is specified

by 92 parameters interacting with highly non-linear dynamics, and thus it is much

more complex than a simple mathematical function.

The coevolutionary process has to design an assembly of cortical and link agents

representing the respective components of the central nervous system. The com-

ponents of the model have to cooperate successfully in order to accomplish task t,

described by driving the robot in a wall avoidance mode. The level of accomplishment

of t is evaluated by measure E. The detailed computational form of this measure is

described by eqs. (6.3.1) in section 6.3.1. The fitness function that evaluates the

quality of individuals driving the evolutionary process, is based on E values.

HCCE-based Design. Since all components need to facilitate the accomplishment

of a common task, we utilize a two-level HCCE scheme to specify the structure of the

overall model. This is demonstrated in Fig 6.2. Following the formulation introduced

in eqs. (5.2.1), and (5.2.2), the fitness functions that drive the coevolutionary process

are given by:

fCG1 = fCG1,t with fk
CG1,t = E (6.2.1)

where k represents each membership of an individual in a composite solution. It is

noted that all PS species are evolved by the same fitness function with their higher

level CG.
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Figure 6.2: A graphical representation of the HCCE process employed to design the
model. CG species is illustrated with an oval box, while PSs are represented by free
shapes.

We have utilized populations of 200 individuals for all PS species, and 300 individ-

uals for species CG1. Additionally, an elitist evolutionary strategy was followed with

the 5 best individuals of each species, copied unchanged in the new generation. We

have performed six independent runs of the coevolutionary design procedure. Each

one of them, evolves the above described two-level HCCE scheme, for 170 epochs.

The obtained results are illustrated in Fig 6.3. We see that the first and the fifth

run of the HCCE scheme were able to identify very good solutions to the problem. The

second, third and sixth run converged to suboptimal solutions, which however were

acceptable in terms of a qualitative evaluation of the results. The forth run gave the

worst result, since it got stacked to a non-successful solution. Due to the probabilistic

nature of the process, HCCE does not guarantee to always estimate the optimal

solution to the problem. This is a common case for evolutionary processes. However,

the obtained results shown both that HCCE is capable of solving the problem, and

that in most cases it is able to produce a satisfactory result.

ESP-based Design. Additionally, we would like to investigate if a different co-

evolutionary scheme is capable to solve successfully the same problem, designing the

model of motor brain areas. Specifically, we have approached the problem discussed

above by utilizing the Enforced SubPopulations (ESP) coevolutionary scheme. In the

current work, we have implemented the ESP algorithm described in [120], without

however activating the stagnation check that practically re-initializes populations.

Five different populations have been employed to specify the structure of the five
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components of the model. Similar to HCCE, each population evolving the structure

of a component consists of 200 individuals. Crossover and mutation probabilities

on each sub-population are the same with the case of HCCE. The fitness function

evaluating the success of individuals in each population is given by:

f = E (6.2.2)

and thus ESP processes are directly comparable with HCCE processes. In each evo-

lutionary epoch, a population of 2000 assemblies of components is randomly created.

Thus, each individual representing the structure of a cortical or a link agent par-

ticipates in an average of ten assemblies encoding complete problem solutions. The

evolutionary process is driven by the average fitness of each individual.

We have performed six independent runs of the ESP-based coevolutionary design

procedure. Each one of them, evolves for 170 epochs. The obtained results are

illustrated in Fig 6.4. We see that there are not significant differences among the six

runs. Unfortunately, non of them was able to solve the problem satisfactorily. The

best results were given by the first and the third trial. However both of them are

similar to the worst case of the HCCE processes. This might be because in each epoch,

ESP employs random assemblies of the individuals encoding components structures.

Thus, it is not able to enforce the cooperation among components and the successful

co-adaptation on one another.

Unimodal Design. Finally, we have tried to approach the same problem by utilizing

a unimodal evolutionary scheme. Specifically, a single, large chromosome is employed

to encode the structure of all cortical and link agents of the model. The fitness

function that drives the evolution of the complex chromosomes encoding the structure

of the composite model, is given by:

f = E (6.2.3)
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Figure 6.3: The results of six different HCCE-based design processes. Each plot
demonstrates maximum fitness of individuals in a generation, against evolutionary
epochs.
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Figure 6.4: The results of six different ESP-based design processes. Each plot demon-
strates maximum fitness of individuals in a generation, against evolutionary epochs.

and thus, the obtained results are directly comparable with the results obtained by

the HCCE- and ESP- based processes.

In the current set of experiments a population of 400 individuals is evolved for

170 steps. The probability of applying crossover and mutation operators over the

structure of a cortical or a link agent is the same as the previous experiments. We

performed six independent runs of the unimodal evolutionary scheme.

The results of each run are illustrated in Fig 6.5. We see that most of the trials

were not able to solve the problem successfully. The unimodal process is either highly

unstable (runs 1,6), or it gets stacked to non-satisfactory sub-optimal solutions. The

last run was able to identify occasionally sub-optimal solutions that solve the problem

in a satisfactory level but due to the high non-linearity among problem parameters,

the evolutionary process is too fragile, and they can not be exploited further. However,

we note that these solutions are much worst than the optimal solutions identified by

the HCCE processes.
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Figure 6.5: The results of six different unimodal evolutionary design processes. Each
plot demonstrates maximum fitness of individuals in a generation, against evolution-
ary epochs.

Comments. In the present set of experiments we have utilize three different evolu-

tionary methods namely HCCE, ESP, and ordinary unimodal evolution, to address

the design of a brain-inspired computational model. The results obtained are illus-

trated in Figs 6.3, 6.4, and 6.5. By comparing these figures, we can easily observe

the HCCE outperforms both ESP and unimodal processes. This is because HCCE

has been properly designed to facilitate the evolution of large distributed systems

consisting of complex components, enforcing their successful cooperation.

Additionally, it is worth emphasizing that the HCCE processes discussed above,

are much faster than both the ESP and unimodal evolutionary processes. Each run

needed approximately 150 minutes for the case of HCCE, 1050 minutes for the case

of ESP, and 210 minutes for unimodal evolution. This is illustrated graphically in

Fig 6.6. The experiments were performed on a PC with a Pentium 4, 3.00 GHz

processor, and 512 MB RAM. The distribution of time is explained by the number

of composite solution assemblies evaluated in each evolutionary epoch. Specifically,

HCCE evaluates 300 assemblies of components, ESP evaluates 2000 assemblies, and

unimodal evolution evaluates 400 assemblies. Thus, it is reasonable that ESP needs

far most processing time, because it inherently performs more evaluations.

Overall, from the aforementioned set of experiments, we conclude that HCCE is

more effective than both ESP and ordinary unimodal evolution for designing distrib-

uted computational structures consisting of complex components. Moreover, it has
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Figure 6.6: The processing time of a single run for each evolutionary design method-
ology. The y axes represents time minutes.

been illustrated that HCCE is also the fastest approach of the three tested.

We need to comment here, that ESP is comparable with two-level HCCE schemes

because they both involve distinct populations to evolve the structure of system com-

ponents, and additionally a population of assemblies of candidate substructures, try-

ing to estimate the overall complex solution. The major difference among the two

approaches is that in the case of HCCE, the population encoding assemblies has a

relatively small size and it is computationally evolved, while in the case of the ESP,

it has a rather large size and it is randomly created in each epoch. The experiments

described above demonstrate that the evolution of assemblies is more important than

the size of the population. Finally, we need to note that ESP does not support

the formulation of hierarchies of coevolved populations, and thus it is not directly

comparable with multi-level HCCE processes.
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Figure 6.7: A schematic overview of the computational model. Cortical agents are
illustrated with blocks, while link agents are illustrated with a double arrow.

6.2.2 Three Level Coevolutionary Scheme

The following set of experiments aims at evaluating the effectiveness of HCCE scheme

on the design of a large computational model consisting of many components which

have to cooperate in order to accomplish a set of tasks. Additionally, the operation of

the model in conditions of partial failure (simulating brain area lesion) is investigated,

highlighting the roles of substructures. The architecture of the model consisting of

four cortical and eight link agents, is illustrated in Fig 6.7. The model is embedded

in a robotic platform in order to evaluate its performance. The experimental process

aims at reproducing computationally a biological lesion scenario of partial brain ar-

eas. The desired performance of the robot in the case of normal or lesion operating

mode is as follows. Let us consider first the case of C3, C4 operation failure. In

that case, C1, C2 perform in isolation, and they should be able to accomplish task

A. Additionally, when failure in C1, C2 occurs, then only C3, C4 are operating and

task B should be accomplished. When the composite model is active then all par-

tial structures cooperate to develop a more complex functionality. Specifically, the

activation of C3 is projected on C2 in order to accomplish task C. Three different
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Figure 6.8: A graphical illustration of the coevolutionary process. CGs are illustrated
with oval boxes, while PSs are represented by free shapes.

measures EA, EB, EC are employed to evaluate the accomplishment of the respective

tasks. The computational specification of these measures is presented in detail in

section 6.3.3.

We need to note that the problem discussed above is much more difficult than

the typical mathematical problems. Specifically, the composite structure consists

of 12 complex components, each one assigned a certain role in the functionality of

the system. Overall, the problem considered here involves the specification of totaly

264 variables, interacting in a highly non-linear way. Thus, it can be used as an

advanced test case in order to investigate the dynamics of HCCE, and reveal its

valuable characteristics.

HCCE-based Design. Since different groups of agents need to serve different tasks,

we have employed a three-level HCCE scheme to facilitate the assignment of distinct

roles to substructures. This is demonstrated in Fig 6.8. The tasks served by each

group of agents are illustrated in the same figure, at the right side of each CG.

Specifically, according to the problem description discussed above, the structures

under CG1 serve tasks A, C. The structures under CG2 serve tasks B, C, while the

structures under CG3 serve only task B. Finally, the top level CG4 is employed to

enforce cooperation within partial configurations, facilitating the accomplishment of

all three tasks.
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The fitness functions which guide the evolution of partial species are designed ac-

cordingly, supporting the accomplishment of the respective tasks. It should be noted

that all PSs share the same fitness functions with their higher level CG. Specifically,

the fitness function employed for the evolution of CG1 and its lower level species is

based on the measures evaluating the success of the respective tasks. Following the

formulation introduced in eqs. (5.2.1), (5.2.2):

fCG1 = fCG1,t1 · fCG1,t2 with

fk
CG1,t1 = EA, fk

CG1,t2 = EC

(6.2.4)

where k represents each membership of an individual in a composite solution.

The fitness function which guides the evolution of CG2 is defined by means of the

measures evaluating the success of tasks B,C:

fCG2 = fCG2,t1 · fCG2,t2 with,

fk
CG2,t1 = EB, fk

CG2,t2 = EC

(6.2.5)

where k is as above.

The third group CG3, serves only task C. Thus, the fitness function employed for

the evolution of CG3 is defined by:

fCG3 = fCG3,t1 with,

fk
CG3,t1 =

√
EB

(6.2.6)

where k is as above.

Additionally, the top level evolutionary process CG4, enforces the integration of

partial configurations in a composite model, aiming at the successful accomplishment

of all the three tasks. Thus, the fitness function employed for the evolution of CG4

is defined accordingly, following the formulation introduced in eqs. (5.2.1), (5.2.2):

fCG4 = fCG4,t1 · fCG4,t2 · fCG4,t3 with,

fk
CG4,t1 =

√
EA, fk

CG4,t2 = EB, fk
CG4,t3 = E2

C

(6.2.7)

where k is as above.
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The hierarchical coevolutionary scheme described above is evolved for 170 epochs.

All runs employed populations of 200 individuals for all PS species, 300 individuals for

CG1, CG2, CG3, and 400 individuals for CG4. Additionally, an elitist evolutionary

strategy was followed in each evolutionary step with the 7 best individuals of each

species, copied unchanged in the respective new generation, supporting the robustness

of the evolutionary process.

We have performed six different runs of the HCCE scheme, each one evolving

for 170 epochs. The obtained results are illustrated in Fig 6.9, where each column

corresponds to a different run. In the first run, the progress of the HCCE scheme

is initially slow, but after about 100 evolutionary epochs, the probabilistic search

identifies a promising evolutionary direction which is efficiently exploited to identify

a set of successful composite solutions. In the following two runs, we see that the

coevolutionary process is rather unstable. Specifically, the evolution of species CG4

is not able to formulate successful assemblies of cooperators that will be preserved

in the consecutive epochs. This fact additionally affects the progress of evolution in

species CG2, CG3, which are trapped in suboptimal solutions. In the fourth run, the

progress of the composite coevolutionary scheme develops slowly, and simultaneously

for all species. The coevolutionary procedure is terminated without reaching the

success rate of the first run. Still, we can easily observe that the progress of evolution

is not stabilized, which implies that if the coevolutionary procedure could continue

for more epochs, it should be able to estimate a sufficiently good result. The progress

of the fifth run is similar to the first. The progress of the HCCE procedure is initially

slow, until a promising assembly of cooperators is identified. After a small unstable

period in the advancement of the coevolutionary procedure, an effective assembly is

preserved, driving also the other individuals in an area of successful solutions. Finally,

the progress of the last run is similar to the fourth. The evolution of each CG develops

without rapid changes. However, in the current case, the advancement is a bit faster



CHAPTER 6. RESULTS 115

0 100
0

100

200

0 100
0

10

20

30

0 100
0

2

4

0 100
0

500

1000

1500

0 100
0

100

200

0 100
0

10

20

30

0 100
0

2

4

0 100
0

500

1000

1500

0 100
0

100

200

0 100
0

10

20

30

0 100
0

2

4

0 100
0

500

1000

1500

0 100
0

100

200

0 100
0

10

20

30

0 100
0

2

4

0 100
0

500

1000

1500

0 100
0

100

200

0 100
0

10

20

30

0 100
0

2

4

0 100
0

500

1000

1500

0 100
0

100

200

0 100
0

10

20

30

0 100
0

2

4

0 100
0

500

1000

1500

Figure 6.9: Graphical illustration of the progress of six different coevolutionary proce-
dures. Each column is related to the results observed on the respective run. The lines
1-4 demonstrate the progress observed on the evolution of CG1, CG2, CG3, CG4,
respectively. Each plot demonstrates maximum fitness of individuals in a generation,
against evolutionary epochs.

than the fourth run, and thus the composite procedure is able to converge in a set of

solutions with a nearly optimum fitness value.

