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Abstract
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Cortically-Inspired Mechanisms of Computational Intelligence and

Learning for Developmental Robotics

by Tarek NAJJAR

The Cerebral Cortex is the most competent learning mechanism ever known. With
its vast complexity it makes for an invaluable resource of insights that would takes
us a step further toward decoding the essential key elements of learning systems.
On the other hand, Developmental Robotics tries to benefit from the dynamic
course of intelligence-formation in biological systems in order to achieve robotic
systems that are more competent than traditional ones.

This study is about investigating Computational Neuroscience findings in study-
ing the human brain, in order to build better Machine Learning Algorithms and
robot control architectures that would realize a developmental robotic platform
for achieving, as close as possible, an Incremental and continues path of learning,
thus enabling robots to learn tasks that were not preprogrammed in advance.

A new robot control-architecture for learning through exploration is proposed to-
gether with a novel neural network that is inspired by cortical mechanisms of
learning and data representation. The validity of the proposed mechanisms were
tested and demonstrated through multiple experimental setups from both robotics

and real-world regression problems. ...
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Chapter 1

Introduction

1.1 Robot Intelligence

Since Asimov’s three laws of robotics, and the question of defining the robot’s
cognitive and behavioral architecture, is still opened and unsolved. The reason
behind this is the fact that we want from robots to be part of our world, to
perform tasks that originally intended to be performed by us, and to do these
tasks without much of our presence or participation. All these requirements made

it very difficult to come up with the optimal approach to robot intelligence.

When Alan Turing in 1950 first talked about his “Imitation game”[1], which we
call now “The Turing Test”, he, at that time, made an early vision of machine
intelligence and the features of its elements[2]. In fact the research on Al has been

greatly influenced by this early vision[3]. but yet, no currently-known approach
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has proved to be robust and reliable enough for every day situations. One of the
reason behind this, is the fact that we constantly attempt to come up with schemes
and concepts that represent human intelligence and problem-solving mechanisms
and then design robots according to these mechanisms despite the fact that we

haven’t fully understood the way the human brain really operate[4].

With the introduction of the concept of embodiment, during the eighties, much of
the features and characteristics of Turing’s true intelligence became more dynam-
ically emphasized. Behavior-based approach to robotics, introduced by Rodney
Brooks[5], became one of the first practical formalization of this embodiment of
intelligence[6], and this is how embodiment got its place and significance in Al

research[2].

1.2 Classic Robotics

Approaches and attempts toward Intelligent Robot realization could be divided,

roughly, into the following groups|7, 8:

e Direct Programming Approach

e Behavior-based Approach

e Supervised Learning Approach
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1.2.1 Direct Programming Approach

In this approach a human engineer must envision and imagine the task that the
robot will execute. This task must be fully understood and defined by the human
engineer. After that, the engineer must define concepts, representations, and
mechanisms for solving the given task in hand. Only then this task, together with
its representation and algorithm of solution, will be “spoon-fed” into the robot.
It is obvious here that the robot actually does not show any intelligent policy in
reacting to the dynamic world around, we notice that it is not the robot’s sensors
that formulate representations for world objects and tasks but rather the engineer,
the robot is just executing what the engineer ordered it to do, in a blind manner.
So could we claim this as machine intelligence? beside there is one more problem
to this approach: when we are providing the robot with explicit concepts and
representations, and when we define manually the entities that the robot will have
to encounter and deal with in its operational environment, can we claim that we
are able to provide the robot with everything he need to know? Let’s put in
other way: are we able to write a code that covers and define every concept the
robot might encounter if it will operate in the complex world that we live in? The
obvious answer is simply No. What if the robot will encounter a situation that

the human-written software does not cover? The robot will simply fail.
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1.2.2 Behavior-based Approach

In this approach, as envisioned by Brooks “The Subsumption Architecture “[5],
instead of modeling the Task, we model the behavior and organize it in layers. This
would, of course, lead to more complex and adaptive behavior, but it actually has

never been practically proven to be capable of general and reliable Intelligence.

1.2.3 Supervised Learning Approach

This approach is considered as a significant improvement over direct programming,
but again we notice a strong presence of the human engineer in the picture, because
in this approach the problem to be solved is represented to the robot as correlation
and mapping between given sensory data and desired behavior on the robot side,
after that the robot is supposed to be able to go a step further beyond what has
been given to him and generalize, as much as possible, for situations not exactly
identical to the ones provided by training samples.

The problem here is that the amount of work that is required on the engineer
side is considerably enormous. Beside, again we notice that it is the engineer who
decides how to solve the problem and not the robot, and again the whole problem
is seen by the engineers’s eye and from his point of view and prospective, which
actually limit the ability of the machine to adapt and does not allow for continues

learning.
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1.2.4 Does it Really work ?

In all of the approaches mentioned above we encounter a common problem that
limits the ability of these methods[9]; We notice a strong presence of the human
engineer during the problem-formalization phase. It is clear that it is always the
human who define and shape concepts to be adopted by the robot during its
operation. What if these concepts fail, as they usually do, to represent a realistic
component of the actual complex world?

What if these concepts don’t really reflect the way the robot experiences the world
through its own sensors and motors?

Well, eventually the robot will fail to perform in a way that is considered rational
in the current situation. The reason behind this is that the robot wasn’t given the
chance to generate these concepts the way it experiences them in the environment.
In other words, the engineer made these concepts and force them to the robot but
from the engineer prospective and point of view, and in a way that reflect how he
understands and perceives these concepts, but what if this is not consistent with

how the robot experience them through its own body and perceptual ability?

A nice example of this problem is found in[9]; Let’s imagine a mobile robot that
is designed to navigate and avoid obstacles. If we define the concept of "obstacle”
as a short reading on a laser range sensor, and then wire this concepts into the
robot controller without enabling it to really understand and experience it or to
understand why an obstacle must be avoided, then the result is that when this

human-made concept fail to reflect a real-world situation, the robot won’t be able
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to perform rationally, and the robot would treat a grass as a possible obstacle that
must be avoided as if it was steel rods.

The reason behind this is that the robot didn’t really generate and learn these
concepts on its own through its experience. Thus it didn’t really test these con-
cepts.

This problem is formally defined as ”"The Verification Principle”, that was first
introduced by Richard Sutton[10]: In short, this principle states that an agent

cannot learn a concept unless it is able to test and verify this concepts on its own.

1.3 Muddy Tasks

Today’s computers are characterized by advanced computational power so that
complex mathematical calculations, that would take a very long time by human
to solve, are done in a split second.

Database search and retrieve operations are one of the most trivial tasks that
computers can do with an absolute efficiency. Data analysis and processing would
have never reached its current level today without the use of computers. These
are just a small amount of the tasks that computers can do efficiently and easily
and that are considered to be very difficult and tedious for human. On the other
hand. we ,surprisingly , find tasks such as vision, natural language understanding
,emotional inference and understanding ,that are very easy and intuitive for hu-
man, to be extremely difficult to be performed by computers and robots[2]. These

tasks are unstructured, undetermined with a solid pragmatic approach to solve
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and don’t have a clear and consistent mathematical and computational definition.
These tasks are what we might call "Muddy Tasks”[11] because they are muddy
in both algorithmic and computational sense, where we cannot define a predeter-
mined and coherent steps and mechanism for solving and performing them, and
we cannot provide a clear and structured approach to solving them. These tasks
are characterized by rawness of sensory input, richness of input space, and the lack
of ability to be described in mathematical terminology|[2]. Actually such muddy
tasks represent both a challenge for engineers and robotists, besides it makes an
obstacle on the way of robot fusion in everyday life since they are crucial for robot
integration in our environment and essential for the realization of efficient robot

utilization in the real world.

Unfortunately current Al techniques proved to be unable to make robots perform
these tasks successfully.

Most of conventional AI methods are based on symbolic representation and manip-
ulation which, of course, require providing the machine with predetermined and
hand-made concepts that don’t reflect the machine perspective, as mentioned in
earlier section. These symbol based methods couldn’t so far produce robots that
can learn on their own or understand English for instance. That is why a different
approach must be adopted for robot intelligence. An approach that eliminate the
need for human-made symbols and concepts to be part of the internal and mental
state of the robot. An approach that enable the agent to experience the envi-

ronment on its own using its own sensors and actuators[12] in order to learn and
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adapt in its environment where it can generate its own experience and learn from
it through interaction with the world around, and where it could autonomously
shape its strategies and internal state in continuous manner[13].

This leads us to the topic of Developmental Robotics.



Chapter 2

Developmental Robotics

2.1 The Theory of Cognitive Developmental Robotics

Both inspired by developmental psychology and cognitive neuroscience, a new field

in robotics has emerged which is the field of developmental robotics[13, 14].

This multidisciplinary field combines developmental child psychology, cognitive

neuroscience , artificial intelligence and robotics|8, 15].

The basic concern in this discipline is to formulate embodied artificial agents with
features of semi-continues cognitive development|[16],which is the ability of the
agent to adapt and grow "mentally” in the way it perceive, represent and process

its experiences and the way it acts in the world around.
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This development must take place through interaction with the environment, using

the agent’s own sensors and actuators, in a continuous manner[17].

Initially the system is equipped only with a core developmental program[18] which
is simply an engine for attention, exploration and interaction, and then during
this interaction with the environment more complex cognitive structures would
emerge[9].

Influenced by the agent’s experiences, these cognitive structures encompass the
agent’s concepts, representations and strategies for its behavior. It is essential
for this type of agents to be characterized by embodiment, situatedness and an

extended process of development[19].
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So instead of manually providing the robot with human-made concepts and strate-
gies, we let the robot learn on its own, driven by its developmental program, and
that is by experiencing the world around and exploring its aspects inspired by
the way a child learns by playing and trying things around him[20]. That is why
this field tries to draw from the theories and finding of piagetian view of child
development[21] which was founded by the psychologist J.Piaget during the fifties

of the twenty century.