In an attempt to formulate general comments on the progress of the HCCE scheme,

we can state that the accomplishment of task B is critical for the success of the com-

posite scheme. This is explained by the fact that task B is actually a subtask of task

C. As a result, if task B is not sufficiently accomplished, it is not also possible to ac-

complish task C. We note that the evolution of CG3 aims only at the accomplishment

of task B, see eq. (6.2.6). Thus, by observing the third line of Fig 6.9, we realize



CHAPTER 6. RESULTS 116

that whenever the solution of task B is stacked, then the composite coevolutionary

procedure does not converge successfully.

Unimodal Evolutionary Design. In order to get a better idea of HCCE effec-

tiveness compared to other coevolutionary schemes, it would be valuable to address

the same problem by employing also different approaches. However, the majority of

coevolutionary schemes proposed in the literature are not formulated in a hierarchical

mode. Furthermore, the only hierarchical coevolutionary scheme that it is known to

us [77], does not support the utilization of distinct fitness functions with multiple

criteria for the evolution of partial species, and additionally, it is not formulated to

evolve large assemblies of cooperators, as it is necessary in the current problem. Thus,

any comparison with them, would be unfair.

In order to highlight the benefits provided by the HCCE scheme on approaching

complex distributed optimization tasks we address the problem discussed above by

using an ordinary evolutionary algorithm. This set of experiments aims mainly at

stressing the limitations of the unimodal evolutionary approach, and the need for a

specialized, advanced coevolutionary scheme, that facilitates the solution of problems

with an inherent distributed structure.

Following the ordinary evolutionary approach, the structure of all cortical and

link agents is encoded in a single chromosome. Hence, the parts of the genotype that

correspond to system components participate in only one composite solution assembly.

According to the unimodal approach, the autonomous role of substructures can not

be indicated by partial fitness functions and thus, the evolution of partial groups of

agents do not follow their own evolutionary directions. Still, their separate role can

be revealed by testing the performance of candidate solutions in the accomplishment

of the three different tasks.

The fitness function employed to guide the evolutionary process is defined ac-

cording to the fitness function of the top-level CG of the coevolutionary scheme.
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Figure 6.10: Graphical illustration of the progress of six different evolutionary pro-
cedures. Each plot demonstrates maximum fitness of individuals in a generation,
against evolutionary epochs. Please compare with the last line of Fig 6.9.

Specifically, we consider the performance of partial structures in the accomplishment

of the three tasks A,B,C. Similar to fCG4 (see eq. (6.2.7)), the fitness function is

defined by:

f =
√

EA · EB · E2
C (6.2.8)

which also implies that the progress of unimodal evolution is directly comparable with

the progress of the HCCE scheme. In the current set of experiments a population of

400 individuals is evolved for 170 steps. The probability of applying crossover and

mutation operators over the structure of a cortical or a link agent is the same with

the respective probabilities of the coevolutionary scheme.

We have performed 6 independent runs of the unimodal evolutionary process.

The results of the six process are illustrated in Fig 6.10. These results are directly

comparable with the last line of Fig 6.9. Evidently, none of the ordinary evolutionary

processes was successful. Additionally, even the best of them, was not as good as the

worst case of the coevolutionary scheme. This is because ordinary evolution employs

a single population consisting of individuals encoding the overall composite solution,

and additionally employs a single fitness function which is not able to consider the

partial objectives of substructures.

These results highlight the unsuitability of unimodal evolution to design distrib-

uted structures with distinct roles of partial components and, additionally, the need

for a specialized scheme able to consider explicitly the individual characteristics of
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Figure 6.11: The average fitness of six runs of the HCCE procedure, utilizing different
values of replication threshold maxc.

substructures. All these issues are sufficiently addressed by the HCCE scheme.

The Effect of the Replication Operator. Finally, we performed a set of experi-

ments in order to investigate the effect of the “Replication” operator, on the progress

of coevolution. Five different values of the replication threshold maxc are investi-

gated. We note that the effect of the Replication operator is maximal when maxc

values are low, and reduces gradually by increasing the value of this threshold. For

example, in the case that very large maxc values are utilized, all species are evolved

without the replication being actually ever applied. In contrast, by utilizing small

maxc values, replication is applied very often, affecting the progress of coevolution.

Intuitively, maxc balances the exploration versus exploitation dynamics of the

coevolutionary procedure. High values of the replication threshold indicate that the

assemblies of individuals of partial species remain largely un-effected, in order to be

employed as test cases for the individuals of the rest species. Thus, the dynamics of

the coevolutionary procedure emphasize more on the “exploitation” of current results.

In contrast, low values of replication threshold prevent individuals of partial species

to participate in many cooperator assemblies, enforcing their independent evolution
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towards many different directions as it is indicated by mutation probability. Thus,

in that case, the dynamics of the coevolutionary procedure emphasize more on the

“exploration” of the search space.

For each value of maxc threshold ({1, 2, 3, 4, 5}), six runs are performed. The

average of maximum fitness values of CG4 over the six runs is illustrated in Fig 6.11.

According to the results, low values of replication threshold are preferable for the

HCCE scheme at hand. In other words, the successful convergence of the coevolu-

tionary process is facilitated more by the efficient exploration of the search space. This

can be explained by the increased complexity of the problem and the high non-linear

interaction among the partial elements of the solution.

Comments. The set of experiments described above aims at the assessment of the

Hierarchical Cooperative CoEvolutionary scheme. The results obtained attest to its

validity and effectiveness. Specifically, HCCE is capable of designing successfully a

system consisting of a total of twelve complex partial components. Even if for the

experiment with the much simpler model described in section 6.2.1 the two approaches

gave comparable results, in the current set of experiments it is shown that HCCE

significantly outperforms ordinary evolutionary processes, when addressing problems

that the special characteristics of substructures have to be explored.

In the present set of experiments, both HCCE and unimodal evolution needed

approximately 10 hours to process each run. This is because the embodiment of

the cognitive system in the simulated robotic platform and the observation of robot

performance for a large number of simulation steps has significantly increased the time

of testing of each individual. However, long-lasting evolutionary design procedures

are very common when behavioral tasks have to be solved. The experiments were

performed on a PC with a Pentium 4, 3.00 GHz processor, and 512 MB RAM. Both

approaches have similar time demands because in both cases 400 composite solution

assemblies are evaluated in each epoch.
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The partial roles of agents, and their relative contribution to the accomplishment

of each task, are important factors for the successful convergence of coevolution.

In the present work they are described by eqs (6.2.4) - (6.2.7). The cooperator

selection process facilitates coordination of lower level processes enforcing the coupling

of structures with completely different objectives (e.g. those under CG1 and those

under CG3).

We note that the elitist strategy followed during the evolution of species has a

positive effect on the progress of multi-level HCCE procedures. This is an empirical

conclusion that is supported by all the evolutionary processes discussed in the present

study. Particularly, for each species about 5-10 of the best individuals have to be

copied unchanged in the new generation, facilitating the successful convergence of

the composite process. Intuitively, the elitist strategy alleviates the robustness of the

coevolutionary process, while the Replication operator supports sufficient exploration

of the search space.

Finally, the results demonstrated that Replication operator facilitates significantly

the successful convergence of the composite coevolutionary process. Specifically,

Replication has been properly formulated to convey information from the higher to

the lower levels of the hierarchy, in order to modulate and coordinate partial evo-

lutionary processes. As a result, this particular operator can be applied in other

coevolutionary schemes evolving assemblies of individuals [192, 110, 243], in order to

facilitate integration of partial components.

6.3 Brain-Inspired Cognitive System Design

In the following, the HCCE scheme studied above is employed as a design mecha-

nism, facilitating the development of brain-inspired cognitive systems. We note that
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the present series of experiments does not aim at implementing detailed and biolog-

ically reliable models of brain areas. The results demonstrated here, are indicative

for the proposed agent based coevolutionary framework, aiming at highlighting its

main characteristics. Specifically, the experiments presented bellow serve as a means

to demonstrate the ability of the proposed framework to design, integrate and re-

design computational structures, facilitating the development of complex biologically

inspired systems.

6.3.1 Modelling Simple Modular Structures

First, we consider the functionality of the lower levels of the central nervous system

motor hierarchy, which serve primitive motion behaviors1. The ability of biological

organisms to reason and make plans of future action is mainly supported by the higher

level prefrontal cortex, and is considered in the following experiments.

The connectivity of partial components is illustrated in Fig 6.12. The proposed

model discusses the projection of sensory information in Primary Motor Cortex (M1)

which formulates simple motion commands encoded in a population of active neurons

[144]. These commands are then passed to the Spinal Cord which decodes them to

specific motor actions. Spinal cord is simulated only by its descending pathway and a

cortical agent is employed to represent it. We assume the existence of an agonist and

antagonist muscle in each side of a robot wheel. One motor neuron of the spinal cord

activates each of these muscles. Wheel speed is defined by the activation difference

between the muscles. Thus, four motor neurons are necessary to define muscle’s

activation, and consequently the speed of the robot. Proprioceptive information of

muscles activation is fed back to the motor cortex, via a link agent.

The whole computational model consists of 5 subcomponents (2 cortical and 3 link

1Slightly modified versions of this experiment have been presented in [171, 178].
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Figure 6.12: A schematic overview of the Primary Motor Cortex model.
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Figure 6.13: A graphical representation of the coevolutionary process employed to
design M1-SC model.

agents) which have to cooperate to accomplish the desired performance. Specifically,

the composite model aims at developing wall avoidance navigation behavior, after a

certain amount of interaction with the environment. Computational models of the

same brain areas have been also proposed in the literature, eg. [5, 290], which, how-

ever, do not emphasize on the self-organized robot understanding of environmental

characteristics.

The HCCE scheme employed to design the computational model is demonstrated

in Fig 6.13. The evolution of the five components is tuned by a single CG species,

since they all have to support the accomplishment of the same task. Populations of

200 individuals evolve the structure of cortical and link agents, while a population of

300 individuals evolves the higher level cooperator selection process. Each individual

is assigned a fitness value according to the evaluation measure:

Ewa =

(∑
M

(sl + sr − 1)·(1.0− p2)

)
·
(
1− 2

M

∣∣∣∣∣
∑
M

sl − sr

sl · sr

∣∣∣∣∣

)3

·
(
1− 2B

M

)3

(6.3.1)

where we assume that robot performance is observed for M steps, sl, sr are the

instant speeds of the left and right wheel, p is the maximum instant activation of

distance sensors, and B is the total number of robot bumps. The first term of eq.
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Figure 6.14: A sample result of robot wall avoidance navigation.

(6.3.1) seeks for forward movement far from the walls, the second supports straight

movement without unreasonable spinning, and the last term minimizes the number

of robot bumps on the walls.

The fitness function employed for the evolution of CG1 and its lower level species

is based on the measures evaluating the success of the wall avoidance task. Following

the formulation introduced in eqs. (5.2.1), (5.2.2):

fCG1 = fCG1,t1 with, fk
CG1,t1 = Ewa (6.3.2)

where k represents each membership of an individual in a proposed solution. Evo-

lution was performed in synchronous steps for all populations. After 70 epochs we

got many computational structures able to drive the robot without bumping on the

walls. A sample result is illustrated in Fig 6.14.

6.3.2 Modelling Complex Distributed Structures

The hippocampus is one of the most studied areas of the mammalian cortex because

of its prominent role in the memorization of spatial information. Different groups

of cells, namely place cells, have been detected in the mammalian’s hippocampus,

which preferably fire when the animal is in a particular portion of its environment.

Additionally these cells are largely independent of the orientation of the animal and
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its actual view [207]. The hippocampus consists of partial areas which cooperate to

develop place cells. Following recent trends in the area, we focus our study on the

investigation of the entorinal cortex (EC) from parahippocampal region and dentate

gyrus (DG), and Amon’s horn structures CA3, CA1 from hippocampal formation.

Recently, place cells have been detected in all these structures. Since the exact role

of hippocampal areas has not been specified yet in the literature, the design of the

computational model will be based on existing knowledge, that is the development of

place cells in hippocampal substructures2.

A number of hippocampal computational models have been proposed in the liter-

ature, which are able to develop place cells based on allocentric sensory stimuli. Some

approaches consist of an arrangement of appropriately connected neurons on a planar

map [11, 124]. Other hippocampal models are based on the recurrent connectivity

of CA3 neurons [143]. A combination of planar map with recurrent connections is

presented in [251]. Moreover, according to [208, 91], the existence of a topographical

relation between environmental location and hippocampal cells seems not valid. This

is taken into account in [278] where attractor networks are employed to perform fea-

ture encoding. The majority of existing models employ simplified structures which

omit the projection from CA1 to EC. This is a very critical design decision, since

a recurrent cellular structure is computationally represented by a feed forward one.

A computational model with re-entrant projections from CA1 to EC is presented in

[202], but it is not tested for the development of place cells.

In the present experiment, we present a detailed hippocampal model with separate

neural agents representing each hippocampal area (EC, DG, CA3, CA1). Thus, all

interactions among these areas can be simulated. Similar to the majority of the

models, we follow an approach based on environmental features for the development of

place cells, but in contrast to them we do not assume global view of the environment.

2A modified version of this experiment has been presented in [178].
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Appropriate fitness functions drive the coevolutionary process (as explained below),

aiming at the development of place cells.

It has been experimentally shown that the hippocampal system processes allo-

centric (orientation invariant) information [47]. This is a common hypothesis for all

computational models discussed above. We have implemented a simple computa-

tional formula to perform this transformation, given the current orientation φ of the

animal [170]. For the sake of simplicity we assume that the number of head-direction

(HD) neurons is equal to the number of light or distance sensors; let this number be

M. Each HD neuron has a preferred direction θ of maximal activation and follows the

gaussian model, similar to real HD cells [282]. Let us assume that the information of

the i − th egocentric sensor is given by hi. The allocentric measure is estimated by

the following summation over all HD neurons.

gi =

∑
j=0...M−1 e−(φ−θ(M−j)modM )2h(i+j)modM∑

j=0...M−1 e−(φ−θ(M−j)modM )2
(6.3.3)

where gi is the new orientation invariant measure. This formula has a slight smoothing

effect on sensory stimuli, which is due to the averaging performed. Intuitively, it

considers stimuli from all sensors, rotated by certain angles, and weighted each time

by a factor that is proportional to the matching of rotation and head direction. It is

interesting to observe that this formula can be directly used to combine our approach

with other computational models that develop HD cells (e.g. [238]).

The hippocampal model is fed with allocentric measures. Distance and light sen-

sory stimuli are projected to EC and then they travel along partial hippocampal

structures as it is illustrated in Fig 6.15. The composite computational model con-

sists of 12 subcomponents (4 cortical and 8 link agents) which have to cooperate to

accomplish place cell development.

In order to test the development of place cells, we define P (P = 13 in this exper-

iment) areas in the environment (see Fig 6.16), where the activation of hippocampal
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Figure 6.16: Experimental setup of the hippocampal model testing. Environmental
areas (P = 13) are illustrated with dashed circles. Solid circles illustrate the existence
of two light sources.

excitatory neurons is observed. The activation of inhibitory neurons is not exam-

ined, since only excitatory neurons encode efferent information. For each cortical

agent i ∈ {EC,DG, CA3, CA1}, and each location p ∈ {1...P}, separate activation -

averages over time, aip
j , are computed, with j identifying excitatory neurons.

Place cell development implies that when the robot is positioned in two different

areas, the rate rd of differences within activation-averages, divided by the total ac-

tivation, should be close to one. For two locations p, q, with q 6= p, this measure is
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expressed mathematically by:

rdi(p, q) =

∑
j

∣∣ai,p
j − ai,q

j

∣∣
∑

j

(
ai,p

j + ai,q
j

) (6.3.4)

A successful development of place cells in cortical agent i implies that the average

activations at any two locations p,q give high values of relative difference rd. Following

a worst case scenario, a separability measure of place cells RDi can be defined based

on the most similar locations:

RDi = minp,q{rdi(p, q)} (6.3.5)

One more measure is also defined to support the stability of cortical agents perfor-

mance. It estimates the consistency of activations for the case that the robot is located

in area p more than once. This can be done using the contrast of activation-average

values at p. We use the variance vi,p as a contrast measure:

vi,p =
1

Ne

∑
j

∣∣m− ai,p
j

∣∣ , with m =
1

Ne

∑
j

ai,p
j (6.3.6)

for a cortical agent i, with Ne excitatory neurons. If the same neurons are activated

every time the robot is located in p, contrast measure vi,p will have a high value, while

if different neurons are activated every time the robot is located at the same p, then

vi,p will have a small value. The average of variances at all locations is employed as

a consistency measure of cortical agent i ∈ {EC, DG, CA3, CA1}:

V i =
1

P

∑
p

vi,p (6.3.7)

Since CA1 is the major efferent structure of hippocampus, we assume that the

excitatory activation in CA1 agent should be able to infer the location of the robot.

This is done at every simulation step by estimating the distance of current activation

xCA1
j with the activation-averages of CA1, at every location p:

dp =
∑

j

∣∣∣xCA1
j − aCA1,p

j

∣∣∣ (6.3.8)
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Figure 6.17: Graphical representation of the HCCE process utilized to design the
Hippocampal model. CG1 is not evolved in the current coevolutionary process.

A simple process infers robot location p as the one with the minimum distance dp.

By utilizing this localization process, a success rate S = s/t is defined for the total

hippocampal model. It is based on the number of simulation steps s that the inference

process is able to successfully identify the robot location, relative to the total number

of simulation steps t that the robot is located in known positions.

The fitness measure which evaluates the successful development of place cells

in each partial hippocampal structure, is based on the equations described above.

Particularly, the operation of the i-th cortical agent, i ∈ {EC,DG, CA3, CA1}, is

evaluated by:

Ei
pc = RDi

√
V iS (6.3.9)

(e.g. EEC
pc = RDEC

√
V ECS, for the EC cortical agent). The first term seeks for

increased separability of place cells in the respective partial hippocampal area, the

second term supports the consistency of place cell firing, and the third maximizes the

success rate of the overall hippocampal model.

The hierarchical coevolutionary scheme utilized to design the model is illustrated

in Fig 6.17. Following the formulation introduced in eqs. (5.2.1),(5.2.2), the fitness
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functions which guide the hierarchical coevolutionary process are:

fCG1 = fCG1,t1 with fk
CG1,t1 = EEC

pc ,

fCG2 = fCG2,t1 with fk
CG2,t1 = EDG

pc ,

fCG3 = fCG3,t1 with fk
CG3,t1 = ECA3

pc ,

fCG4 = fCG4,t1 with fk
CG4,t1 = ECA1

pc ,

fCG5 = fCG5,t1 with fk
CG5,t1 = EEC

pc · EDG
pc · ECA3

pc · ECA1
pc

(6.3.10)

where k represents each membership of an individual in a proposed solution.

Evolutionary learning is performed following a two phase incremental procedure.

In the first phase (epochs 1-20) the robot is randomly moved to one of the P areas

every k simulation steps (k = 25 for the results illustrated here). Hippocampal

processing is then performed with a standing robot. This phase enforces the fast

consideration of environmental differences at various locations, by the first generations

of hippocampal substructures. In the second phase (all following epochs) the random

movement of the robot is stopped, and coevolutionary testing is performed with a

freely moving robot, by employing the navigation behavior described in section 6.3.1.

This phase additionally enforces the synchronization of the robot’s wheel speed, with

the change rate of activations at hippocampal neurons.

The results of place cell development at CA1 for the robot path of Fig 6.16 are

illustrated in Fig 6.18. Similar to biological place cells, neural activation is able

to specify environmental areas. We can easily observe that there is no spatial re-

lationship within the developed place cells, as it is suggested by biological studies

[208, 91]. Finally, it should be mentioned that place cells are also developed in the

rest hippocampal structures.

6.3.3 Modelling Lesion Effects

After the first two experiments, it is experimentally assessed that the proposed coevo-

lutionary agent based approach is able to design distributed structures, emphasizing
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Figure 6.18: Development of place cells at the CA1 agent for the environment areas
of Fig 6.16. Activation of cells is illustrated with levels of grey.

both the independent characteristics of partial components and their integrated op-

eration in the composite model. These features are particularly useful for the design

of complex, distributed systems, which aim at mimicking the operation of the brain.

In the current section, we investigate the ability of the proposed computational

framework to simulate the effects of lesioning partial brain structures3. Specifically,

the present experiment aims at modelling posterior parietal cortex (PPC) - prefrontal

cortex (PFC) - primary motor cortex (M1) - spinal cord (SC) interactions (Fig 6.19),

emphasizing on working memory (WM) usage. We note that the proposed model

does not aim to be a detailed replica of the biological prototype (e.g. premotor areas

are not represented).

Our study focuses on the distinct role of each partial area in the mammalian brain.

Several years of experimentation with biological organisms in delayed response (DR)

3The current work has been presented in [173].
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Figure 6.19: A schematic overview of the working memory computational model.

tasks, has shed light on their behavioral organization [109]. M1 encodes primitive

motor commands which are expressed to actions by means of SC. PPC-PFC recipro-

cal interaction operates in a higher level encoding WM [61], in order to develop plans

regarding future actions. PFC activation is then passed to M1 which modulates its

performance according to the higher level orders. As a result, all the above mentioned

structures cooperate for the accomplishment of a DR task by the organism. Several

experiments have also highlighted the performance of these structures in lesion con-

ditions. Specifically, PFC lesion affects planning ability of the organism, resulting in

reduced ability to move by purpose [236], while M1 lesion eliminates motion ability

of the organism [144].

Computational models regarding the structures under discussion have also been

presented in the literature. For example computational models of M1 have been de-

veloped in [5, 290], which however, do not emphasize the self-organized understanding

of environmental characteristics by the robot. Existing PFC computational models

emphasize WM activity by means of recurrent circuits [61, 134]. However, these mod-

els are not operative, in the sense that they are not linked to other structures to affect
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their performance. A computational model aiming at the accomplishment of mem-

ory guided tasks has been proposed in [190, 320], which however employs a compact

artificial neural network structure, without specific assumptions for the performance

of partial brain areas.

The present work employs the hierarchical cooperative coevolutionary approach

to model the areas under discussion. The experimental process aims at reproducing

a lesion scenario which is in agreement to the biological data presented above. The

composite computational model aims at the accomplishment of a DR task, devel-

oping a behavior similar to the one described in pre-lesion performance of animals

[109]. This is further supported by two partial behaviors. The first accounts for the

development of WM-like activation in PPC-PFC which are the brain structures most

closely linked to WM [61]. The second accounts for purposeless motion by M1 when

lesion occurs on the higher level structures [236]. Both partial and composite models

are embedded in the robotic platform to furnish it with cognitive abilities and prove

the validity of results. The employed scenario is properly adjusted to the needs of

robotic applications. Three tasks are designed to demonstrate the effectiveness of the

computational procedure and also highlight the role of each agent in the model.

Wall Avoidance. The first task accounts for primitive motion abilities without

purposeful planning. For mobile robots, a task with the above characteristics is wall

avoidance navigation. Thus, for the needs of the present study, M1-SC structures aim

at wall avoidance navigation. Similar to eq. (6.3.1), the successful accomplishment

of the task is evaluated by the function:

Ewa =

(∑
M

(sl + sr − 1) · (1.0− p2)

)
·
(
1− 2

M

∣∣∣∣∣
∑
M

sl − sr

sl · sr

∣∣∣∣∣

)3

·
(
1−2

√
B

M

)3

(6.3.11)

The robot is tested for M steps, sl, sr are the instant speeds of the left and right

wheel, p is the maximum instant activation of distance sensors, and B is the total

number of robot bumps. The first term seeks for forward movement far from the
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walls, the second supports straight movement without unreasonable spinning, and

the last term minimizes the number of robot bumps on the walls.

Working Memory. The development of working memory like performance spec-

ifies the second task. Working memory (WM) is the ability to store goal-related

information to guide forthcoming actions. In the present experiment, a light cue is

presented in the left or right side of the robot. WM performance aims at persistent

PFC activity, related each time to the respective side of light cue presentation.

Two different states l, r are defined associated to the left or right side of light

source appearance. For each state, separate activation-averages over the time of

M simulation steps, aj, are computed, with j identifying excitatory neurons of PFC

agent. The formation of WM related to the side of light cues is evaluated by measuring

the persistency of activation in PFC:

Ewm =
1

2

(
vl

ml

+
vr

mr

)
·min





∑

j,al
j>ar

j

(
al

j − ar
j

)
,
∑

j,ar
j>al

j

(
ar

j − al
j

)


 (6.3.12)

where ml, vl, mr, vr are the means and variances of average activation at the respective

states. The first term seeks for consistent PFC activation, and the second supports

the development of a distinct set of active neurons for each state.

Same-Side Response. Finally, the third task aims to combine the above behaviors

formulating a complex model. The successful interaction of all partial structures is

demonstrated by means of a DR task that in the present study will be named Same-

Side (SS) response task. Specifically, a light cue is presented on the left or right side

of the robot. The robot has to move at the end of a corridor memorizing the side

of sample cue appearance, and then make a choice related to 90o turn left or right,

depending on the side of light cue presence. Robot response is considered correct if

it turns to the side that the light source appeared.

A target location is defined on each side of the corridor depending on the position

of the initial light cue. The robot has to approximate the target location without
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Figure 6.20: A graphical illustration of the coevolutionary process employed to design
the working memory model.

crashing on the walls. The successful approximation to the target location is estimated

by:

G =

(
1 + 3.0 ∗ ·

(
1− d

D

))3

·
(

1− 2

√
B

M

)2

(6.3.13)

where d is the minimum Euclidian distance between the target and the robot, D

is the Euclidian distance between the target and the starting location of the robot,

and B is the total number of robot bumps. The accomplishment of the SS response

task is evaluated by means of two subtasks testing separately the right or left turn

of the robot for the respective positions of the light cue, employing each time the

appropriate target location:

Ess = Gl ·Gr (6.3.14)

We turn now to the design of the model by means of the HCCE process. In

accordance to the lesion experiment followed in the present study, each agent needs

to serve more than one task. This guides the classification of the respective PS species

into CG species, Fig 6.20. The tasks served by each group of agents are illustrated in

the same figure, at the right side of each CG. Specifically, the structures under CG1

are related to M1-SC interactions, and they need to serve both the wall avoidance and

the SS response task. The structures under CG2 are related to PFC and its afferent

and efferent projections, which need to serve working memory persistent activation,

and the same-side response task. The structures under CG3 are related to PPC and
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its afferent projections which have to support working memory activation only (CG2

structures are responsible for the proper formulation on working memory and its

projection to M1). Finally, a top level CG is employed to enforce cooperation within

partial configurations aiming to support the accomplishment of all three tasks.

The testing phase for the individuals of the coevolutionary scheme proceeds as

follows. The top-level species is sequentially accessed. Each individual of CG4,

guides cooperator selection among its lower level CG and PS species. Individuals

of PS species are decoded to detailed agent structures. The composite model is

tested on the accomplishment of SS response task. Next, PPC-PFC interaction is

isolated by deactivating the agents under CG1. The remaining structures are tested

on working memory task. Finally, CG1 agents are activated back, and now CG2

structures are deactivated to simulate PFC lesion. The remaining agents are tested

on the accomplishment of wall avoidance navigation.

The fitness functions which guide the evolution of species are designed accord-

ingly to support the accomplishment of the respective tasks. Individuals are assigned

a combination of evaluation indexes, for the accomplishment of tasks where the com-

posite model is performing, and the accomplishment of tasks with performance of the

eliminated model.