Unlike conventional robots, that are programmed with a task-specific controllers
for performing a given task which is previously known and predetermined by the
engineer, developmental robots supposed to be able to learn most tasks taught by
a human through their operative service time[22], of course given that the robot
is equipped with the sensors and actuators required for learning the task being
taught.

In other words , when the engineer builds the robot he does not know previously the
tasks that the robot will learn ,but rather provide the robot with a developmental
program that would initially learn primitive tasks and representations and then
incrementally the robot would build on these previously learned tasks in order to
learn new, more complex ones[23], Figure ?7. So, for example, if the robot learns
how to fixate its gaze on a given object, then using this skill it learns to visually
follow objects in its visual field. After that if it learns to control its arm actuators,
then eventually, and by reusing all these previously learned skills, it would be

able to learn how to reach and grasp various objects in its environment. So it all
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depends on, and relates to, the continuously-adapted and acquired concepts and

representations that make up the experience and the internal state of the robot.

Remarkably, the field of developmental robotics does not only serve the goal of
building better and smarter robots, by using biologically inspired algorithms and
mechanism, but also it has the potential of being a possible test-bench for theories
and modules of cognitive neuroscience and developmental psychology[24].

So both of engineers and scientists can have their prospective and use of this field;
An engineer find in it a way for developing more intelligent robot controllers, while
a psychologist could use it as a tool for testing possible modules of intelligence[25—

29].

2.2 Related Work

Research in developmental robotics has been given a notable attention recently[13,
14]. Many robotists are trying to come up with an architectures that relate to
developmental learning. Some researchers started by providing a robot with a
motivation mechanism for exploration and then let the robot explore the action
space driven only by infernal measures of motivation. The approach taken in[30]
provides a sophisticated mechanism for intrinsic motivation for which the system
is driven toward regions of sensory-motor space with the most possible learning
progress. But the problem by basing a learning mechanism on motivational drives,

is that the exploration path is unpredictable. In another research[31] a system
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that used a knowledge gain measure of how ”interesting” a given action is, was
proposed. But this system did not count of open ended learning. In another
research[32] we find that the error of anticipation of possible action consequences

is used directly as a source of motivation.

Others tried to make the robot learn starting from hard-wired primitive tasks. For
example a work done by the team in[33] used reinforcement learning for learning
compound skills. The problem was that the system was built to learn a pre-
specified skill by the programmer. The work of group [34] exploits reinforcement
learning techniques in order to overcome some of the limitations posed by stochas-
tic optimal control approaches to motor-learning in robotics. Other researchers[35]
managed to demonstrate successfully the ability to learn complex motions, but
there was explicit use of domain-specific knowledge in the algorithm. Yet another
approach was taken in[36] for task abstraction, but goals of these tasks to be
learned were known in advance. An interesting result can be found in[37] where a
robot learned to develop complex tasks using reinforcement learning techniques,
but again the incorporation of pre-programming and primitives hard-wiring was

persistent.

Learning by exploration was also adopted for implementing the process of motor
babbling. Actually many roboticists have attempted to mimic this developmental
process using humanoid robotic platforms. An example is found in the work
of the group[38], here a gradient descent method is used in order to enable the

system to learn some of the unprovided elements of the system’s kinematic model
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where the rest of the elements were already provided and pr-eprogrammed. A
more efficient approach than gradient descent was taken by group in[39] where the
system starts off by a population of candidate possible models then, and through
interaction with environment, the system evolve in approximating a more accurate
model that represents the system in hand. Beside the explicit dependency, in
this system, on artificial visual tags that are attached to segments of the robotic
arm, this approach make use of Bayesian learning and Gaussian regression, their
algorithm actually is very expensive on the computational side. A rather different
approach was taken by the group[40]. Here a camera calibration based method
were adopted together with open-loop mechanism for generation of an implicit
body schema model, this system made use of look-up table learning mechanism
which naturally requires longer time for learning. The research group in[41]used
a more biologically inspired approach by incorporating concepts like population
code and equilibrium-point hypothesis in order to enable the system to achieve
reaching tasks. In a different approach[42|the research group used both Bayesian
belief functions and social learning mechanisms to facilitate learning-by-imitation
competence. This approach, too, made use of hard-wired motor primitives that
were encoded manually into the robot. A reinforcement learning approach together
with imitation methods using locally weighted regression was facilitated by[43],
where a robot was taught specific motor primitives, that are specific to given task
sittings, then the robot generated policies that enable it to learn those primitives
in an episodic manner. Although the robot managed to perform the given tasks

but it seemed like the system was kind of a task-specific oriented in the way it
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learned each motor primitive.

As for the learner itself, research for achieving systems capable of continues incre-
mental learning can be found in the work of the group[44], where a hierarchical
architecture is employed in order to provide human-like motor abilities. Although
their method has many advantages but the fact that learning was based on sym-
bolic representation has imposed some constrains on the task-scalability of their
approach. Another example is the work done by|[45], in which probabilistic-entropy
techniques are used to enable a neural network to evolve in structure while learning
a regression tasks on noisy data. Their network was trained on a data set that was
provided manually to the learner beforehand of testing. Some researchers[46, 47]
managed to aid learning through the incorporation of internal reward functions
as biasing-drives for the learner. Such techniques usually tend to push the system
toward exploring salient features of the data-space on the basis of some criteria
of measured progress. While incorporation of such internal drives proved to be
effective in making the system capable of learning tasks that were not account for
by the designer, but at the same time it was not completely clear how to control
the trajectory of learning that system is driven into. In other words it is not clear
how to get the system to learn a given predetermined task. An astonishing results
was obtained by the work of the group[48]. The developed network was capable of
unsupervised learning of high-level concepts, like human faces, without the need
for the data to be labeled for the learner. The robustness of the method is appeal-

ing but the huge amount of data and computation that is required for the feature
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detectors to be learned, is what constrained the ability of the system to operate
in real-time conditions.

More biologically-inspired approach was taken by the research team [49], through
the exploitation of Hebbian conditioning theories in order to facilitate associa-
tive learning within cross-modality perception, resulting in a system that incor-
porate multimodal cues for perception and object recognition. Similarly, another
group|[50] investigated hebbian learning process in order to build neural network
architecture that is characterized by being dynamic and non-rigid in structure. In
their work the process of excitation and inhibition shapes the internal organization
of the network by a interactive process of generation and elimination of individual
nodes, within the network, in respond to external stimulus.

A new neural network model is proposed by the group [51]. Their network fo-
cuses on subspace learning by relaying on hebbian and anti-hebbian local learning
rules. Although their algorithm is considered biologically-plausible but it is not
clear whether it is possible to implement their network as incremental learner for
learning from the environment scenarios.

An example of self-organization can be found by the work of [52]. They proposed
an algorithm based on a combination of self-organizing maps and state vector
machines in order to facilitate time-series forecasting. In spite of the interesting
outcomes of the proposed mechanism, but the investment of state vector tech-
niques imposes some complexity issues due to the extensive computation usually
involved in such techniques and the need for parameter selection. Another group

[53] presented a self-organizing neural network model that is based on rewarding
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techniques with intrinsic plasticity. Clustering self-organizing map is presented
by the work of the research team [54], where data distribution is detected by the
network through dynamic two-dimensional topological graphs that investigate the
implicit relationships within data clusters. Although their algorithm facilitates
incremental online learning, but most of their experimental results were based on

artificial data sets.

2.3 Thesis Contributions

The work in this Thesis contributes various robot learning algorithms to facilitate
the construction of robotic architectures capable of developmental learning.
Besides, a theoretical formulation of the developmental approach to robot cogni-
tion has been stated.

Finally, an investigation of various cortical mechanisms of learning and information
processing has been done by taking insights from the findings of computational
neuroscience and then designing machine learning algorithms to aid incremental

on-line learning.

2.3.1 Theoretical Formulation

e A review of the question of robot intelligence and the various approaches to

its implementation within realistic operation condition has been made

e Limitations of classic approaches to robot intelligence has been identified.
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e A definition and identification of the main aspects of the theory of Develop-

mental Robotics has been made.

e The principle of Motor Babbling and its application in robotics has been

identified.

e Hebbian Plasticity mechanism has been incorporated in building neural net-

work architecture.

e The concept of Receptive Fields has been used as a mechanism for data

coding and representation.

2.3.2 Practical Achievements

e Proposing a novel architecture for online sensory-motor learning using self-
organizing maps without the need to provide the system with a kinematic

model or a preprogrammed joint-control scheme.

e Adopting Motor Babbling mechanism for constructing learning-through-exploration

architecture.

e Providing mathematical formulation that governs the balance between ex-

ploration and and learning in developmental robotics.

e Construction of a mechanism that can compensate for unanticipated struc-

tural changes and alteration in robotic platforms
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e Modification of original SOINN neuron activation function in order to facil-

itate non-linear data coding and representation.

e Construction of novel network for online, incremental learning through the
incorporation of Cortically-inspired mechanisms as Self-organizing maps, Re-

ceptive Fields and Hebbian Plasticity.

2.4 Research Goal and Objectives

In order to build robots that can be practically utilized in our daily life, we adopt
the developmental approach to robot intelligence and learning. So The major
goal for this research is to construct robotic architectures and learning algorithms
that can implement the paradigm of Cognitive Developmental Robotics in order

to enable robots to learn, interact and to be fused with the world that we live in.