The agent structures grouped under CG1 serve the success of two tasks, namely

wall avoidance and same-side response. Thus, the fitness function employed for the

evolution of CG1 and its lower level species is based on the measures evaluating the

success of the respective tasks. Following the formulation introduced in eqs. (5.2.1),

(5.2.2):

fCG1 = fCG1,t1 · fCG1,t2 with

fk
CG1,t1 = Ewa, fk

CG1,t2 =
√

Ess

(6.3.15)

where k represents each membership of an individual in a proposed solution.
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Similarly, CG2 design aims to support both the accomplishment of working mem-

ory and same-side response tasks. Thus, the fitness function which guides the evolu-

tionary process is defined by means of the respective evaluation measures:

fCG2 = fCG2,t1 · fCG2,t2 with,

fk
CG2,t1 = Ewm

2, fk
CG2,t2 =

√
Ess

(6.3.16)

where k is as above.

The third group CG3, consists of PPC and all link agents projecting on it. These

structures need to serve only the development of working memory activation in PFC.

The fitness function employed for the evolution of CG3 is defined by:

fCG3 = fCG3,t1 with,

fk
CG3,t1 = Ewm

(6.3.17)

where k is as above.

Additionally, the top level evolutionary process CG4, enforces the integration of

partial configurations in a composite model, aiming at the successful accomplishment

of all the three tasks. Thus, the top level CG4 consists of all lower level CGs. The

fitness function employed for the evolution of CG4 supports the concurrent success

on wall avoidance task, working memory task, and same-side task. It is defined

accordingly, following the formulation introduced in eqs. (5.2.1), (5.2.2), by:

fCG4 = fCG4,t1 · fCG4,t2 · fCG4,t3 with,

fk
CG4,t1 =

√
Ewa, fk

CG4,t2 = Ewm
2, fk

CG4,t3 = Ess

(6.3.18)

where k is as above.

The exact formulation of the above fitness functions (eqs (6.3.15) - (6.3.18)) is a

result of a trial and error procedure. Following this approach, different species enforce

the accomplishment of each task with a different weight. For example, compared to

CG1, the fitness function which guides CG4 evolution, enforces more the relative

accomplishment of same-side response task than wall avoidance (see definitions of

fk
CG1,t1 - fk

CG1,t2 and fk
CG4,t1 - fk

CG4,t3).
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Figure 6.21: A sample result of robot performance, driven by M1-SC. The robot
moves in a purposeless mode without bumping into the walls.

Light Position 1 Light Position 2 

Figure 6.22: The average activation of 16 excitatory neurons at PFC, for each light
position. Dark activation values indicate that the cell remain active during all the
observed period, while light values indicate low activity in the same period. Evidently,
each side of light cue presence is encoded by a different activation pattern.

The coevolutionary process described above employed populations of 200 individ-

uals for all PS species, 300 individuals for CG1, CG2, CG3, and 400 individuals for

CG4. Additionally, an elitist evolutionary strategy was followed in each evolutionary

step with the 7 best individuals of each species, copied unchanged in the respective

new generation, supporting the robustness of the evolutionary process. As a result,

after 200 evolutionary epochs the process converged successfully and the coupling of

agent structures with completely different objectives (e.g. those under CG1 and those

under CG3) is achieved.

Sample results of robot performance on each task are illustrated in Figs 6.21,

6.22, 6.23. As indicated by the lesion scenario, M1-SC are able to drive the robot

in a purposeless manner, following a wall avoidance policy (Fig 6.21). At the same
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(a) (b)

Figure 6.23: A sample result of robot performance in the Same-Side delayed response
task, for (a) the left and (b) the right side of light cue presence. Goal positions are
illustrated with double circles.

time, PPC-PFC interactions are able to encode the side of light cue appearance and

memorize it for a brief future period (Fig 6.22). Moreover, the composite model

combines successfully the performance of partial structures to accomplish the delayed

response task SS (Fig 6.23). Consequently, the results observed by biological lesion

experiments related to the accomplishment of delayed response tasks, are successfully

replicated by the model. This is achieved by means of the powerful HCCE process,

which is able to consider and further specify the performance of the model in pre-

and post- lesion conditions.

6.3.4 Incremental Modelling

Large scale modelling of brain functionality is hard to accomplish by developing from

scratch a very complicated model. An alternative approach could be based on im-

plementing separate models of partial brain areas which are properly integrated in

gradually more complex ones. As a result, the ability to proceed by means of an

incremental approach, is a desirable feature for a successful design methodology that

aims at the development of brain-inspired artificial cognitive mechanisms.
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Figure 6.24: A schematic overview of the incremental coevolutionary design process.
Part (a) illustrates the process employed to design the model of M1-SC interaction,
part (b) illustrates the process designing the model of PPC-PFC interaction, and
part (c) illustrates the coevolutionary process which serves their integration, with
CG1 and CG2 not being evolved.

The computational framework proposed in the present study is formulated prop-

erly to support an incremental modelling process. Specifically, biological findings

regarding lesion studies, facilitate the specification of partial incremental steps. At

the same time, the agent-based representation of brain areas alleviates the decom-

position of the problem to small tractable tasks. The HCCE scheme can be utilized

to attain the design of partial brain models. Then, the results of partial processes

should be further combined to develop a global solution. Fortunately, the HCCE can

be utilized again to support the process of integration.

This incremental modelling approach is demonstrated by means of implementing

a new computational model of the brain areas illustrated in Fig 6.19. Specifically, two

hierarchical coevolutionary processes are performed independently, to design partial

models of M1-SC, and PPC-PFC interaction4. Each process is responsible to de-

sign the structures involved in the respective partial models (Fig 6.24). When both

processes are finished, a third coevolutionary scheme commences to design the inter-

mediate link structure which integrates the performance of the two partial models in

a composite one. In order to simplify the design procedure, the tasks and the fitness

measures discussed in section 6.3.3 are also employed in the current experiment.

Step 1. The first coevolutionary process aims at the accomplishment of the wall

4The current experiment has been presented in [172].
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Figure 6.25: A sample result of robot wall avoidance navigation.

avoidance navigation task, by M1-SC interactions. The hierarchical scheme coe-

volves five lower level species (Fig 6.24(a)). Populations of 200 individuals evolve

all subcomponent species, while a population of 300 individuals evolves the higher-

level cooperator selection process. The fitness function that guides the coevolutionary

process evaluates the success on wall avoidance navigation. Following the formulation

introduced in eq. (5.2.1), (5.2.2), the fitness function is defined by:

fCG1 = fCG1,t1 with fk
CG1,t1 = Ewa (6.3.19)

where k represents each membership of an individual in a proposed solution, and

Ewa is defined in eq. (6.3.11). After 70 epochs, the coevolutionary process converged

successfully, and the robot could be driven without bumping on the walls. A sample

result is illustrated in Fig 6.25.

Step 2. The second coevolutionary process aims at the accomplishment of working

memory task by PPC-PFC interactions (Fig 6.24(b)). Populations of 200 individuals

evolve all subcomponent species, while a population of 300 individuals evolves the

higher-level cooperator selection process. The employed fitness function evaluates

the success on T2 working memory task:

fCG2 = fCG2,t1 with fk
CG2,t1 = Ewm (6.3.20)
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Left Light Pos Right Light Pos

Figure 6.26: The average activation of 16 excitatory neurons at PFC. The dark
activation values indicate that the cell remain active during all the observed period,
while light values indicate low activity in the same period. It is clear that each side
of light cue presence is encoded in a different activation pattern.

where k is as above, and Ewm is defined in eq. (6.3.12). After 80 evolutionary epochs

we got many computational schemes able to simulate working memory performance.

A sample result is illustrated in Fig 6.26.

Step 3. The third coevolutionary process aims at the accomplishment of delayed

same-side (SS) response task by the composite model. The third hierarchical scheme

performs on the results of the previous two processes evolving additionally the link

agent L5 to support their connectivity (Fig 6.24(c)). The ten best individuals of

CG1 and CG2 species are used as indicative partial models to form a basis for the

construction of the global model. Thus, only two species need to be evolved. The

first species, consisting of 200 individuals, is evolved at the lower level encoding the

structure of L5 link agent. CG3 species is evolved at the higher level employing 300

individuals. The evolution of CG3 aims to choose one of the ten best individuals in

CG1, CG2 which are appropriately connected by an L5 individual to accomplish the

SS response task. The species of CG1 and CG2 are not evolved, and thus the ten

best individuals of CG1 and CG2 remain unchanged. The coevolutionary process

is driven by a fitness function equal to Ess, evaluating the success on T3 delayed

response task:

fCG3 = fCG3,t1 with fk
CG3,t1 = Ess (6.3.21)

where k is as above, and Ess is defined in eq. (6.3.14). After 40 evolutionary epochs we

got many computational schemes able to simulate memory guided behavioral response
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(a) (b)

Figure 6.27: A sample result of robot performance in the delayed response task, for
(a) the left and (b) the right side of light cue presence. PFC activation successfully
modulates M1 performance to drive the robot to the desired goal.

accomplishing successfully the same-side response task. A sample result is illustrated

in Fig 6.27.

At the end of the incremental design process, the model that simulates biological

lesion results of memory-guided behavioral response, is complete. First, the compos-

ite model accomplishes the delayed response task SS. Second, working memory-like

activation is observed in PFC, and third, deactivation of PFC eliminates purposeful

motion, resulting to wall avoidance navigation.

6.3.5 Integrating Partial Models

The previous experiment demonstrated that the agent-based coevolutionary frame-

work is able to design distributed partial structures following an incremental process.

In the present experiment we investigate if it is possible to follow a similar procedure,

integrating incrementally complex partial structures in order to formulate complex

brain-like models5. Along this line, the current process aims at modelling Parietal

- Prefrontal - Premotor - Primary Motor - Hippocampal interactions, emphasizing

5The current experiment has been presented in [176].
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on working memory (WM) usage. Particularly, we follow an incremental approach

to combine the processes described in sections 6.3.1 and 6.3.2 in order to design a

complex model of the above mentioned brain areas.

The model is illustrated in Fig 6.28. The connectivity of brain areas has been ex-

tracted from the detailed diagram presented in [62]. The organization of these areas is

similar to the one described in previous sections. Hippocampus processes spatial in-

formation to identify the current location of the organism. On the other side, Primary

Motor cortex (M1) encodes primitive motor commands which are expressed to actions

by means of Spinal Cord (SC). Prefrontal cortex (PFC) is reciprocally connected to

Posterior Parietal cortex (PPC) encoding working memory. Hippocampal activity

is projected on prefrontal (PFC) and premotor (PM) structures which combine lo-

calization and working memory information formulating plans of purposeful motion.

PM activation is then passed to M1 which modulates its performance accordingly in

order to execute higher level orders.

The composite model is formulated following three design steps. The structures

drawn in each step are demonstrated in Fig 6.28. The design procedure is similar to

the one described in the previous sections.

Step 1. First, the design of M1-SC structures aim at efficient wall avoidance nav-

igation, and they are modelled by means of a coevolutionary process illustrated in

Fig 6.29. The success of wall avoidance task is evaluated by the fitness measure Ewa

described in eq. (6.3.1). Following the formulation introduced in eqs.(5.2.1),(5.2.2),

the fitness function which guides the coevolutionary process is:

fCG1 = fCG1,t1 with fk
CG1,t1 = Ewa (6.3.22)

where k represents each membership of an individual in a proposed solution. A sample

result of robot wall avoidance motion is illustrated in Fig 6.30.

Step 2. In the next step, the hippocampal model is designed following the process
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Figure 6.28: A schematic overview of the composite cognitive model employed to
accomplish the delayed response task in the cross maze.

described in section 6.3.2. Our study on hippocampus is focused on the entorinal

cortex (EC), dentate gyrus (DG), and Amon’s horn structures CA3, CA1, aiming at

simulating place-cell activity. The Hippocampal model is evolved by the hierarchical

coevolutionary scheme illustrated in Fig 6.31. The process is joined with the ten best

individuals of CG1 (which are not evolved in the present step), in order to enforce

the synchronization of the robot’s wheel speed with the change rate of hippocampal

neurons.

The second task aims at successful localization by means of place cell development

in hippocampal structures. In order to test the development of place cells, we define

P = 8 areas in the environment (see Fig 6.30), where the activation of hippocampal
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Figure 6.29: Graphical representation of the process used to design M1-SC model.
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Figure 6.30: Solid line illustrates robot performance on wall avoidance navigation.
The big circle illustrates the range of the light source, while the 8 doted circles
illustrate the areas where place-cell development is considered.

excitatory neurons is observed. The successful development of place cell activity in

cortical agents evolved by CGi, i ∈ {2...6} are evaluated by the measures Ej
pc, j ∈

{EC,DG,CA3, CA1}, described in eq. (6.3.9). Following the formulation introduced

in eqs. (5.2.1),(5.2.2), the fitness functions which guide the hierarchical coevolutionary
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Figure 6.31: Graphical representation of the process used to design Hippocampal
model. CG1 (see Fig 6.29), is not evolved in the present coevolutionary process.
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Figure 6.32: The development of place-cells in CA1 module, with respect to the
locations defined in Fig 6.30.

process are:

fCG2 = fCG2,t1 with fk
CG2,t1 = EEC

pc ,

fCG3 = fCG3,t1 with fk
CG3,t1 = EDG

pc ,

fCG4 = fCG4,t1 with fk
CG4,t1 = ECA3

pc ,

fCG5 = fCG5,t1 with fk
CG5,t1 = ECA1

pc ,

fCG6 = fCG6,t1 with fk
CG6,t1 =EEC

pc · EDG
pc · ECA3

pc · ECA1
pc

(6.3.23)

where k is as above. The results of place cell development at CA1 are illustrated in

Fig 6.32.

Step 3. When the design of the Primary Motor and Hippocampal model is completed,

we turn to their integration. Specifically, a third coevolutionary scheme commences

to design premotor, prefrontal and parietal structures integrating the performance of
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Figure 6.33: The coevolutionary process utilized to integrate partial models.

the two partial models in a composite one (Fig 6.33). The scheme under CG6, is not

evolved. The ten best individuals of CG6 species are used as indicative hippocampal

- primary motor pairs, to form a basis for the construction of the global model.

The successful interaction of substructures is demonstrated by means of a Delayed

Matching to Sample (DMS) task. Similar to biological experiments with rats, we test

the performance of the model in a cross (+) maze, highlighting the development

and manipulation of working memory (WM), together with the utilization of a place

consideration strategy to solve the task.

Specifically, during the sample phase the robot starts from position s1 facing the

center of the maze. Then it drives along the corridor where it is appropriately driven

to turn in the west or east side of maze, by utilizing a Γ-shaped wall (see cases 1,4 of

Fig 6.34). Similar to the biological prototype, WM is encoded by the interactions of

PPC, PFC which has to store what was the side of robot turning. Two different states

w, e are defined associated with the two possible rotations. For each state, separate

activation averages, al, are computed, with l identifying excitatory neurons. The

formation of WM related to the side of sample turning is evaluated by considering
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activation in PFC, PPC structures:

Ej
wm= (

vw

mw

+
ve

me

) ·min{
l∑

aw
l >ae

l

(aw
l − ae

l ) ,

l∑
ae

l >aw
l

(ae
l − aw

l )} (6.3.24)

where j ∈ {PPC, PFC}, and mw, vw, me, ve are the mean and variance of average

activation at states w, e. The first term enforces consistent activation, while the

second supports the development of distinct activation patterns for each state w, e.

Thus, EPPC
wm and EPFC

wm evaluate the development of distinct memories relative to the

locations w and e, in PPC and PFC.

In contrast to the sample phase, during testing the robot is able to start either

from s1 or s2. The cross maze is transformed in a T-maze utilizing an extra wall

(see cases 2,3,5,6 of Fig 6.34), and the robot is allowed to act freely performing a

west or east turn. In order to have a correct response, the robot should turn to the

same side with the sample turning. We note that in order to reach w, the robot has

to turn right starting from point s1, while it has to turn left starting from s2. As a

result, the successful accomplishment of the task demands the manipulation of both

localization information developed in Hippocampus, and working memory stored in

prefrontal-parietal structures.

The success on DMS task is evaluated by means of two subtasks related to the

two starting positions s1, s2. Each subtask tests the responses of the robot related

to two different sample phases, in order to evaluate proper target reaching of w or

e. The first subtask concerns sample-test pairs 1-2 and 4-5 of Fig 6.34, while the

second subtask concerns pairs 1-3 and 4-6 of the same figure. Two distinct evaluation

measures are estimated Ej
dms, j ∈ {s1, s2}, one for each subtask:

Ej
dms =(1 + 2 (1−Dw))3 ·(1 + 2 (1−De))

3 ·
(

1−4
B

M

)2

(6.3.25)

where Da, Db ∈ [0, 1] are the distances between targets w, e and the robot, and B is

the total number of robot bumps. The first two terms enforce reaching of w, e, while
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Figure 6.34: The performance of the robot during DMS task.

the last term facilitates goal approximation without crashing on the walls. Thus,

Es1
dms and Es2

dms evaluate the success on DMS task when robot starts from s1 and s2

respectively.

Following eqs.(5.2.1),(5.2.2), the fitness functions which guide the hierarchical

process illustrated in Fig 6.33, are:

fCG7 = fCG7,t1 · fCG7,t2 with,

fk
CG7,t1 = EPPC

wm Es1
dms, fk

CG7,t2 = EPPC
wm Es2

dms

fCG8 = fCG8,t1 · fCG8,t2 with,

fk
CG8,t1 = EPFC

wm Es1
dms, fk

CG8,t2 = EPFC
wm Es2

dms

fCG9 = fCG9,t1 · fCG9,t2 with,

fk
CG9,t1 = Es1

dms, fk
CG9,t2 = Es2

dms

fCG10 = fCG9,t1 · fCG10,t2 with,

fk
CG10,t1 = Es1

dms, fk
CG10,t2 = Es2

dms

(6.3.26)

where k represents each membership of an individual in a proposed solution. Partial

fitness functions of fCG7, fCG8 aim at the development of working memory patterns

(i.e. EPPC
wm , EPFC

wm ) and the expression of the proper delayed responses from both

starting positions (i.e. Es1
dms, Es2

dms). In contrast, partial fitness functions of fCG9,

fCG10 focus only on manipulating working memory in order to accomplish the DMS
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task (i.e. Es1
dms, Es2

dms).

A sample result of robot performance in the DMS task is illustrated in Fig 6.34.

Solid lines (cases 1,4) illustrated sample robot motion, while the respective two dot-

ted lines (cases 2,3 and 5,6) illustrate robot response from two different starting

positions. It is obvious that localization and working memory information are suc-

cessfully considered to solve the task. Therefore, in the third step, a new complex

model is developed by combining existing substructures. Additionally, lower motor

structures (M1, SC) adapt their performance according to the higher level orders,

changing their functionality from wall avoidance, to goal reaching. As a result, the

design of complex brain-inspired structures is considerably facilitated by re-utilizing

simple structures in order to formulate gradually more complex ones.

Overall, the results presented in the last two sections illustrate the effectiveness

of the proposed computational framework in both the design and the integration of

brain inspired structures.

6.3.6 Design of Teachable Models

In the previous three sections, we demonstrated the development of computational

models which are able to accomplish delayed response tasks. This particular ability

of the models is provided built-in to the systems, by the hierarchical coevolutionary

design methodology. In other words, the design procedure specifies self-organization

dynamics with the built-in tendency to develop the desired behavior in real-time.

After performing additional tests with the models discussed in the previous sections

(not presented here), we found that the coevolutionary design mechanism could easily

generate computational structures which perform successfully on the complementary

versions of the respective delayed response tasks. However, in these unpublished

cases, the models were again furnished with a built-in tendency to develop at run
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time a new response strategy.

The question that now arises, is if the proposed computational framework is able

to design systems without a built-in tendency to develop a specific motion strategy,

but with the ability to chose it during life-time. Along this line, we are interested

in computational structures which are able to decide their motion strategy according

to a set of external reward signals, as it is also the case with animals. Consequently,

by following this approach, the human operator will be able to guide the mind of the

artificial organism accordingly. In other words, a teachable artificial cognitive system

will be designed.

The ability to simulate the training process of animals is very important for the

development of brain-inspired artificial cognitive systems, because it allows the com-

putational model to come one step closer to biological prototype. Specifically, similar

to the process followed in biological experiments, artificial organisms will be trained

to accomplish diverse tasks. Then simulated lesions will be performed in order to ex-

plore the performance of the organism in these new operating conditions. These tests

can be combined with the ability of the agent-based coevolutionary framework to con-

sider and further specify the functionality of the model in lesion conditions. Moreover,

existing data of biological lesion experiments can be exploited by the HCCE design

mechanism, in order to enforce the similarity of the computational model with the

brain of biological organisms, in both the cases of pre- and post- lesion operation.

Consequently, by following a modelling approach that addresses explicitly the train-

ing process, an enhanced version of biologically inspired models can potentially be

developed.

In the current study, we make a first attempt towards a rigorous method to design

teachable artificial cognitive systems which are trained to accomplish many different

tasks6. The computational structure highlights the roles of the brain areas involved

6The current experiment has been submitted for publication [169].
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Figure 6.35: A schematic overview of the teachable cognitive model.

in the process of training animals by means of external reinforcement stimuli. Specif-

ically we model the interactions of Primary Motor - Premotor - Prefrontal - Parietal

Cortex, emphasizing on their training to accomplish two complementary WM-based

tasks.

The connectivity of brain areas is illustrated in Fig 6.35. The performance of

these areas is similar to the one described in previous sections. Primary Motor cortex

(M1) encodes primitive motor commands which are expressed to actions by means

of Spinal Cord (SC). Prefrontal cortex (PFC) is reciprocally connected to Posterior

Parietal cortex (PPC) encoding working memory [61]. Prefrontal activity is projected

on Premotor cortex (PM) to formulate the orders which modulate M1 performance

according to the higher level plans, developing purposeful motion [109]. Additionally,

in the present experiment, the training process by means of appropriate reward stimuli

is considered. Prefrontal and Premotor areas receive information relevant to external

environmental reinforcement, in order to modulate the plans of future motion in the

desired way [197]. As a result, animals are able to develop very different strategies, e.g.

Delayed Matching to Sample (DMS), or Delayed Non-Matching to Sample (DNMS),

depending on the rewards provided.

Moreover, several experiments highlight the performance of these structures in
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lesion conditions. Specifically, lesioning at higher level structures affects learning of

the organism [197], resulting in significantly reduced levels of purposeful motion and

planning ability [122, 236].

The experimental process aims at reproducing a computational scenario replicat-

ing (i) the training process of animals for the accomplishment of delayed response

tasks in a T-maze, and (ii) the biological findings related to the effects of lesion

at higher level motor structures. Specifically, the composite computational model

should be able to be trained by an external factor, adopting either a DMS or a

DNMS strategy. This is similar to the pre-lesion performance of animals [236]. The

accomplishment of these delayed response tasks is supported by the development of

WM-like activation in PPC-PFC, which are the brain areas most closely linked to

WM [61]. Furthermore, when lesion occurs on the higher level structures, then the

robot is able to drive, but only in a purposeless mode, simulating reduced planing

ability of animals [122, 223].

The employed scenario, is properly adjusted to the needs of robotic applications.

Three tasks are designed to demonstrate the effectiveness of the computational pro-

cedure, highlighting the distinct role of each agent in the model, and their successful

cooperation in the composite system.

The first two tasks are related with teaching the robot to perform the right delayed

response, adopting either a DMS or a DNMS strategy. This process is standard in

biological experiments [223]. Since the training process is very similar for both tasks,

we will present in detail the experimental procedure followed for one of them, and

then we will discuss only the differences for the other.

DMS Strategy. Let us consider first the process of training the robot to adopt

the DMS response strategy. Overall, the process is separated to several trials. Each

trial includes two sample-response pairs, testing the memorization of two different

sample cues by the robot, and the selection of the appropriate delayed response. In
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the sample phase of the first pair the robot is driven to the left, while in the sample

phase of the second, it is driven to the right. This is achieved by utilizing an extra

wall properly placed, to force the robot to turn to a pre-specified direction (see partial

drawings in the first columns of Figs 6.38, 6.39).

In order to make the right delayed response, the robot should first develop WM-

like activity, encoding the side of turning during the sample phase. Similar to the

biological prototype, working memory is encoded by PPC, PFC interactions. Two

different states a, b are defined, associated with the two possible turning directions.

For each state, separate activation averages, pl, are computed, with l identifying

excitatory neurons. The formation of WM related to the side of sample turning, is

evaluated by considering activation in PFC, PPC structures:

Ej
wm=

(
va

ma

+
vb

mb

)
·min





l∑

pa
l >pb

l

(
pa

l − pb
l

)
,

l∑

pb
l >pa

l

(
pb

l − pa
l

)


 (6.3.27)

where j ∈ {PPC, PFC}, and ma, va, mb, vb are the means and variances of average

activation at states a, b. The first term enforces consistent activation, while the

second supports the development of separate activation patterns for each state a, b.

Thus, EPPC
wm and EPFC

wm evaluate the development of distinct memories relative to the

locations a and b, in PPC and PFC.

After encoding the distinct sample cues in WM, the robot should manipulate it

properly in order to accomplish delayed response tasks. During the response phase an

external human factor specifies a reward area in the left or right side of the T-maze,

based on the sample cue. If the robot drives to this area, it receives a reinforcement

signal, simulating the positive reward of animals with food or water. The presence or

non-presence of the reinforcement signal should be considered by the robot in order

to realize what is the correct strategy (either DMS or DNMS) it should adopt in the

future trials.

During the response phase of the experimental process, the extra wall is removed,
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and the robot is transferred back to the starting position. Then it is allowed to

act freely driving to the end of the corridor where it has to make either a left or a

right turn choice. In the DMS training process, the response is considered correct

if the robot turns to the same side with the sample turning. In the case of correct

choice, the robot drives to the area of the reward stimulus, where it receives positive

reinforcement.

The accomplishment of the DMS is tested for T trials. We remind that for each

trial, two different responses are considered, each one related to either the left or

the right sample cues. The success of the training process can be evaluated based

on the total positive reinforcement that the robot has received. This is described

computationally by:

Etr =

( ∑

T,left

∑
M

r

)( ∑

T,right

∑
M

r

)(
1−

√
B

2 · T ·M

)3

(6.3.28)

where M are the number of simulation steps of the response phases for each one of

the T trials, r is the maximum instant activation of the reward sensors, and B is

the total number of robot bumps. The first term seeks for maximum reward stimuli

when the correct response of the robot is considered the left side, while the second

seeks for maximum reward when the correct response is the right side. The last

term minimizes the number of robot bumps on the walls. The higher the reward the

robot has received, the more successful was the reinforcement training process. In

other words, high values of Etr measure indicate successful cooperation among partial

modules related to WM encoding, learning, and motion expression.

DNMS Strategy. Having described the criteria of successful adoption of the DMS

strategy, we turn to the DNMS training. The computational structure is re-initialized,

and we test if the same cognitive system is able to adopt successfully the strategy

relative to the DNMS task, by means of a different set of reward stimuli.

During the DNMS tasks, the experimental process is again separated in T trials.
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The process is very similar to the one described for DMS. Each trial includes again two

sample-response pairs, but this time, the reward stimulus is located to the side that is

different than the sample turning (i.e. if the extra wall forces the the robot to turn left,

then, during the response phase the reward is located to the right, and vice versa). The

robot should again encode the side of sample turning in different activation patterns

of working memory, and then consider the location of the reinforcement signals in

order to adopt the correct sample-response mapping. The measures evaluating the

adoption of the DNMS strategy by the robot, are the same with those described in

eqs. (6.3.27), (6.3.28).

Particularly, two sets of evaluation measures {Ej
wm,dms, Etr,dms} and {Ej

wm,dnms,

Etr,dnms} are utilized, related to working memory encoding and correct delayed re-

sponse, for either the DMS or the DNMS task. Similar to the training process of

animals, the human designer enforces the robot to develop the correct strategy, by

locating properly the reward signals. For both tasks, several trials (pairs of sample-

response) are performed, and the robot should progressively realize what is the correct

strategy. In the first trials the robot does not know if the testing procedure is re-

lated to one task or the other, and it performs a random turning response. In order

to conclude what is the correct strategy that the robot should follow (either DMS,

or DNMS), the composite cognitive system has to consider (i) what was the sample

motion encoded in working memory, compared to the delayed response that it has

chosen, and (ii) if it has received reward stimuli or not. After some explorative trials,

the robot should be able to conclude what is the correct strategy it should adopt.