The path that we took to achieve this goal is summarized by investigating the
studies and findings of Computational Neuroscience research in order to have
insights into the mechanisms of learning and information processing within the
Cerebral Cortex, and thus to use these insights as hints for designing algorithms

that achieve the goal stated above.

2.4.1 Objectives

The main objectives of this thesis are:
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e To propose a mechanism for autonomous mental development as the central
cognitive architecture for information-representation, sensory-motor learn-

ing and interaction with the environment in developmental robotics.

e To implement a computational process for achieving adaptive systems that
can react and compensate for unexpected structural alteration during oper-

ation.

e To design a novel neural network machine learning algorithm that is capable

of online incremental learning needed to implement developmental robotics.
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Learning Through Babbling

Architecture

3.1 Introduction and Motivation

In order to put the robot on a consistent path of competence and intelligence
development, it is essential to start off by acquiring abilities of a mere primitive
nature of intelligence so ,later on, the system would build on these essential skills

in order to bootstrap into tasks of higher intelligence.

One of the most essential and fundamental milestones of Development of Intelli-
gence is the ability to use one’s own body and to actuate in the evironment[21].
Teaching a robot to control its arm joints, in order to achieve reaching tasks,

without explicit computation of forward and inverse kinematics, poses multiple

22
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challenges on the control system. One of which, is the problem of enabling a robot
to, autonomously, generate an internal representation of the control system given
the fact that neither explicit kinematic model nor a transformation mechanism is
provided by the designer. This means that the learning system must adaptively
and incrementally build the required internal representations in order to guide
the control process for multi-joint robotic arm in order to achieve goal-directed

reaching motions.

Motor Babbling seems as a promising approach toward the generation of internal
models and control policies for robotic arms.

In this chapter we propose a mechanism for learning sensory-motor associations
using layered arrangement of Self-Organizing Neural Network (SOINN)[55] and

joint-egocentric representations.

3.2 Sensory-motor Learning Architectures for De-

velopmental Robotics

The most common approaches to implementing learning architecture for develop-
mental robotics can be categorized into the following three approaches: Candidate
model search-space approach, Body schema approach and Motor primitives with
reinforcement learning approach. Of course this list is not exclusive as many other
approaches do exist, but we chose to review these three as they are the most

common ones.



Chapter 3. Learning Through Babbling Architecture 24

Candidate model search-space approach is based on providing the robot with vast
space of possible kinematic and control models, these candidate models are prepro-
grammed manually into the learning architecture, then through the incorporation
of space-search techniques and during the actual interaction with the environment
the robot would eliminate those models that are unlikely to reflect the actual
structure of the system and then eventually would embark on a model that is as

close as possible to the system, Figure 3.1

Evaluate
.| Calculate
performed >
. Discrepancy
action

A Candidate-model

A space

Di
/. |scr_e!:ancy
. |ve i negligible ?
o. .
oo, 0l @ No
L] []
[
Current lv yes
candidate model

Visual Tags

Ficure 3.1: Candidate model search-space

At any given moment the architecture would settle on a given candidate model,
that is expected to provide a competence of controlling the system, but when the

robot actuates in the environment, the expected results of each action is matched
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against the the actual results of the performed action, then a measure of discrep-
ancy is generated. This measure of discrepancy drives various heuristic functions
into various sub-regions of the candidate model search-space until an appropriate
model is found.

Usually such approach requires embedding certain artificial visual tags into the
physical robot structure. These visual tags are used to track trajectories and
configurations of the robot as no description of the kinematic chain is explicitly
provided to the system.

This approach toward learning the systems model makes heavy use of search al-
gorithms which gives the system sort of brute-force characteristics. Besides, both
the complexity and size of the space could hinder the real-time feasibility of such
approach. In fact it is not guaranteed that searching the model space would re-
sult in finding a model that would accurately reflect the system at hand. Beside,
generating the model space itself is another question that needs to be answered,
taking into account the potential size of the resulting problem to solve in case of
adopting automated method of generating the space. In contrast to the architec-
ture we are proposing, model space approach seeks predefined and rigid paths of
learning and exploration as solution trajectories are usually constrained by the
way the search-space is generated and because the system is not truly exploring
the surrounding environment, as in out approach, but rather it is exploring its
own internal space of possible solution models.

The approach we are proposing in this thesis enables the robot to adapt and com-

pensate for unexpected structural alterations and changes to the physical system
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itself during operation, but it is not obvious whether model space approach can

provide such ability with its rigid and environment-isolated space of exploration.

The second approach toward building sensory-motor learning architecture is body
schema approach. This approach is based on manually providing the system with a
general purpose model. A model that is not, yet, tailored to any specific structure,
but rather it is a broad mathematical framework for kinematic chain definition and
specification. Of course such a general model entails many missing parameters that
need to be defined in order to match the actual kinematic structure of the robot.
The task of tuning the model and specifying any missing descriptive parameters
is solved through the incorporation of gradient descent optimization techniques,
Figure 3.2.

At any given moment the robot relies on the current state of the provided general
model in order to formulate estimated body schema approximation based on which
the architecture simulates the expected posture of the robot after the last motor
actuation. After that, the system optimizes the estimated values of the missing
descriptive parameters in order to match the simulated posture through gradient
descent methods, then updates the current approximation of the system model
and thus propagating the model a step further toward representing the actual
structure of the robot.

Hence the main concern in this approach is to determine the the schema of the
kinematic chain rather that to formulate a control policy. The architecture we

are proposing tries to solve both tasks of controlling the system and building



Chapter 3. Learning Through Babbling Architecture 27

a representational description of the system. In contrast to our approach, body
schema methods are explicit rather than implicit. Hence it does really comply with
the concept of embodiment and situatedness, since the end result is constrained

by the original, manually programmed, model framework.
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Descent €< Missing
Optimization Parameters
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FI1GURE 3.2: Body schema approach

Although the idea of body schema has its biological plausibility aspects but not as
explicit representation. It is believed that the cerebral cortex has a representation
of our body schema but as neural ensemble coding, [4], that is of implicit and
adaptive nature. The architecture we are proposing implements implicit represen-
tation of the kinematic structure that is inspired by an abstraction of biological

findings.
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The third approach we are reviewing is motor primitives with reinforcement learn-
ing approach. First a set of initial motor primitives is manually designed and pre-
programmed into the architecture. Each of these motor primitives can be thought
of as a single atomic motor task that is independent, undividable, and performs
a simple action like grasping, letting go, arm extending...etc. The architecture
incorporate reinforcement learning techniques and exploit the set of motor prim-
itive in order to generate a control policy that can combine these primitive into
more complex motor tasks. By using the motor primitives as building blocks the
system can generate complex actions through interaction with the environment
during which reward feedback assist the control policy formulation, 3.3.

Motor Primitives

Motor Task
| Inventory
Reward
&
Policy Update
A
[ Environment ]

FIGURE 3.3: Motor primitives and reinforcement learning architecture

Relaying on reinforcement learning technique as the main learning mechanism

give the learning process a cyclic, episodic nature which requires many iterations
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in order to completely generate the required policy. This means that each learn-
ing experience should be structured and constrained until the goal task has been
mastered. Unlike this approach our proposed architecture does not require any
prior structuring of the learning process since, in our approach, the system learns
continuously and uninterruptedly as long as the system is in operation. The con-
cept of equipping a learner with prior set of motor primitives raises very crucial
questions; How do we define what is primitive task and what is not? How do
we decide what tasks should the set of primitives contain? And how many initial
primitives is enough to start learning? All of these questions remain opened and
undetermined. Unless these questions are answered, it is difficult to adopt this
approach as a general task-independent framework for sensory-motor learning for

developmental robotics.

3.3 SOINN

SOINN (Self-Organizing Incremental Neural Network), is a Self-organizing map
that does not require any presumption to be made about the topology or the
distribution of data. It has the ability to filter out non persistent, irrelevant data
points that does not reflect the underlying representative pattern of perceived
information, while at the same time it tries to capture the descriptive structure
of input which enables the network to pertain only what is most relevant to the

learned underlying pattern of perception.
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The basic algorithm of SOINN is depicted in Figure 3.4. For a detailed explanation

of the algorithm see [55, 56].
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FIGURE 3.4: Flowchart of SOINN [55]

Basically SOINN works by propagating network topology in a way that would
self-organize as to resemble the "hot zones” of perception. For example, if a new
data point is presented to SOINN then the algorithm would find the closest two
network nodes to this newly presented data point, Figure 3.5.a. once these, most
closest, nodes are found, SOINN determines whether the newly presented data
point is within the coverage zone of these nodes. If yes then these nodes would
be now connected by an edge to make up a single cluster of nodes and then they
would be altered as to reflect the current blobs of persistent activity, Figure 3.5.b.
In the other case where the newly presented data point is out of the coverage zone

of the closest nodes, Figure 3.5.c, then this data point itself would be stored by
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SOINN as a node that represents a possible independent zone of activity, Figure

3.5.d.

FiGure 3.5: SOINN dynamics

SOINN has the feature of eliminating noisy and non-stable representations by
checking the level of activity of each stored cluster of nodes and then discard-
ing those stored clusters that doesn’t represent regions of input space with high
activity. So if a cluster of nodes has not been referenced frequently as being a
coverage zone for input data points, then this cluster would eventually fade away

and removed from the network.
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3.4 The Theory of Motor Babbling

Motor Babbling is described as the exploratory learning process of generating
sensory-motor associations through continues random motions with ballistic tra-
jectories.

These motions serve the purpose of sampling representative data points that boot-
strap the learning system into incremental generation of internal model and im-
plicit control policy for the system at hand.