Additionally, regarding the operation of partial structures, after some trails they will

be able to coordinate their activities in order to drive the robot in the appropriate

mode.

Lesion Effect - Wall Avoidance Strategy. The third task is relevant to the

lesion of higher level motor structures, implying that the robot is not teachable any
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Figure 6.36: A schematic overview of the Hierarchical Cooperative CoEvolutionary
process employed to design the teachable cognitive model.

more [197]. Thus, this task accounts for primitive motion abilities without purposeful

planning. For mobile robots, a task with the above characteristics is wall avoidance

navigation. The successful accomplishment of the task is evaluated by the function:

Ewa =

(∑
M

(sl + sr − 1)(1.0− p2)

)(
1− 2

M

∣∣∣∣∣
∑
M

sl − sr

sl · sr

∣∣∣∣∣

)3(
1− 2

√
B

M

)3

(6.3.29)

where we assume that the robot is tested for M steps, sl, sr are the instant speeds of

the left and right wheel, p is the maximum instant activation of distance sensors, and

B is the total number of robot bumps. The first term seeks for forward movement

far from the walls, the second supports straight movement without unreasonable

spinning, and the last term minimizes the number of robot bumps on the walls.

Coevolutionary Modelling. We turn now to the design of the model illustrated in

Fig 6.35, by means of the proposed HCCE scheme. The hierarchical process which is

employed to accomplish this task is shown in Fig 6.36. According to the experimental

scenario followed in the present study, each agent needs to serve more than one task.

The tasks served by each group of agents are illustrated in the same figure, at the right

side of each CG. Specifically, the structures under CG1, CG2, CG3 are related to the
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delayed response training process for the accomplishment of either the DMS, or DNMS

task. The structures under CG4 need also to serve these tasks, but additionally, in

the case of lesion at higher level structures, they should be able to drive the robot

in a wall avoidance mode. Finally, the top level CG5, enforces cooperation within

partial configurations aiming to support the accomplishment of all the three tasks.

The testing phase for the individuals of the coevolutionary scheme proceeds as

follows. The top-level species is sequentially accessed. Each individual of CG5,

guides cooperator selection among its lower level CG and PS species. Individuals

of PS species are decoded to detailed agent structures. First, we test the ability of

the composite model to adopt the DMS strategy, and its components are evaluated

with respect to their support for this task. Then, the model is re-initialized, and we

test its ability to adopt the DNMS strategy. Next, a simulated lesion is performed,

by deactivating the agents under CG2, CG3. The remaining structures are tested

with respect to purposeless navigation of the robot, which is here represented by wall

avoidance navigation.

The fitness functions which guide the evolution of species are designed accord-

ingly, to support the accomplishment of the respective tasks. Individuals are assigned

a combination of evaluation indexes for the accomplishment of tasks where the com-

posite model is performing, and the accomplishment of tasks with performance of the

eliminated model. It is reminded that all PSs share the same fitness functions with

their higher level CG.

According to the employed scenario, the agent structures grouped under CG1

serve the success on the tasks DMS, DNMS. Thus, the fitness function employed for

the evolution of CG1 and its lower level species, is based on measures evaluating the

success of the respective tasks. Following the formulation introduced in eqs. (5.2.1),
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(5.2.2):

fCG1 = fCG1,t1 · fCG1,t2 with

fk
CG1,t1 = EPPC

wm,dms · (1 + Etr,dms), fk
CG1,t2 = EPPC

wm,dnms · (1 + Etr,dnms)
(6.3.30)

where k represents each membership of an individual in a proposed solution. We

note that the evaluation measures employed for the evolution of CG1 are formulated

in a subjective manner, examining those aspects of the tasks which are relevant to

PPC. Particularly, partial fitness functions of fCG1 aim at the development of working

memory patterns (i.e. EPPC
wm,dms, EPPC

wm,dnms) and their proper manipulation, expressing

the right delayed response (i.e. Etr,dms, Etr,dnms).

The agent structures grouped under CG2 serve also the success on tasks DMS,

DNMS. Thus, according to the formulation of eqs. (5.2.1), (5.2.2), the fitness function

employed for the evolution of CG2 is:

fCG2 = fCG2,t1 · fCG2,t2 with

fk
CG2,t1 = EPFC

wm,dms · (1 + Etr,dms), fk
CG2,t2 = EPFC

wm,dnms · (1 + Etr,dnms)
(6.3.31)

where k represents each membership of an individual in a proposed solution. We

note again the subjective evaluation of the tasks, which now aims at the development

of working memory patterns at PFC (i.e. EPFC
wm,dms, EPFC

wm,dnms), and their successful

manipulation (i.e. Etr,dms, Etr,dnms).

The agent structures grouped under CG3 serve also the success on DMS, DNMS

tasks. However, this time, only the manipulation of working memory is considered,

since Premotor area is not involved in WM development. Thus, the fitness function

employed for the evolution of CG3 is:

fCG3 = fCG3,t1 · fCG3,t2 with

fk
CG3,t1 = Etr,dms, fk

CG3,t2 = Etr,dnms

(6.3.32)

where k represents each membership of an individual in a proposed solution.

Furthermore, according to the lesion scenario, the agent structures grouped under

CG4 serve the success on the tasks DMS, DNMS, Wall Avoidance. Thus, the fitness



CHAPTER 6. RESULTS 160

function employed for the evolution of CG4 and its lower level species is based on the

measures evaluating the success of the respective tasks. Following the formulation

introduced in eqs. (5.2.1), (5.2.2):

fCG4 = fCG4,t1 · fCG4,t2 · fCG4,t3 with

fk
CG4,t1 = Etr,dms, fk

CG4,t2 = Etr,dnms, fk
CG4,t3 = Ewa

(6.3.33)

where k is as above.

Finally, the top level CG enforces the integration of partial configurations in a

composite model, aiming at the successful cooperation of substructures in order to

facilitate the accomplishment of all three tasks. The fitness function employed for

the evolution of CG5 supports successful DMS training, successful DNMS training,

and wall avoidance. It is defined accordingly, following the formulation introduced in

eqs. (5.2.1), (5.2.2), by:

fCG5 = fCG5,t1 · fCG5,t2 · fCG5,t3 with,

fk
CG5,t1 = EPPC

wm,dms · EPFC
wm,dms · (1 + Etr,dms),

fk
CG5,t2 = EPPC

wm,dnms · EPFC
wm,dnms · (1 + Etr,dnms),

fk
CG5,t3 = Ewa

(6.3.34)

where k is as above.

The hierarchical coevolutionary process described above employed populations

of 200 individuals for all PS species, 300 individuals for CG1, CG2, CG3, CG4,

and 400 individuals for CG5. Additionally, an elitist evolutionary strategy was fol-

lowed in each evolutionary step, with the 10 best individuals of each species copied

unchanged in the respective new generation, supporting the robustness of the evo-

lutionary process. As a result, after 200 evolutionary epochs the process converged

successfully, and the cooperation of agent structures with different objectives (e.g.

those under CG1 and those under CG4) is achieved.

Specifically, PPC-PFC interactions are able to encode the distinct sides of sample

turning and memorize them for a brief future period, as it is illustrated in Fig 6.37.
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Figure 6.37: The average activation of excitatory neurons at PFC. The dark activation
values indicate that the cell remains active during all the observed period, while light
values indicate low activity in the same period. It is clear that different working
memory patterns are formulated, encoding successfully each side of robot turning.
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Figure 6.38: A sample result of robot performance in the DMS task. The first column
illustrates sample cues. The rest columns (2-6) demonstrate the response of the robot
in consecutive trials. Snapshots in the first line illustrate robot responses when sample
cue is turn left, while the second line illustrates robot responses when sample cue is
turn right.
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Figure 6.39: A sample result of robot performance in the DNMS task. The first
column illustrates sample cues. The rest columns (2-6) demonstrate the response of
the robot in consecutive trials. Snapshots in the first line illustrate robot responses
when sample cue is turn left, while the second line illustrates robot responses when
sample cue is turn right.
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Figure 6.40: Sample results of robot performance driven by M1-SC. The robot moves
in a wall avoidance mode, without following a purposeful motion strategy.

Sample results of robot performance during the two different training procedures on

DMS and DNMS tasks are illustrated in Figs 6.38, 6.39. In both cases, the response of

the robot in the first trial (column 2) is incorrect. However, in the second trial (column

3), the robot tries another strategy which is successful, and thus it is continued for

the remaining trials. We note that in each trial, the robot is able to consider the

presence or non/presence of the reward stimulus for about 30 simulation steps. Thus,

it is able to adjust the synaptic weights of PFC and PM cortical agents, adopting the

correct motion strategy.

In the case of lesion the components which are responsible for learning are deac-

tivated, and thus the robot is not teachable any more. However the system does not

completely collapse, but remains functional in a certain level of performance. As a

result, the robot is still able to move, but making nearly random turn choices, guided

by the wall avoidance strategy (Fig 6.40).

Consequently, the model replicates successfully the results observed by biolog-

ical lesion experiments relative to the accomplishment of delayed response tasks.

Particularly, the model is designed to accomplish three different tasks, exhibiting

a biologically realistic performance in the case of pre- and post- lesion conditions.

Partial structures exploit their self-organization dynamics to adapt on one another

facilitating their cooperation, in order to formulate a composite, unified, distributed

system. This is achieved by means of the powerful HCCE process which supports the

design of biologically-inspired cognitive systems, considering both the individual and

cooperative characteristics of substructures.
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6.3.7 Partial Model Re-design

Having accomplished to develop reinforcement learning skills by utilizing computa-

tional structures with Hebbian self-organized dynamics, we would like to test if it

is possible to enrich existing models with similar learning capabilities. The last ex-

periment of the current study, investigates the possibility of partially re-designing

existing computational structures in order to furnish them with the ability to learn a

behavior, using external reward stimuli7.

Specifically, we work on the model described in section 6.3.3, regarding the ac-

complishment of the Same-Side delayed response task. In short, in our previous

experiment, a light cue is presented on the left or right side of the robot, which has to

memorize the side of light cue appearance, in order to make the correct choice, related

to 90o turning, left or right. According to the Same-Side (SS) response strategy, the

robot should turn left if the light cue appeared at its left side, and it should turn

right if the light source appeared at its right side. The HCCE design process draws

successfully cognitive computational structures with the inborn ability to develop the

SS response strategy.

A different response strategy can also be defined named Opposite-Side (OS), which

implies that the robot should turn left if the light cue appeared at its right side, and

it should turn right if the light source appeared at its left side. We have performed

experiments similar with those described in section 6.3.3, which shown that compu-

tational models with the inborn tendency to develop the OS strategy can also be

designed. Thus, the question that now arises, is if we can design a single computa-

tional system that is able to adopt either the SS or the OS strategy during life-time,

according to a set of environmental reward signals.

The present experiment aims at extending the results of section 6.3.3, in order

to design a teachable model which is able to chose its response strategy at run time,

7The current work has been presented in [177].
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Figure 6.41: A schematic demonstration of the extended computational model (com-
pare with Fig 6.19).

based on a reinforcement training process. The new, extended model is illustrated in

Fig 6.41. In order to facilitate the design procedure, we avoid designing the composite

model from scratch. Thus, we would like to re-utilize as much existing components

as possible from the model of section 6.3.3. Particularly, the current experimental

process aims at keeping in their original formulation those partial structures which

are less involved in the learning procedure (namely, Posterior Parietal cortex (PPC),

Primary Motor cortex (M1), and Spinal Cord (SC)). According to the discussion pre-

sented in the reinforcement learning experiment of the previous section, the biological

structures mostly involved in the learning process are Prefrontal and Premotor cor-

tices (PFC,PM). Since there was no PM module in the model of section 6.3.3 (see

Fig 6.19), the computational structure is extended here, adding also a cortical agent

representing Premotor cortex (PM). Both PFC and PM modules receive information

related to the reward stimuli. An amplifier module (AmpR) is utilized to strengthen

the reward information, in order to be more easily considered by PFC and PM struc-

tures (the exact role of the amplifier is discussed below).
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Figure 6.42: An overview of the extended Hierarchical Cooperative CoEvolutionary
process employed to design the composite computational model.

The hierarchical coevolutionary process that re-designs and extends the compu-

tational model is illustrated in Fig 6.42, and it is also an extension of the process

illustrated in Fig 6.20. The species below CG1 and CG3 are not depicted in this

figure, in order to demonstrate that we keep their original structure formulated by

the experiment described in section 6.3.3 and they are not evolved in the current

coevolutionary design procedure.

Opposite-Side Strategy. Let us consider first the teaching ability of the robot to

adopt the OS response strategy. The training process of the robot is separated to

several trials. Each trial includes two sample-response pairs, testing the memorization

of two different sample cues by the robot, and the selection of the appropriate delayed

response in each case. Particularly, in the sample phase of the first pair, the light

cue appears to the left side of the robot, while in the sample phase of the second

pair, it appears to the right side. During the response phase, the robot is allowed to

move freely, driving to the end of the corridor where it has to make a turn choice.

An external human factor specifies a reward area in the left or right side of the maze,

based to the side of the sample cue, and the strategy that the robot should develop.

In the OS training process, the response is considered correct, if the robot turns to

opposite side of light cue appearance. In the case that the robot makes the correct

choice, it drives to the reward area receiving a reward that simulates the positive

reinforcement of animals with food or water.
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The accomplishment of the OS task is tested for T trials. It should be noted that

for each trial, two different responses are considered, each one related to either the

left or the right side of light cue appearance. The success of the training process is

evaluated by the total positive reinforcement signal that the robot has received. This

is similar to eq. (6.3.28), and it is described by:

Etr =

( ∑

T,left

∑
M

r

)( ∑

T,right

∑
M

r

)(
1−

√
B

2 · T ·M

)3

(6.3.35)

The first term seeks for maximum reward stimuli when the correct response of the

robot is considered the left side, while the second seeks for maximum reward when

the correct response is the right side. The higher the reward the robot has received,

the more successful was the reinforcement training process. The last term minimizes

the number of robot bumps on the walls.

In order to facilitate the convergence of the coevolutionary design procedure, we

utilize additional criteria which highlight the role of PFC, PM and AmpR structures in

the composite model. Particularly, one criterion highlights the development of WM-

like activation patterns on PFC. Two different states a, b are defined, associated with

the two possible sides of light source appearance. For each state, separate activation

averages, pl, are computed, with l identifying PFC excitatory neurons. The formation

of WM patterns is evaluated by :

Ewm=
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+
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)
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and ma, va, mb, vb are the means and variances of average activation at states a, b. The

first term enforces consistent activation, while the second supports the development

of separate activation patterns for each state a, b.

Another criterion addresses the development of different activation patterns in

PM structure. They are related to the different higher level motion commands that
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should be passed to M1. Two different states r, l are defined, associated with the

commands of right or left turning. For each state, separate activation averages, pk,

are computed, with k identifying PM excitatory neurons. The successful development

of distinct activation patterns for the right and left turning is measured by:

Ec=

(
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+
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ml

)
·min




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

 (6.3.37)

and mr, vr, ml, vl are the means and variances of average activation at states r, l.

The formulation of the measure is similar to eq (6.3.36).

Finally, an additional criterion highlights the development of different patterns

on the AmpR structure, related to the two possible types of the reward signal. Two

different states x, y are defined, associated with the right or left reward location. For

each state, separate activation averages, pt, are computed, with t identifying AmpR

excitatory neurons. This is described by:

Er=
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)
·min
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

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and mx, vx, my, vy are the means and variances of average activation at states x, y.

Partial terms of the measure are similar to eq (6.3.36).

Same-Side Strategy. Just after testing the performance of the robot on learning

the OS tasks, the computational structure is re-initialized, and we test if it is able

to adopt the SS response strategy, by means of a different set of reward stimuli.

The process is very similar to the one described for OS training, and it is again

separated to T trials. Particularly, each trial includes two sample-response pairs, but

this time, due to the SS strategy the reward stimulus is located to the same side that

the light cue sample appeared. The robot should again manipulate the information

encoded in working memory, and the location of reinforcement signals in order to

adopt the correct sample-response mapping. The measure evaluating the adoption
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of the SS strategy by the robot is the same with the one described in eq. (6.3.35).

Furthermore, additional evaluation measures similar to those described in eqs (6.3.36),

(6.3.37), (6.3.38) highlight the roles of PFC, PM, AmpR structures in the composite

model. Overall, we employ two different sets of measures, namely Ewm,os, Ec,os, Er,os,

Etr,os and Ewm,ss, Ec,ss, Er,ss, Etr,ss evaluating the ability of the robot to adopt either

the OS or the SS strategy during the reward-based training process, and the distinct

role of substructures in the composite model.

Coevolutionary Modelling. We turn now to the design of the model by means of

the proposed HCCE scheme. The hierarchical process which is employed to accom-

plish this task is shown in Fig 6.42. According to the experimental scenario followed

in the present study, each agent needs to serve both the adoption of the OS and

the SS response strategies during separate training processes. Specifically, the fitness

function employed for the evolution of CG2 and its lower level species, is based on

measures evaluating the success of OS and SS learning procedure, and the develop-

ment of WM activity in PFC. Following the formulation introduced in eqs. (5.2.1),

(5.2.2):

fCG2 = fCG2,t1 · fCG2,t2 with

fk
CG2,t1 = Ewm,os · Etr,os, fk

CG2,t2 = Ewm,ss · Etr,ss

(6.3.39)

where k represents each membership of an individual in a proposed solution.

The agent structures grouped under CG4 serve also the success on OS, SS learning

procedures and the development of the appropriate higher level motion commands on

PM. Thus, the fitness function employed for the evolution of CG4 is:

fCG4 = fCG4,t1 · fCG4,t2 with

fk
CG4,t1 = Ec,os · Etr,os, fk

CG4,t2 = Ec,ss · Etr,ss

(6.3.40)

where k is as above.

The agent structures grouped under CG5 support OS, SS learning and the devel-

opment of different reward patterns on AmpR. Thus, the fitness function employed
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for the evolution of CG5 is:

fCG5 = fCG5,t1 · fCG5,t2 with

fk
CG5,t1 = Er,os · Etr,os, fk

CG5,t2 = Er,ss · Etr,ss

(6.3.41)

where k is as above.

Finally, the top level CG enforces the integration of partial configurations in a

composite model, aiming at the successful cooperation of substructures in order to

facilitate the accomplishment of both learning processes, and additionally highlighting

the role of each cortical agent in the composite model. The fitness function employed

for the evolution of CG6 is defined accordingly, following the formulation introduced

in eqs. (5.2.1), (5.2.2), by:

fCG6 = fCG6,t1 · fCG6,t2 with

fk
CG6,t1 = Etr,os ·

√
Ewm,os · Ec,os · Er,os,

fk
CG6,t2 = Etr,ss ·

√
Ewm,ss · Ec,ss · Er,ss

(6.3.42)

where k is as above.

The hierarchical coevolutionary process described above employed populations of

200 individuals for all PS species, 300 individuals for CG2, CG4, CG5, and 400

individuals for CG6. Additionally, an elitist evolutionary strategy was followed in

each evolutionary step, with the 7 best individuals of each species copied unchanged in

the respective new generation, supporting the robustness of the evolutionary process.

After 70 evolutionary epochs the process converged successfully.

Sample results of robot performance during the two different training procedures

on adopting the OS and SS strategies are illustrated in Figs 6.43, 6.44. In both cases,

the response of the robot in the first two trials (columns 2,3) are incorrect. However,

in the third trial (column 4), the robot tries another strategy which is successful, and

thus it is continued for all the remaining trials. As a result, the HCCE process is able

to re-design partly the computational structure described in section 6.3.3, formulating
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Figure 6.43: A sample result of robot performance in the Same-Side response task.
The first column illustrates sample cues. The rest columns (2-7) demonstrate the
response of the robot in consecutive trials. Snapshots in the first line illustrate robot
responses when light sample cue appears to the right, while the second line illustrates
robot responses when light sample appears to the left.
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Figure 6.44: A sample result of robot performance in the Opposite-Side response
task. The first column illustrates sample cues. The rest columns (2-7) demonstrate
the response of the robot in consecutive trials. Snapshots in the first line illustrate
robot responses when light sample cue appears to the right, while the second line
illustrates robot responses when light sample appears to the left.
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an enhanced model that is enriched with the ability to consider reinforcement signals

in order to adopt different delayed response strategies.

Additionally, we remind that the effects of lesion described in section 6.3.3, with

the robot being able to drive in a wall avoidance mode, remain also valid in the

current case. This is because the computational structures representing the lower

levels of the motor hierarchy, remain the same to the ones described in our previous

experiment.

We have also performed experiments without the reward amplifier (AmpR), where

the reward sensors projected environmental information directly on the prefrontal

and premotor structures. These experiments were unable to make the robot learn

the two different response strategies. This can be explained by the existence of only

eight reward sensors, which implies that only eight axons with reward information is

projected on PFC. Thus, the volume of the reward information on PFC is relatively

small compared to the information projected by PPC. However, after utilizing the

reward amplifier module, the volume of reward information is strengthened and can

be more easily considered by the cortical agents involved in the learning process, in

order to teach the robot effectively. Regarding its relevance to the brain prototype,

this model could represent Ventral Tagmental Area (VTA) that guides learning in

neocortex [144].

Overall, the present experimental procedure demonstrates the power of the HCCE-

based design mechanism to redesign partly an existing computational structure in

order to enhance its functionality. The same results demonstrate also that the distrib-

uted design mechanism is particularly appropriate to enforce the cooperation among

new and preexisting components. As a result, HCCE can be consistently employed

to facilitate the success of complex, long-term design procedures.
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6.4 Computational Issues

Similar to the majority of evolutionary applications, all HCCE-based design proce-

dures described in the present chapter are performed off-line. The coevolutionary

processes described above are very demanding in terms of computational resources.

This is because (i) the higher the number of the employed cortical and link agents

in the computational model, the more the computational resources spent in a single

simulation step, (ii) the individuals considered in each epoch are tested on the accom-

plishment of many different tasks, implying that many simulation steps have to be

performed for their evaluation, and (iii) the interactions among different species, each

one having different objectives, increases the number of evolutionary epochs that are

necessary for the convergence of the complete coevolutionary scheme. Overall, the

experimentation with complex hierarchical coevolutionary processes can be very time

consuming even if they are performed on the simulator rather than the real robot.

In order to speed-up the experimental process, the Message Passing Interface

(MPI) [196] programming environment is employed, distributing the inevitable com-

putational burden in a set of different workstations. In the experiments discussed in

section 6.38, a Master-Slave architecture is followed. Specifically, during each evolu-

tionary epoch, the master workstation, submits individuals to slaves. Then, slaves

decode individuals in order to evaluate their performance according to the set up of

the investigated problem. The results of the evaluation are sent back to the master

workstation, which then submits a new set of individuals to slaves. When all the

individuals of the current population have been evaluated, an evolutionary step is

performed on the master workstation, formulating the new generation of partial pop-

ulations. Then, the same process is repeated again, with the master submitting a

subset of the new individuals to slaves in order to evaluate their performance, and so

8The experiments described in section 6.2 have been performed on a single, reserved workstation,
in order to have a fair comparison among different evolutionary methods.
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on.

On average, in the experiments described above, we have utilized four to six work-

stations (one serving as master). Still, due to the increased computational demands

of the experiments, some of the HCCE processes described in the previous sections

required more than 12 hours to converge.

6.5 Discussion

The results presented in the current chapter, aim at the assessment of the agent-based

coevolutionary framework on the design of brain-inspired cognitive systems. First, the

internal dynamics of the Hierarchical Cooperative CoEvolutionary (HCCE) scheme

have been investigated. Specifically, we presented statistical data regarding the con-

vergence of the optimization mechanism that is employed as an automated tool to fa-

cilitate the design of cognitive structures. It has been shown that HCCE outperforms

other evolutionary methods, namely Enforced SubPopulations, and the ordinary uni-

modal evolution, when addressing difficult problems aiming to design complex sys-

tems consisting of many partial components. Furthermore, the Replication operator

has been shown to be very effective, balancing adequately exploration/exploitation

dynamics of complex coevolutionary schemes.

Then, we tested the proposed agent-based coevolutionary approach on the de-

sign of several biologically inspired cognitive systems. Instead of concentrating on

the development of a particular partial model of brain areas, our study investigated

the dynamics and design facilities of the proposed computational framework. Thus,

the proposed computational framework is applied on a set of problems, each one

highlighting different features of the design methodology.

According to the results demonstrated in the current chapter we can state that, the
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proposed computational framework can be employed as a consistent design method-

ology that supports the development of biologically inspired artificial cognitive mech-

anisms.

Specifically, it has been demonstrated that the agent-based coevolutionary frame-

work is able to formulate partial models, integrate them in gradually larger struc-

tures, and partially re-design them in order to formulate computational systems with

advanced cognitive abilities. Furthermore, the proposed framework facilitates the

modelling of the training process of animals, and additionally the modelling of lesion

effects observed on their performance. These particular features provide a consis-

tent method to enforce the similarity of the implemented computational models with

the biological prototype. Thus, we are able to proceed systematically towards the

development of composite brain-like structures. This is because in each step of the

modelling process, many biological findings are amenable to be reproduced compu-

tationally, validating the efficacy of the current result. Consequently, a solid base

will be available for further extensions. Fortunately, the process of extending the

model by integrating on it additional components, is also supported by the proposed

computational framework.

Moreover, the results presented in the current chapter highlight the suitability

of both the agent-based modelling, and the HCCE design mechanism, to serve the

needs of designing brain-inspired computational systems. Particularly, the agent-

based modelling supports the decomposition of the problem in smaller tasks, em-

phasizing on the autonomous role of partial structures. The inherent plasticity of

agents facilitates the adaptivity of the model in different operating conditions. As a

result, the model self-adapts in order to be functional when partial components are

either added or deactivated. At the same time, the HCCE-based design mechanism is

able to consider the performance of the model in diverse operating modes, to assign

distinct roles to substructures, and additionally to enforce the cooperation among
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agents, facilitating the integration of partial models in a composite structure. Over-

all, the agent-based modelling and the HCCE design mechanisms match adequately

to each other, mainly due to the distributed architecture they both follow.

Despite the successful accomplishment of the design problems discussed in the

present chapter, we note that the current computational structures have been im-

plemented in order to support robotic applications, and do not aim at the detailed

modelling of mammalian brain areas. Additional constraints should be integrated in

the models, in order to increase their biological reliability. This is in accordance to

the HCCE -based design mechanism, because it is able to consider very easily many

different design objectives, and additionally it is able to evolve any desirable compu-

tational model of partial structures. Consequently, the proposed design methodology

can be potentially employed in the future, to design large-scale, detailed models of

the mammalian brain.
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Chapter 7

Conclusions

To conclude this thesis, we will review the work presented, we will highlight its main

contributions, and we will point out possible directions for future research.

7.1 Summary

The present thesis addresses the problem of developing cognitive computational struc-

tures which are embedded in robotic platforms, in order to provide artifacts with cog-

nitive abilities. The design of the cognitive computational system takes inspiration

from the organization of the brain, aiming at the long term to achieve the cognitive

abilities of animals. Even if the biological prototype is not a panacea in approaching

robotic problems, it is clearly one of the most advanced functional systems existing

today that integrates subsystems of cognitive, behavioral, motivational (emotional),

perceptual and motor responsibilities. Consequently, there is much to gain from un-

derstanding its functioning, and extracting principles for the development of robots

with cognitive capabilities.

The current work aims at formulating a computational framework which supports

mimicking of the functional and organizational principles of the biological prototype

177
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by artificial systems. This is in contrast to the development of a unique computa-

tional structure with specific desirable properties. Thus, the present study shifts the

emphasis from the final model, to the process of designing the model.