In other words, we can say that Motor Babbling is the autonomous process of form-
ing an internal implicit model of a moving mechanical system through Hebbian-like

Action-Perceptions episodes.

Evidence from Developmental Psychology literature[21, 57] suggests the presence
of such exploratory learning processes in the behavior of infants during the first
months of motor-ability development.

During the repetitive random motion of the arm, that is considered as a charac-
teristic pattern of infant motor behavior, babies are believed to keep their hand
constantly in visual field, which is supposed to serve the goal of building internal

associations between actions and consequences in one’s own body [58], see Figure

3.6.

This very process of babbling would make the core exploratory engine of the

architecture proposed for robot motor learning Figure 77.
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FIGURE 3.6: Correlation between visual information and proprioceptive infor-
mation in motor babbling during the formation of cortical circuitry .
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3.5 Methodologies

The mechanism we are proposing is based on the idea of autonomous, incremen-
tal generation of implicit system model and control policy using layers of self-

organizing maps and joint-egocentric representation of reaching experiences.

The robot is not provided with any control models or methods for calculating
inverse and forward kinematics. Besides, the learning process does not involve
separated training and testing phases, but rather the system starts off by ex-
ploratory motor babbling behavior, then a gradual shifting toward goal-directed
reaching trajectories is noticed to take place in a smooth manner that reflect the

current level of maturity of the learned model.

3.5.1 Learning Through Babbling Architecture

First of all it is important to mention that each sensory-motor experience is rep-
resented and learned as a pairing between joint angle and the resultant gripper
location in space. And this pairing is joint-related, or joint-egocentric, i.e. for
a given joint this sensory-motor learning experience would be [6;, L;] where 6; is
the angle of joint i, and L; is the resultant location of the gripper represented in
relevance to the joint ¢ Jhence, in the peripersonal space of Joint ¢. The purpose
of this joint-egocentric representation is to make sure that learning is achieved on
the joint level, where each joint would learn, the required associations, in manner

that is independent from the other joints.
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Each joint has its own associative learner, implemented as self-organizing map
(SOINN). This joint-specific associative learner is responsible of learning and stor-
ing only the most representative data point that resembles sensory-motor pairs of
the form [0;, L;] which are related to the joint to which the self-organizing map

belong to, as mentioned above.

When a new target is presented to the system, the location of this target is repre-
sented in relevance to the first joint. After the target has been represented in the
peripersonal space of the first joint, the system would ask the self-organizing map,
of the first joint, for the best angle that would achieve as close gripper location
as possible to the given target . Depending on the joint’s previous experience
that was generated through the motor-babbling-like exploratory actions, the self-
organizing map would respond by retrieving the joint angle that is associated with
the closest gripper location to the target. Of course the accuracy of the suggested
angle would depend on the state of sophistication of the learned contingencies be-
tween joint actuations and the resultant consequences in the environment, so at
early stages of learning, the suggested angle won'’t offer high-accuracy solutions.
But gradually, with more experience and as the system explore the contingency

space, more accurate associations would be learned by the self-organizing map.

The joint angle, which was offered by the self-organizing map (SOINN) of the
first joint, would be used to actuate the first joint of the manipulator even before
passing the control to the next joint. This means that after the system has found

out the suitable joint angle for the first joint, the target perception would be
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altered for the rest of joints on the manipulator, so in order for the next joint
"joint; " to ask its associative learner for suitable joint angle, 6;,;, the robot
must check the new altered location of target,L;,, in relevance to the next joint

i.e. in the Peripersonal space of the next joint.

This strategy reveals the iterative nature of the solution proposed here, where
the problem of finding the best set of joint angles for multi-joint manipulator is
solved by breaking down the whole reaching task into smaller sub problems, each
handled by an independent standalone subsystem that consist of single joint with
its own perceptual peripersonal space and its own associative learner, which is
implemented as a self-organizing map (SOINN).

When a new target is presented to the system, starting from the first joint and up
until the last one, each subsystem would represent this target in its own periper-
sonal space then ask its learner for the best angle and actuate the joint according
to this angle, after which it passes the control to the next joint and the next
subsystem. This process continue until the control reaches the final joint and all
the joint would be actuated resulting in a gripper being moved toward the target,

Figure. 3.8.

After all joints have taken action, the system must be trained with the resultant,
actual, consequences in the environment so the associative learner of each joint
would be more accurate in learning the action-consequence model of its joint,

Figure 3.9.
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FIGURE 3.9: Robot motor learning by babbling process.

This training would be performed on the joint-level. So if the final location of the
gripper, represented in the peripersonal space of joint ¢, after all joint have been
actuated, is L;, and the joint angle that was actually used by joint ¢ in order for
the gripper to reach this location, is 6; then the joint ¢ would be trained by the
associative pair [6;, L;], Figure 3.9.

This feedback training is essential to guarantee an incremental bootstrapping of
the implicit model, generated for each joint, toward higher competence of target
reaching operation, where training and performing are taken place side by side

without the need for adopting separated-phases-approach for learning.
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3.5.2 The vanishing of Babbling Actions

As mentioned before, the mechanism proposed here does not require separated
learning and testing phases. In other words, there is no need to manually set a
fixed number of episodes for training before the robot can be engaged in a real

goal-reaching actions.

In the approach described here, training and learning take place in a real-time
manner. The system itself decides when an exploration action is needed and
when actual goal-reaching can be performed so a gradual transition from random
exploration into reaching actions takes place while the system is being trained
continuously in both cases. So initially when we run the robot for the first time,
the robot has no idea about how to control its joint in order to reach a target,
here the robot actions would be random ballistic trajectories similar to the ones
performed by infants at early stages of motor development[57].

During this random motor babbling behavior the robot starts to generate an inter-
nal model for the control policy of its joints, through action-consequences coupling,
which result in an increased ability to control these joints, hence a less resultant

error in reaching a target.

To control the balance between motor babbling and target-reaching behaviors the

following equation is used:

P(rnd) = 0.5+ &(mep, — myy) (3.1)
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Where P(rnd) is the probability of performing a random action, and &(x) is the
normalized value of . The quantity mg, is the mean error in the close past and

My, is mean error in the far past.

The concept of close past and far past is generated by making the system maintain,
at each time step, a list of measured error, described as the distance between the
target location and the resultant gripper location, during the last n steps. This
list then is divided in two halves; The most recent half, which consist of set of
errors between j = ¢ and j = t — (n/2), is considered as a set of errors in the
close past. The other half, that consists of set of errors between j =t — (n/2) and

j =1t —n, is considered as a set of errors in the far past.

Dividing the most recent n time steps into close past and far past serves the goal
of altering the frequency and the necessity for random actions. So when error is
reducing, and the robot performance is getting better, a negative value of &(x)
would result, which would decrease the random action probability, P(rnd). on
the other hand, when the error is increasing, a positive value of &(x) would be
generated resulting in higher motor-babbling probability, Eq. (3.1). see Figure

3.10

In other words,when the robot is getting better, in controlling its joints, then less
random actions are needed, while increased error means that the robot has not
yet learned the action-consequences nature of its arm joints and thus more motor

babbling behavior is yet need to be practiced by the robot.
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FIGURE 3.10: when error is being reduced then less random actions are needed,
while increased error means more motor babbling behavior is yet need to be
practiced by the robot.

3.6 The Experiments

3.6.1 Babbling Experiment

In this experimental setup, a simulated 2DoF planar robotic arm, Figure 3.11, is

used to demonstrate the developmental sensory-motor learning process, starting
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by random motor-babbling actions and then shifting gradually toward performing

target-reaching trajectories.

It is crucial to mention that the robot was not provided with any knowledge about
how to control its joints, besides no action-consequence model was preprogrammed

by the designer beforehand of learning.

= 05 i 0s 1 15 2

F1GURE 3.11: 2DoF robotic arm and its corresponding workSpace.

A red ball is used as the target that the robot is required to reach at any given
time. The ball location is generated randomly and then the robot is asked to
reach it with its end-effector, then, after the robot trail to reach the target, a new
location is generated whether the robot has managed actually to reach the target

or not, Figure 3.12.

As mentioned above, and illustrated in Figure 3.8, the trajectories that are per-
formed by the robot, whether target-directed or random, are always used as a
training signal for the learning system, which implies a continues adaptation and

learning of the generated implicit model of control.
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In Figure 3.13, a gradual decrease in error is noticed with more practicing of the

learned model that was initiated by the babbling actions.

FIGURE 3.12: The ball location is generated randomly and then the robot is

asked to reach it with its end-effector, then, after the robot trail to reach the

target, a new location is generated whether the robot has managed actually to
reach the target or not.
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FIGURE 3.13: resultant error during learning.
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The robot performance starts with high error rate. But with more training experi-
ences the multilayer architecture of self-organizing map, SOINN, starts gradually
to capture the contingencies behind joints angles and resultant end effector loca-
tion. This incremental self-organizing process results in an observed decrease of

the resulted error of generated actions.

3.6.2 Adaptive Babbling

In this second experiment we demonstrate the system’s reaction to a sudden un-
expected change in the physical structure of the robot. This sudden change could
account for a breakage in a joint, alteration of a link or a displacement of the

end-effector location in relevance to the arm links.

In this experimental setup we still have the same task of reaching a red ball, but
now , after the system has learned its own implicit model, we suddenly increased
the length of the arm’s second link by 10% of its original one.