Specifically, the proposed computational framework is directed to the design of

distributed computational structures, similar to the biological prototype. A novel

agent-based coevolutionary methodology is introduced, that emphasizes on the coop-

eration of partial structures constituting the composite artificial cognitive system. By

emphasizing on the integration of system components, the proposed methodology fa-

cilitates the scalability of the design procedure. Overall, the proposed computational

framework incorporates in a single design methodology the properties of partial au-

tonomy and cooperative performance, for the substructures of the composite system.

Both of them are particularly appropriate for the successful design of biologically

inspired artificial cognitive mechanisms.

Autonomous agent structures are utilized as primitive building blocks for the

construction of the composite system, each one representing a brain area. The agent

approach offers enhanced flexibility in terms of modelling the composite distributed

system, because it emphasizes both the independent roles of substructures, and their

coupled operation. Additionally, the plasticity of agent structures and consequently

the inherent plasticity of the overall system, highlights the importance of brain-body-

environment interaction in shaping the functionality of the artificial organism.

An evolutionary scheme is employed to support the design of agent structures. The

evolutionary process aims at enforcing the similarity of agents with the respective

brain areas, after a certain amount of environmental interaction. Instead of using

a unimodal evolutionary process, we follow a cooperative coevolutionary approach

which offers enhanced abilities of agent’s design specification. This is because the

coevolutionary approach is able to consider explicitly the structure and the role of each

autonomous agent. At the same time, it also enforces the cooperation between agents,
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by means of evaluating their coupled functionality, facilitating their integration in a

composite distributed structure.

Specifically, we introduce a Hierarchically Cooperative CoEvolutionary (HCCE)

scheme which supports the development of brain-like cognitive mechanisms, enforcing

mimicking of biological characteristics by the artificial system. This is achieved by

assigning to agents the roles of distinct brain areas, and by enforcing the replication

of biological experimental findings by the model. Additionally, HCCE provides a

systematic methodology to design, integrate and re-design (if necessary) agent com-

ponents, facilitating the development of large scale brain-inspired artificial cognitive

systems. As a result, we argue that the proposed approach can be utilized as a

consistent methodology to design artificial cognitive mechanisms, which mimic the

biological prototype.

7.2 Contributions

The present work proposes a novel view on the design of brain-like computational sys-

tems, by addressing the systematic employment of evolutionary computing techniques

to enforce mimicking of the biological prototype by artificial systems. This is a reli-

able, applicable, and very promising approach, because evolutionary computation is

a well tested, robust methodology that has been employed in the past to solve many

difficult problems. Particularly, it has been utilized widely to design systems that

aimed to achieve a known, target-functionality. A similar view can be also adopted

in the design of brain-like artificial systems. This is because there are plenty of data

which describe the operation of the brain in many different operating conditions.

Thus, a systematic methodology can be directed on exploiting existing data, in order

to facilitate the design of brain-like computational structures. The evolutionary com-

puting methodology seems particularly appropriate to facilitate the accomplishment
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of this task. Hence, the present work takes the paradigm of evolutionary comput-

ing utilization one step further, by addressing its systematic employment to design

computational systems which reproduce certain aspects of brain functionality.

This view is also enriched with additional features specified by addressing the

particular characteristics of the biological prototype. Specifically, we consider the

distributed organization of the biological central nervous system with each partial

area playing a distinct role in the composite structure. This fact implies that the

artificial brain-like cognitive system should follow a distributed organization. In the

present thesis we introduce a new computational framework to design brain-inspired

cognitive systems, addressing explicitly the distributed nature of both the biological

prototype, and the artificial structure.

Particularly, partial brain areas are considered as autonomous entities which co-

exist and interact in a common functional environment. Along this line, the modern

software engineering approach that supports the design of complex distributed sys-

tems, namely the agent technology, is employed to facilitate the composite design

problem. The employment of agent technology for the design of brain-inspired sys-

tems is another contribution of the current work. Specifically, neural network agents

are employed to represent brain areas. Thus, the composite problem is split in small

tractable tasks, that can be progressively solved. At the same time, the inherent

adaptivity of agent structures facilitates their seamless integration in a composite,

unified system. The interactive dynamics among the composite system, the body of

the artifact, and the external physical environment, specify the “brain-arena”, where

the agents need to interact, communicate, and cooperate with each other. Addi-

tionally, biologically inspired pathways facilitate the exchange of information among

agents, and the coordination of their activities.

Moreover, a distributed evolutionary approach is employed to design the compo-

nents of the cognitive system. Specifically, we introduce a Hierarchical Cooperative
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CoEvolutionary (HCCE) scheme which is able to manipulate effectively the partial

structures of the compound system. The coevolutionary scheme is able to high-

light the autonomy of agent structures and their own special characteristics. This

is achieved by utilizing separate subpopulations, each one responsible to design a

component of the system, and additionally by using separate fitness functions for

the evolution of these populations. As a result, the specialties of partial system

components are explicitly addressed during the design procedure. This feature facili-

tates the assignment of distinct roles to agents, simulating the functionality of partial

brain areas. Furthermore, the HCCE design mechanism facilitates the integration

of autonomous agents, by means of evaluating their coupled operation. Finally, the

hierarchical organization of the proposed scheme facilitates the simultaneous evolu-

tion of many partial populations, or in other words, the simultaneous design of many

agent structures. Additionally, it provides a consistent mechanism to combine groups

of system components. Thus, it supports the design of a progressively expanding

distributed cognitive system with gradually enhanced mental abilities.

The combination of partial autonomy and cooperative performance in a single

design methodology, seems particularly appropriate for the development of brain-

inspired cognitive systems. Both of them are provided by the proposed computa-

tional framework, as a direct consequence of combining the distributed modelling

(specifically, the agent-based modelling) with the distributed design methodology

(specifically, the HCCE-based design mechanism). Thus, the novel computational

framework proposed here, facilitates the design of distributed brain-inspired cogni-

tive mechanisms, considering both the special characteristics of substructures and

their integrated functionality.

The present thesis contributes significantly in the emerging research area of coevo-

lutionary algorithms. Specifically, we combine the hierarchical evolutionary approach,
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with the maintenance of successful cooperator assemblies to develop a powerful coevo-

lutionary scheme. The proposed Hierarchical Cooperative CoEvolutionary (HCCE)

scheme is able to coevolve in parallel a large number of partial populations, facil-

itating the successful coupled operation of partial components. Furthermore, each

partial population is driven by its own design objectives, considering the special char-

acteristics of the respective component of the solution. The HCCE scheme is also

able to consider the performance of the model in diverse operating conditions (dif-

ferent environments, different tasks, partial system failures) in order to facilitate the

effectiveness and robustness of the result.

The present work contributes also in terms of agent design methodologies. This

is because the HCCE scheme is inherently organized in a distributed manner which

matches adequately to the distributed organization of agent-based systems. Thus, the

proposed coevolutionary scheme can be employed to support the design of systems

which follow this modelling approach. The HCCE approach can be employed in

many difficult problems approached by the agent technology, in order to enforce

the coordination, communication, and cooperation of partial agents. Additionally,

the particular ability of HCCE to consider the performance of the model in diverse

operating conditions (e.g. partial system failures) provides a consistent method to

investigate the interactive dynamics among agents in order to facilitate/inhibit the

emergence of desirable/harmful phenomena.

7.3 Future Work

Throughout this thesis we have studied a methodology that facilitates the design of

brain-inspired artificial cognitive mechanisms. We strongly believe that this thesis

has contributed to research efforts in the area. Additionally, the present work has

highlighted new directions that need further research endeavors. These directions
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can be classified in three main areas, namely, brain-inspired computational systems,

robotics, and coevolution. We conclude this thesis by pointing out the main research

issues appearing to invite productive future work in each of these areas.

7.3.1 Brain-Inspired Computational Systems

The current work proposes a new approach for the design of biologically inspired arti-

ficial cognitive structures. The results presented in the previous chapter demonstrate

its validity and effectiveness. Furthermore, the present study has also revealed direc-

tions that additional research efforts should be directed. Specifically, in the context

of the proposed computational framework, the suitability of the agent-based repre-

sentation of brain areas should be further investigated, in order to conclude on the

proper agent structure that facilitates the development of brain-inspired artificial cog-

nitive mechanisms. Furthermore, distinct, brain-area specific, computational struc-

tures should be utilized as parts of the same composite model, in order to highlight the

anatomical characteristics of specific substructures of the biological prototype. Addi-

tionally, the HCCE design procedure should be also enriched with additional criteria

(e.g. considering the temporal characteristics of the emergence of phenomena, or the

formulation of reliable synaptic patterns among neurons) in order to enforce further

the reliability of the result. All these criteria, and perhaps many others, are amenable

to integration in the proposed design methodology.

The proposed HCCE design approach can be further utilized to facilitate the inte-

gration of diverse computational models, each one representing a different module of

the biological prototype. For example, HCCE can be employed to combine computa-

tional approaches that are based on systemic models, developmental structures, and

neural networks with increased biophysical reliability. As a result, a unified modelling

test-bed can be developed where different approaches can be combined and evaluated,
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in order to formulate conclusions on their suitability to approach different aspects of

the biological prototype.

The computational framework introduced in this thesis can be also employed in or-

der to simulate and reproduce consistently more biological findings by computational

structures. Along this line, the current methodology should be enriched further to

facilitate the simulated reproduction of more biological data e.g. those obtained by

fMRI, or PET studies. This approach seems to be very promising towards revealing

the secrets of the brain. Particularly, the simultaneous reproduction of very differ-

ent biological data, by the same model, will enforce its generalization ability, and

additionally it will enforce partial structures to develop a role very similar to the

respective structures of the brain. Thus, computational systems will come closer to

the biological paradigm.

Having achieved the development of an abstract model of the central nervous sys-

tem, it will be possible to enrich it gradually with more biologically reliable charac-

teristics (e.g. by substituting partial structures with compartmental neural models,

or by considering the particular roles of substructures located in the left or right

hemisphere of the brain). This process can be also facilitated by the HCCE design

mechanism exploiting its ability to integrate and re-design partial components.

7.3.2 Robotics

Further research should be also directed towards the design of robotic systems. The

proposed methodology is enriched with many important characteristics that facilitate

its utilization to approach significant problems in the area. First of all, the proposed

methodology can be utilized to approach systematically the problem it is originally

designed for, namely the design of brain-inspired cognitive mechanisms. Particularly,
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the experimental results presented in the current work can be extended further, in-

tegrating computational structures that represent more brain areas. As a result, it

will be possible to combine diverse subsystems with sensory, motor, cognitive and

emotional responsibilities, in a single robotic platform, following the architecture of

the biological prototype. Additionally, the proposed methodology can also enforce

the utilization of the implemented cognitive subsystems for the accomplishment of

many different tasks, as it is also the case with the brain of animals. This particular

feature will enforce the ability of partial systems to generalize, and be easily re-usable

in the future for the accomplishment of new, currently unknown tasks.

Moreover, the computational framework proposed in the present study may con-

tribute towards the unification of cognitive and emergent approaches in robotics.

Particularly, the agent based representation of brain area can serve as a means to

support this issue, since it emphasizes the characteristics inspired by the biological

prototype, and additionally those imposed by robot-environment coupling. Thus, a

new design methodology may emerge, that combines the benefits offered by cognitive

and emergent approaches.

The HCCE-based design methodology may also facilitate the parallel design of

robot brains and bodies, facilitating the perfect matching of them. This design ap-

proach may reveal completely new body and brain architectures, independent from

the biological prototype. Thus, they will be particularly optimized to the tasks that

they should aim to accomplish. The design procedure may also consider the opera-

tion of the organism in many different operating conditions in order to facilitate its

effective performance.

Furthermore, the distributed design methodology can be employed to approach

robot problems which are not referred to the design of cognitive mechanisms. Thus,

it can be used to support the co-design of many partial robot modules which can be
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plugged in robotic platforms being ready for operation. The HCCE scheme can inves-

tigate the changes imposed by the integration or removal of a particular component

in the composite system facilitating its successful operation in both conditions.

Finally, the same approach can be employed to investigate problems regarding

social robots. This issue can be approached by designing robot teams that either

compete or cooperate, facilitating their coordinated activity. Additionally, it can also

facilitate research in the field of human-robot cooperation enforcing their communi-

cation, and the bidirectional transfer of knowledge.

7.3.3 Coevolutionary Scheme

One of the main contributions of the present work is the proposed Hierarchical Co-

operative CoEvolutionary (HCCE) scheme, that is actually a general purpose opti-

mization method, with a distributed organization. This particular feature makes it

appropriate for the solution of many difficult engineering problems, because the dis-

tributed organization is met very often in a wide range of real-life systems. Examples

in this context are related to the cooperation of brain areas, the formation of robot

teams, the design of complex modular mechanical structures, and many others. All

these systems share common problems which are mainly referred to the co-design

of partial components that have to be adapted to each other. The coevolutionary

scheme proposed in the present work can be utilized to approach effectively the de-

sign of such distributed systems, because it is able to consider both the special features

of subcomponents, and their integration in a unified system.

However, further research should be directed in advancing the HCCE scheme.

In order to proceed systematically towards that direction, we should first take a

better insight in the internal dynamics that guide the HCCE procedure. This can be

facilitated by formulating mechanisms that provide information regarding the progress
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of coevolution in partial populations, and how they affect each other. Then, we can

formulate guidelines on the usability of HCCE, and the class of problems it is able

to handle effectively. Additionally, this process will highlight directions for fruitful

extension of the HCCE scheme, e.g. by means of new genetic operators, or new

optimality characteristics such as pareto criteria.

Moreover, future versions of hierarchical coevolutionary processes should investi-

gate the suitability of the hierarchical organization on competitive schemes. This is

particularly applicable for problems consisting of more than two opponent entities.

Another fruitful direction concerns the investigation of coevolutionary schemes with

many co-existing entities that interact by formulating cooperative and competitive

groups. This kind of problems needs a complex coevolutionary scheme with both co-

operative and competitive dynamics among its partial populations. The extension of

HCCE towards that direction could prove to be very useful, because it may facilitate

studies on the dynamics that drive many social and economic phenomena.
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