Altering the physical structure of the system means that now the learned implicit
model does not accurately reflect the actual system nature. So if the system,
before this unexpected change, had already reached a level of stability in term of
the frequency of babbling actions, where a lower rate of random motion could be
noticed, then now this stability won'’t last, and the robot would need to re-explore

the contingencies of its action-consequence relation.
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In Figure 3.14, the horizontal axis shows a sequence of groups of time-steps ,each

consist of 10 actions, that depicts the transition of the robots performance between

motor babbling and target-directed actions. The vertical axis shows the number

of babbling motions that was performed in each group of 10 time-steps. The

experiment was repeated three times in order to emphasize results repeatability.
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FIGURE 3.14: A real-time reaction to an unexpected change in the length of

the second link.

As expected, most of the robot’s actions, when it starts learning, are babbling

ones and that is because the robot is not aware of its kinematic model. But then

gradually this rate of babbling actions would decrease as the system proceed in
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building an implicit model of its control. Eventually we notice that almost no
babbling actions are being performed but rather almost all of the taken actions

are goal-directed.

During the robot’s performance we altered the second link length, as mentioned
above. This change would increase the resultant error in the robot’s reaching ac-
curacy because the learned sensory-motor associations does not accurately reflect
the actual current status of the system. This increased error would generate a
positive difference between m,, and my, from Eq. (3.1), what eventually results

in a higher P(rnd), which is the probability of performing a babbling action.

This change in the behavior of the system can be observed in Figure 3.14 where
a peak in the frequency of babbling actions is clearly noticed around the point in
time where the physical structure of the robot was altered.

What can be noticed also is that the domination of babbling actions won’t last for-
ever, but rather it would be there as long as the system hasn’t fully recaptured the

contingent action-consequence relation of its recently altered physical structure.

Next, we went on altering different parts of the robot’s structure, for example in
Figure 3.15 we did the same thing but this time we increased the length of the

first link.

Figure 3.16 shows the reaction of the system when we applied some link offset to

the first link, then the same thing was done but to the second link,Figure 3.17.
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FIGURE 3.15: A real-time reaction to an unexpected change in the length of
the first link.
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FIGURE 3.16: A real-time reaction to an unexpected change in the physical
structure introduced as an offset in the first link.
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FIGURE 3.17: A real-time reaction to an unexpected change in the physical
structure introduced as an offset in the second link.
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In all of the structure-alterations scenarios the system showed noticeable sensitiv-
ity to sudden unexpected structural changes and always has responded in adaptive
manner in order to compensate the discrepancy between the autonomously formu-

lated implicit control model and the actual physical shape.

This observation emphasizes the impact of the concept of learning through bab-
bling on the ability of the system to adapt and react to unanticipated changes and

conditions.

3.6.3 Discussion

After learning, SOINN’s nodes converges into a network of most representative
data samples. These representative nodes would be responsible of approximating
the sensory-motor associative patterns that makes up the implicit model of joint

control.

In order to have an insight into the learned model of sensory-motor associative
space, a visualization of the first layer of SOINN is depicted in, Figure 3.18. This
network represent the learned implicit control model of the first joint of the robotic
arm. Figure 3.18.a shows a 3-dimensional visualization of this resultant network,
where each node represents a single representative associative sensory-motor pair-
ing of the form [, L;], as described in section3.5.1. if we look at the topological

structure of this network from 2-dimensional perspective, Figure 3.18.b, we notice
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that it captures a very similar structure to the Cartesian space but spawned across

a third dimension of the associated angles of joint, .

FIGURE 3.18: A 3-dimensional representation of the approximated sensory-
motor associations that correspond to joint; (left). the same network but in
2-dimensional perspective (right).

Next is a visualization of the learned SOINN network but for joint,, Figure 3.19.
Again the network to the right, Figure 3.19.b, is the 2-dimensional perspective
of the 3-dimensional SOINN network, Figure 3.19.a, that represents the sensory-

motor associative model for joint,.

Notice, from Figure 3.19.b, the egocentric characteristic of the learned model since
the Cartesian part of the associative data points does not reflect the whole work
space but rather it captures only locations that are taken from the perspective of

jJoints,.

In both learned networks, Figure 3.18 and Figure 3.19, we notice that SOINN has
the ability to cover the whole input training space with consistent distribution of
nodes that enables the system to generalize even for unseen data points that was

not provided during the process of network generation.
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FIGURE 3.19: A 3-dimensional representation of the approximated sensory-
motor associations that correspond to jointy (left). the same network but in
2-dimensional perspective (right).

This was demonstrated in Figure 3.13 where the ball location was generated in
continues input space rather than discrete one, but yet the system managed to gen-
erate trajectories of decreasing error even without the need for separated training

and testing phases.

3.7 Summary

In this chapter we have presented an architecture for learning sensory-motor as-
sociations for target-reaching tasks, using self organizing neural networks. The
approach that was taking is inspired by developmental psychology where motor
learning starts by babbling-like ballistic trajectories, similar to the ones observed
during early stages of motor development in human infants, then the robot shifts

toward reaching-actions with continuously decreasing error.
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This developmental approach toward robot learning was demonstrated by the fact
that no preprogrammed control policy was provided beforehand of learning. But
rather the robot explored, on its own, the action-consequences contingencies of
its joints and then, autonomously, generated an implicit control model through

Motor babbling actions.



Chapter 4

Receptive Fields.. Self
Organization.. Hebbian Plasticity

and Robot Learning

4.1 Introduction and Motivation

Providing a mathematical model that describes the behavior of a dynamic adap-
tive system is not always an easy or even a possible task. In environments that
are characterized by being either continuously-changing or not fully determined,
it is considered unpractical to design system functional policy based on an explicit
formal description of the expected conditions of operation. besides, sometimes the

system itself could be of non-rigid descriptive characteristics that result in model

53
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parameters adaptive in nature or difficult to predict[14].

Consider for example the challenge of designing a locomotion system for plane-
tary exploration robot that would navigate unfamiliar terrains with undetermined
physical characteristics like viscosity or surface friction. On the other hand, let’s
take the case of designing a robotic manipulator with the ability to compensate
for any unmodeled nonlinearities caused by actuator wear-out-scenario, in order
to achieve a self-calibrating system. Any predetermined control policy for such
systems won’t operate effectively unless an anticipated mathematical model of the
operation environment, or system dynamics, would be embedded into the system

model ahead of time, which is not always a computationally plausible task.

Here we notice the necessity for an approach to system model based on reac-
tive learning rather than rigid hard wiring [16]. Such an approach tends to ex-
ploit system-environment interactive experiences, through continues sampling of
input-output correlative incidences, in order to gradually scaffold through real-
time formulation of implicit functional structures that govern the system’s behav-
ioral patterns. Adopting such learning approach would reduce design rigidity that
is imposed by manual model-hard-wiring, thus resulting in system with increased
flexibility concerning task specificity or the applicable environment of operation

[59).

Designing a learning mechanism capable of capturing implicit modeling associa-
tions means that the system must make use of its own past experience in order

to shape any emergent governing relations between input and output samples.
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In other words, the learner need to be in constant state of system-environment
interaction through embodied alteration of the actual surrounding environment
and then keeping track of these interactions through situated perception of the
outcomes of these experiences|60].

During this cyclic relation between the learner and the world around, implicit
cognitive structures start to form and take shape not as explicit modeling policies
but rather as emergent regularities governing the intrinsic contingencies of both
environment characteristics and system’s behavioral dynamics[61]. These acquired
input-output relational schemes are not rigid or final, but rather they are subject
to continuous reshaping and alteration by further experiences and incidences of
system-environment interactions, and this what would provide the ability for the
learner to evolve and scaffold without manual embedment of any priori descriptive

system parameters.

The fact that past experience serve as training data points, requires taking into
consideration that in many applications, the availability of collected data from the
environment would be of a sparse, distributed nature where sample data points
are scattered discontinuously over the data space [62].

With only a limited number of acquired data points we need a mechanism that
would allow us to generalize behind what has been captured by means of interpo-
lating those sparsely-collected samples in order to have a system that can respond

continuously to the external world. In order to achieve such generalization ability,
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it worth noting that within data space, learned data samples can be of a topo-
logical significance on the basis of their physical location in data space[63]. This
positional significance makes up the essential aspect of the process of approximat-
ing unseen data points by aggregation of locally active learned samples, where the
contribution of each learned sample would be based on its location in the space.
Such approach is inspired, in a very limited extend, by biological mechanisms of

neuronal receptive fields in the mammalian nervous system|64].

In this chapter we propose an incremental learning neural network that can boot-
strap from a state of complete ignorance of any representative sample associations.
Our approach captures the problem’s data space components using emergent ar-
rangement of receptive field neurons that self-organize incrementally in response to
sparse experiences of system-environment interactions. These learned components
are correlated using a process of hebbian plasticity that relate major components

of input space to those of the output space.

4.2 Methodologies

The network we are proposing is an Incremental learning mechanism that can
bootstrap from a state of complete ignorance of any representative sample associ-
ations.

In order for the proposed network to learn the problem in hand, three sub-problems

need to be learned: first of all the input-space of the underlying function need to
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be captured. Second, the corresponding output-space as well is modeled as a set of
representative elements. Finally,associative relations between major components
of these input and output spaces are captured and learned in order to make up

the backbone of the governing associations implicit to the learned function.

The main approach is that each of input and output space is modeled by a set
of self-organizing nodes that represent emergent, major and most representative
components (called space-component nodes ) of the corresponding space. After
the space-component nodes of each space have been learned, a hebbian plasticity
process is employed in order to correlate the space-component nodes of input space
with those of the output space.

Any data point, within each space, is represented as a combination of locally acti-
vated space component nodes. The activation for each of these node is influenced
by the excitation level of of the node’s receptive field in response to the topo-
logical location of the stimulus data point within the data space. So as a result,
the stimulus data point is represented as a vector of activation levels of various
space-component nodes that make up the data space within which this data point

is located.

As noticed above the proposed mechanism relays on some biologically-inspired
concepts as receptive fields and hebbian plasticity. That’s why these concepts are

reviewed briefly in the next section.
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4.2.1 Receptive Fields

Let’s imagine standing in the middle of a pitch-black dark room, and someone,
couple of meters away, is holding a small candle. The fact that the candle is in your
visual field, and you can see it, means that some of the neurons in your retina, the
retinal ganglion cells, are activated by the presence of the candle stimulus within
their receptive field portion of the visual field.

Now let’s imagine that the person holding the candle is moving across the room but
still within your visual field while you are still holding the same location and gaze
direction, then as the location of the candle within your visual field changes, the
set of activated neurons in the retina would change as a response to the presence
of the candle stimulus in their corresponding receptive field portion of the visual
field.

This gives us the impression that our visual field is divided into overlapping regions
so that a given retinal neuron would be sensitive to the applied stimulus only if
located within given region, or set of adjacent regions, of the visual field. In other
words, a neuron that respond to the presence of a stimulus in its associated region
of the visual field would show little or no response if that stimulus was located in
different region of the visual field. That is way we call this particular region, to
which a given neuron shows sensitivity to applied stimulus, as the receptive field

of the sensory neuron[65].

The concept of receptive field is not only associated with retinal ganglion cells but

rather it is a broad abstract perceptual and computational concept that is present
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across different sensory modalities and even within higher hierarchies of cortical
information-processing neural assemblies[4, 66].

So as a general definition we can say that The receptive field of sensory neuron
is the portion of the ”"perceptual” space within which the neuron would respond
to applied stimuli. In other words, it is the portion of the space that would elicit
response from the corresponding neuron if a stimulus was located within that
particular portion of space. Hence, it is a region of the sensory surface to which a

particular neuron show sensitivity to the applied stimulus|[66].

It is important to mention that the relation between portions of the sensory space
and the corresponding neurons is not usually a one-to-one relation. Meaning that
the presence of a stimulus in a given region will not usually activate only one neuron
but rather a set of neurons would respond to that stimulus[67]. The reason behind
such observation is that usually the receptive fields in the sensory space do not
form mutually exclusive divisions but rather they have overlapping coverage of the
sensory space. This means that if a stimulus was presented in a given point of the
sensory space, then we would have a given neuron with maximal respond to this
stimulus together with a set of other neurons with a less level of response.

The maximal-response neuron is the one who’s corresponding receptive field center
point is the closest to the point where the stimulus was applied, and the set of less-
response neurons are the ones who’s corresponding receptive fields are overlapped

with that of maximal-response neuron[68].

Although different sensory neurons have different receptive field models, but it is



Chapter 4. Receptive Fields.. Self Organization.. Hebbian Plasticity and Robot
Learning 60

convenient to approximate each receptive field model as a Gaussian function of
stimulus location, as shown in Eq. (4.1), where the p value of each Gaussian is
at the center of the corresponding receptive field ,which represents the preferred
location to which the receptive field would demonstrate maximal response. o

determines the spread of each receptive field.

202

f(z) = exp (M) (4.1)

In other words, each neuron would respond maximally when the stimulus is at
the center point of the corresponding receptive field, then the response would fade
and decrease gradually as the stimulus location moves away from the center point
until no response at all is noticed when the stimulus moves completely outside the

coverage area of the receptive field[68].

4.2.2 Hebbian plasticity

Hebbian plasticity, as explained by Donald Hebb in his book ”The Organization
of Behavior” [69],is a theory that attempts to explain the organization of neuronal
wiring and its adaptive dynamics in response to external experiences and stimu-
lation.

The main idea is based on the concept that a correlated activity of two neurons
would somehow increase the wiring efficiency among these neurons. In other words,

a synchronous firing of pre-synaptic and post-synaptic neurons would strengthen
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the synaptic connection between them so that a firing of pre-synaptic neuron alone

would provoke correlated firing in the post-synaptic neuron.

Hebb’s original Postulate stated that:

"When an Axon of cell A is near enough to excite a cell B and re-
peatedly or persistently takes part in firing it, some growth process or
metabolic change takes place in one or both cells such that A’s effi-

ciency, as one of the cells firing B, is increased.”[69]

This statement is usually summarized loosely as ” Neurons that fire together wire
together” | giving an approximate idea of the causality behind synaptic plasticity
in the nervous system. Actually this causal relation does not govern only the gen-
eration of new connections among neurons but also it accounts for the elimination
of existent ones as well[70, 71].

In other words, a repeated and persistent joint-activity of two neurons results in
a long-lasting effect of increased efficiency in the synaptic transmission between
these neurons, this phenomena is known as Long-term potentiation,or LTP. While
on the other hand, a repeated out-of-synchronization firing results in long-lasting
effect of decreased synaptic transmission efficiency known as Long-term depres-
sion,or LTD [70-72].

Both long-term potentiation and long-term depression processes constitutes the
basic mechanisms of synaptic plasticity in the nervous system that account for

adaptation to behavioral, environmental and physiological changes[73].
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In its simplest form hebbian learning rule could be described as:

Awij = T]T‘Z"I“j (42)

where: 7 is the learning rate. r; is post-synaptic firing rate and r; is pre-synaptic
firing rate. Such simple formulation emphasizes the dependence of synaptic ef-
ficiency change on the activity of both pre-synaptic and post-synaptic neurons

together.

A more complex and general mathematical formulation of the learning rule could

be described as:

Aw;; = Jal(rs — f2)(rj — f3) — 4 (4.3)

Now if we consider: f; = n (the learning rate). fo =< r; > (average firing rate of
neuron 7). f3 =< r; > (average firing rate of neuron j) and f; as a weight decay

term, that we choose to neglect here. Then the rule would look like:

Awyy = gl(ri— <y >)(ry— <r; >) (4.4)

it is clear from Eq. (4.4) that the average firing rate of each neuron is what deter-
mines the direction of plasticity whether it would be toward synaptic potentiation
or depression adaptation.

Hence, a long-term potentiation would take place when both pre-synaptic and

post-synaptic neurons both have either over-average or under-average firing rate.
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While a long-term depression would take place when the activity of pre-synaptic

and post-synaptic neurons has different directions[74].

4.2.3 Self Organization

As mentioned previously our approach captures each data space components us-
ing emergent arrangement of receptive field neurons that self-organize incremen-
tally in response to sparse experiences of system-environment interactions. The
mechanism through which these space component nodes are captured is based on

Self-Organizing Incremental Neural Network (SOINN)[55]. See section 3.3.

4.2.3.1 RF-SOINN: a modified SOINN Neuron

In order to use SOINN neuron as space-component nodes, we had to create a mod-
ified SOINN nerons. We call this Neuron RF-SOINN (Receptive Field SOINN).

Actually RF-SOINN is combination of regular SOINN network and the concept of
receptive field. Thus resulting in SOINN neurons that have receptive field-based

activation function.

Originally SOINN neuron has step activation function. This is demonstrated by
the fact that no matter where the input point is located within a given SOINN

neuron’s coverage area, then the neuron would respond by maximum activation.

Thus all activated SOINN neurons would exhibit uniform activation level if the

stimulus is within their perception spot. This fact would limit the possibility of
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using SOINN network as data-coding mechanism.

In order to overcome this limitation, we modified the activation function of SOINN
neuron, by giving it a Gaussian activation function Figure 4.1, thus allowing some
non-linearity in the way a given data-point is coded. Now two active neurons
won’t show the same activation level in response to given stimulus, but rather each
neuron’s activation level is governed by the topological location of the stimulus,
within the data space, in relevance to that neuron.

The significance of this modification would appear in the following sections.

Activation
A

Classic SOINN fx)=1 [lx—pl|= a

Step fx)=0 [lx—pll >«
Activation Function

v
x

Activation
A

RF-SOINN L

Gaussian
Activation Function

v
x

FIGURE 4.1: SOINN Neuron has step activation function, while RF-SOINN
nur has Gaussian activation function.
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4.2.4 The Network Architecture

4.2.4.1 Overview

In the formulation that follow, the term, Learning Experience FEj, refers to a
single learning instance that is represented as input-output pairing that correlate
an arbitrary data-point from the input-space with an arbitrary data-point from
the output-space. So the kth learning experience is written as Ejy : [Xy, Y,
where X} is g-dimensional vector that represent an arbitrary input-data-point
of g-dimensional input-space, and Y} is h-dimensional vector that represent an

arbitrary output-data-point of h-dimensional output-space.

The main idea, on which our proposed architecture is based, is that we model
a given data space by a set of representative data points each of which can be
thought of as a Space-Component Node that reflects a zone of persistent stim-
ulation in the data space. This means that the input data-space Sy is writ-
ten as a set Siput : {Ciny» Cings ---Cin,, } of m input-space-component Nodes Cj,,
each of which is a g-dimensional node that constitute a coding component within
the g-dimensional input-space. Hence, any arbitrary input data-point X in the
input-space is coded as a non-linear combination of the activation levels of various
input-space-component nodes. This non-linear combination does not extend over
the whole set of space-component nodes but rather it includes only those space-

component nodes that were locally activated by the topological location of the
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input data-point, within the space, in relevance to space-component nodes, Figure

4.2.
o A Space-Component
- Node '

Network of
RF-SOINN

+ A given data space is + Any data point is coded by the
represented as a set of Activation levels of
space-component nodes space-components nodes

s = {Cll Cz Cn} X = {Tl,rz ...Tn}

Capture Input Capture

Space Output Space

Learn Correlations between
Input space and Output Space
component nodes

FIGURE 4.2: Each data space is modeled by a set of space-component nodes
each of which reflects a zone of persistent stimulation in the data space. After
capturing and learning the set of space-component nodes that make up each data
space, space component from input-space are correlated with synchronously
activated ones from the output-space through hebbian connections.

Equivalently , the output-space Soutpus is written as a set Spueput © {Couty s Coutss --Cout,, }
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of n output-space-component nodes C,,;, and, again, any arbitrary output data-
point Y} is coded as a non-linear combination of locally-activated output-space-

component nodes.

Finally, we need to learn the correlative relation between each space-component
node of the input-space with those space-component nodes of the output-space.
Since any data point is represented as a combination of space-component nodes
of the corresponding space, then instead of learning the correct output for each
data point in input-space, the network needs only to learn the activation pattern
of output-space-component nodes for each active input-space-component node.
In other words, we need to determine the set and pattern of space-component
nodes of the output-space that would response if a given single space-component
node from the input-space is excited. This information is exactly what we try
to learn and capture through hebbian plasticity process. After that, the correct
output for any arbitrary data point within the input-space is determined as an
integration of output-space-component nodes that were activated by each input-

space-component node encoding that arbitrary data point,Figure 4.3.

4.2.4.2 Data learning

As mentioned above, each data-space is represented by a set of space-component
nodes. This set is acquired as SOINN network of self-organizing space-components
nodes so that the topological structure of the learned map captures the distribution

of regions with persistent occurrence of data-points within each data-space. Each
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Re-adapt self-organizing map
@ of output-space-component
nodes after application of new
’L arbitrary output data-point

®

' Correlate space-
component nodes of
input-space with
those of the output-
space through
Hebbian process

Re-adapt self-organizing map

of input-pace-component
@ nodes after application of new

arbitrary input data-point

FIGURE 4.3: 2D circle represents an arbitrary data point. 3D spheres represent
space-component nodes.

time a new data-point is applied SOINN would re-organize itself,as explained in
section 3.3, in incremental fashion to facilitate on-line process of learning the set
of representative space-component nodes that makes up each space.

This process takes place when learning the set of space-component nodes for both
input and output spaces. i.e. for each learning experience, Fy : [Xj, Y], the input-
data-point, Xy, is fed into the self-organizing map, Sinput © {Cinys Cings ---Ciny, 1
of input-space, resulting in re-adaptation of node-distribution within the space.
The same thing happens after obtaining the correct output-data-point Y}, either
from environment or by explicit teacher, and feeding it into the output-space map

Soutput * {Coutys Coutys ---Cout,, }-se€ Figure 4.3.

Since each of input and output spaces are represented by space-component nodes,
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and because any arbitrary data-point, within each space, is simply coded as an
activation pattern of various space-component nodes, then in order, for the archi-
tecture, to learn the functional relation between arbitrary data-points from these
spaces, the architecture then needs only to learn a correlative relation that asso-
ciate each space-component node from input-space with component nodes of the
output-space. These learned associations between space-component nodes repre-
sent the backbone that governs the implicit relation between input and output
spaces. The reason for that is that, in our proposed mechanism, the input-output
relation between any two arbitrary data-points is obtained from the correlative
associations that connect the space-component nodes that code these arbitrary
data-points. Learning these associations requires, first, obtaining the receptive
field activation level r; for each input-space-component node Cj,; as response to
the applied input-data-point X}, then we need to obtain the receptive field acti-
vation level r; for each output-space-component node C,,;, as a response to the
acquired output-data-point Y. For example, The activation level r; of the recep-
tive fields that belongs to output-space-component nodes Cl,;, as response to an
applied data-point Y is governed by Eq. (4.1), or we can use a normalized version
of Eq. (4.1), in order to insure that at any time at least one of the receptive fields

is being activated[75], and that is by making the activation function to be:

v 2
= F(Y) = exp(—||Y — Cou,||/207)

Y exp(= Y = Cou, ||/202) (4.5)

Where, Y: is output-data-point location within the output-space. o: determines
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the spread of the Gaussian. n is the total number of output-space component
nodes. The same equation is employed in order to compute The activation level
r; of the receptive fields that belongs to input-space-component nodes Cj,; as

response to an applied input-data-point X.

After obtaining the receptive field activation level of each space-component node
from input and out data-spaces, synchronously activated input and output space-
component nodes are correlated by mean of hebbian learning through the use of

a variation of hebbian learning rule called Oja rule[76] as follows:

Aw;j = n(rir; — Z wy;Ty) (4.6)
I=1

where: w;;: is the weight of the associative connection between the input-space-
component node C’m]. and output-space-component node Cl,,. 7: is the learning
rate. r;: is the activation level of the output-space-component node Coy,. 151 is
the activation level of the input-space-component node Cj,;. n is the total number

of output-space component nodes.

The purpose of incorporating hebbian process, after the application of each learn-
ing experience Ejy : [Xj, Y], is to makes sure that space-component nodes from
input and output spaces, that were activated at the same time ,are recorded and
learned as co-active regions reflecting implicit functional relations between these

spaces.
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So each time a space-component node in the input-space is activated, the architec-
ture would detect the set and pattern of responding space-component node from
the output-space. These responding output-space-component nodes together with
the active input-space-component node would be considered as co-active compo-
nent nodes that reflect functional implicit relation between the input-space and
the output-space, and thus this relation needs to be captured and recorder through

hebbian learning.

4.2.4.3 Output prediction

When we want to predict the output value for a given input, then a process
demonstrated in Figure 4.4 is employed. First of all when an input-data-point,
shown as small 'x’ in Figure 4.4.a, is presented to the network, its location within
the input-space would activate the receptive fields of some of the input-space-

component nodes,using Eq. (4.5).

Then, The activated input-space-component nodes would activate, in their turn,
some of the output-space-component nodes that are connected with them.

The influence that the activated input-space-component nodes would demonstrate
on the activation of output-space-component nodes is mediated by the weight of
hebbian connection between them after being modulated by the activation level
of input-space-component nodes, Figure 4.4.b. In other words, the application

of input-data-point X would evoke a response, r;, in the receptive field of some
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FIGURE 4.4: a: the location of input-data-point within the input-space would
activate the receptive field of some space-component nodes. level of redness
represents level of activation. b: modulation of connection efficiency by the
activation level of input-space-component nodes. The thickness of connections
represent weight strength. c: the ultimate activation level of each output-space-
component node is what determines the prediction output value.

input-space-component nodes, this respond constitute an activation-pattern cod-
ing the data-point X;. And because we don’t have an actual value of Y}, to activate
the receptive field of output-space-component nodes, then we need to estimate the
activation pattern, 7;, of these output-space-component nodes in order to have an
estimated coding of the predicted output—data—point,yk. Estimating the activation
level, 7;, of each output-space-component nodes, C,,,, is driven by, both, the effi-

ciency, w;;, of each activated input-space-component node to provide a response in
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this output-space-component node, and the degree, r;, at which the input-space-
component node has been activated in response to X,. This is demonstrated in Eq.
(4.7), where 7;: is an estimation of the activation of output-space-component node
Cout;- 151 1is the recorded activation level of each input-space-component node,
Cint;» when the input-data-point Xj, was applied. wy;: is the weight of connec-
tion from each input-space-component node, Cj,,, to the output-space-component

node who’s activation level is being estimated.

D wigTy

T = —Zj w (4.7)

Now after we have estimated an activation pattern for output-space-component
nodes, we need to use this estimated pattern as coding for the predicted output-
data-point 7;. i.e, we need to derive the output-point itself from the estimated
activation pattern. The interpolatory process that is involved is demonstrated
in Eq. (4.8). Here the predicted output Y} is function of both the location of
every output-space-component node Cl,,, together with the, previously estimated,

activation level 7; of this output-space-component node.

}A/ o Zz fioouti

k= v (4.8)

So we can think of the predicted value Y} as a combination of multiple output-
space-component nodes C,,,,, where the contribution of each output-space-component

node is determined by its estimated activation level.
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4.2.4.4 On-line Incremental Learning

Within the architecture proposed, learning takes place in a continuous incremental
manner. In other words, there is no need for the network, in order to learn the
problem in hand, to go through separated training then testing phases. Rather,
the network can start from a state of complete ignorance of the nature of the
problem being learned, and then, through interaction with the environment, the
network scaffolds into gradual shaping of internal structures and organizations
that all together constitutes an implicit representation of the learned problem.

In order for such emergent organization of network elements to take place we need
to close the loop between the network and the surrounding environment, as seen

in Figure 4.5.

At each time-step, ;, when a new input-data-point X} is entered into the net-
work, this data-point would activate the receptive fields of some input-space-
component nodes, Eq. (4.5). The recorded activation levels of input-space-
component nodes together with the hebbian connections, between input and out-
put space-component nodes, would provoke response in some output-space-component
nodes according to Eq. (4.7). These responses are used, Eq. (4.8), in order to
predict the value of output-point Yk, which would be applied to the surrounding
environment as the network output.

After the actual output-data-point,Y}, , is measured, or obtained explicitly, from
the environment, the network need to go through re-adaptation process in order to

learn the whole learning experience, Ej, : [ X}, Yi]. This would gradually formulate
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FIGURE 4.5: The network learns in an on-line incremental way through contin-
uous interaction with the environment.

and shape the structure of the sets of component nodes representing both of the
input-space and the output-space and the hebbian connection that correlate these
spaces. This incremental process is summarized by re-organizing SOINN maps of
both input and output spaces, as explained in section 3.3, and then re modifying
the weights of the correlating connections thought a hebbian plasticity process Eq.

(4.6), see Figure .4.6.
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FIGURE 4.6: Learning takes place in On-line incremental manner where the
loop between the network and the environment is closed.

4.3 The Experiments

In this section we demonstrate the network ability to perform on-line incremental
learning through continues application of learning experiences, Fy : [ Xk, Yz]. Mul-
tiple experiments are performed; one of them is a real-world regression problem,
and the other one is from robotics field in order to test the network ability to learn
by interaction with the environment. One more experiment is performed, using
4 DoF robotic arm, in order to compare performance of RF-SOINN neuron with

that of regular SOINN neurons.



Chapter 4. Receptive Fields.. Self Organization.. Hebbian Plasticity and Robot
Learning 7

4.3.1 Pressure-endurance regression experiment

In this experiment the network is required to learn a regression problem for pre-
dicting pressure-endurance value using a data set from KEEL Data set repository,
[77]. The task in this experiment, is to learn the amount of pressure a given plastic

material can withstand under applied force and temperature.

The input-data-point part of each learning experience, Ey : [ X, Yi], is represented
as two-dimensional vector,Xy = [r1,xs], where z; is the applied force. w5 is
material temperature. On the other hand, the The output-data-point part, Y;, is
one-dimensional vector that represents the estimated pressure that the material
can withstand. The employed data set consist of over 1600 entries of real-world

collected data[77].

As mentioned previously, the purpose of this experiment is to demonstrate the
network capability of on-line, incremental learning so there are no separate training
and testing phases, hence the data set was not divided into training set and testing
set, but rather the whole data set is treated as testing data set. In other words,as
mentioned in section 4.2.4.4, each cycle takes place by first applying X, into the
network that would compute an estimation of pressure value output, Yk, then a
training feed-back is provided to the network through the application of the actual
output value, Yj, Figure 4.5.

This incremental training feed-back enables the network to improve its ability
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to learn the underlying pressure endurance function by gradual adaptation of its

input and output self-organizing maps, Figure 4.3.

A demonstration of network capability to learn in an on-line, incremental fashion is
illustrated in Figure 4.7, where the network’s prediction error was collected during
three experimental runs then the average error was plotted against the number of
applied learning experiences.

We notice a clear reduction in prediction error with more application of learning
experiences to the network.

We reemphasize that this reduction in error was not recorded after a separated
phase of training with dedicated training data set, but rather it was recorded
during the incremental learning process through instance-by-instance application

of learning experiences.
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FIGURE 4.7: Prediction Error evolution during application of learning experi-
ences to the network.
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In Figure 4.8, a scatter plot of the actual output values, Y}, on the horizontal axis
is plotted against the predicted output values, Y}, on the vertical axis.

We notice that the model places most of the dots along the diagonal. Hence
the model ability to approximate output values with a presence of some unbiased

prediction error.
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FIGURE 4.8: A scatter plot of actual output values on horizontal axis against
predicted output values on the vertical axis.

A group of collected residuals are sampled in Figure 4.9 where the distribution
of collected residuals shows the ability to predict a normal distribution in the
population. Notice from Figure 4.9 that the normality assumption is likely to be

true as seen by the even distribution of residuals around zero.

4.3.2 Robotic arm reaching-task experiment

In this experiment we demonstrate the proposed network ability to serve as the core
learning-engine for acquiring implicit internal representation of system-environment
contingencies. The goal is to teach a planner 2DoF robotic arm, similar ti the one

in section 3.6.1, to perform target-reaching tasks without providing it with any
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FIGURE 4.9: Histogram of collected residuals.

mechanism for performing forward or inverse kinematics or any explicit control
model. In other words, the robot was not provided with any knowledge about
how to control its joints and even we did not preprogram the robot with any

action-consequence model beforehand of learning.

At each learning experience, a random reach-target is generated and then the
robot is asked to achieve this location. After the robot performs its motor action
in attempt to reach the target location, the actual resultant end-effector location
is used to train the network. This training feedback is essential to guarantee an
incremental bootstrapping ,of the implicit model formed by the network, toward
higher competence of target reaching capability, where training and performing
take place side by side without the need for adopting separated-phases-approach
to learning. So a learning experience, Ej : [X}, Yy], is a sensory-motor coupling
of the form Ej, : [[l;,1,], [01,62]]. Hence, X} = [l,,[,] represents the resultant end-
effector location as a point in the Cartesian-space, and Y = [0, 6] is a point in

C-space representing arm’s configuration that is associated with the corresponding
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Cartesian-space point.

Monitoring the arm performance during system-environment interaction, Figure
4.10, reveals a clear degradation of actuation error, which implies a clear Im-
provement of the network capability to capture system-environment contingencies

through sensory-motor learning.

Errar
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0 20 40 60 a0 100

time-step

FIGURE 4.10: performance of the target reaching capability through sensory-
motor learning.
The accuracy of the suggested configuration, Y, = [91, 9}], would depend on the
state of sophistication of the learned contingencies between joint actuation and
the resultant consequences in the environment. So at early stages of learning, this
suggested configuration won’t offer high-accuracy solutions. But gradually, with
more experience and as the system explore the contingency space, more accurate

associations would be learned by the network.
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4.3.3 RF-SOINN vs. Classic SOINN Performance ( 4 DoF

Robotic Arm Reaching Experiment)

In order to demonstrate the performance of RF-SOINN neurons over regular
SOINN neurons when used as coding elements within the proposed network, we
designed an experiment similar to the one in section 4.3.2 but using a robotic arm

with higher degree of freedom (4 DoF), Figure .4.11

FIGURE 4.11: A reaching target is generated randomly and then the robot is

asked to reach it with its end-effector, then, after the robot trail to reach the

target, a new location is generated whether the robot has managed actually to
reach the target or not.

The performance of the proposed network is compared with two other networks;

The first one is SOTAMM network|78], which is a version of SOINN with regression
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capability. The second network is exactly similar to the proposed network but

equipped with regular SOINN neuron instead of RF-SOINN neurons.

After running the experiment and collecting measured error data we notice clearly
that the proposed network with RF-SOINN neuron has superior performance to
those of the other tow networks, Figure .4.12. We notice that RF-SOINN neurons
give better performance when used within the proposed network than regular

SOINN neurons.
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FIGURE 4.12: the proposed network with RF-SOINN neuron has superior per-
formance to those of the other tow networks.

A possible explanation for such better performance, when RF-SOINN is used, is
that having a Gaussian activation function enable better and more accurate cod-

ing of a data point within the data space.



Chapter 4. Receptive Fields.. Self Organization.. Hebbian Plasticity and Robot
Learning 84

Actually using Gaussian function means that the topological location of the stim-
ulus within the data space is more accurately recorded among the active neurons

than when a step function is used.

4.3.4 Discussion

As we have mentioned above, in section 4.2.4, we model a given data space by a set
of representative data points that are elements of a self-organizing map reflecting
zones of persistent stimulation within the data space.

These SOINN maps, "RF-SOINN maps” to be accurate, make up the essence
of data-space modeling within the network. Hence, it is responsible of problem-
domain coding and representation, which makes it the core incremental engine

that gives the network its on-line, incremental features.

The fact that SOINN is unsupervised learning mechanism that does not require
any prior knowledge about the problem in hand, gives it the ability to bootstrap
its topological structure with more application of learning experiences from the
surrounding environment. This continuous re-shaping and organizing of SOINN’s
node topology is governed by node-dynamics, Figure 3.5, that reacts to stimulation

tendencies within data-space.

The consistent distribution of each space-map nodes reveals the nature of SOINN
ability to cover a given data domain in a compact manner that allows the gen-

eralization beyond the recorded map elements. It is this spanning structure of
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convergent map, what gives the receptive field mechanism its perceptual cod-
ing characteristics that aids output prediction within the network. Besides, the
receptive-field-inspired mechanism for activating each node is the key factor be-
hind more accurate coding ability than traditional SOINN nodes as was illustrated

in section 4.3.3.

4.4 Summary

In this chapter we have presented a novel network that is capable of online, in-
cremental learning through the incorporation of cortically-inspired mechanisms as

self-organizing maps, receptive fields and hebbian plasticity.

The main idea is based on capturing the input-space and output-space of the prob-
lem in hand through self-organizing maps of receptive field neurons that would
make up the core coding elements within each space. Then the correlative associ-

ations between these core elements are learned by means of hebbian process.

The learning ability of the proposed architecture is demonstrated through multiple
experimental setups; one from real-world data regression problem , and two other

experiments from robotic arm sensory-motor learning problem.
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Conclusions

Getting a robot to achieve a given task can be a daunting job due to the amount
of manual work and preprogramming that is required on the engineer’s side. This
preparatory work, includes task formulation, operation-scenario specification, con-
cepts and symbol definition and algorithm hard-wiring.

The unstructured nature of our daily environment, together with the complexity
and diversity of perceptual concepts and objects within this environment, make
this job even more difficult and unpractical. Besides, let’s not forget the fact that
we cannot program for every scenario in our world that the robot might encounter.
Learning robots seem like a solution to this problem, but actually the problem of
manual symbolic abstraction and task customization boils-up to the surface again.
Recently, Developmental Robotics has been endorsed as the paradigm for design-
ing robotic systems capable of learning without an explicit presence of the human-

factor in the picture. Unfortunately, no clear systematic schema for realizing such

86
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developmental approach to robot intelligence has been proposed so far.

In this Thesis we address this problem by building a Robot Control Architecture
that adopt the mechanism of Motor Babbling which describes the way infants ad-
vance through early stages of development within their first months of life. Motor
Babbling is the autonomous process of forming an internal implicit model of a
moving mechanical system through Hebbian-like action-perceptions episodes.
The proposed learning-through-babbling architecture is a mechanism for learn-
ing sensory-motor associations using layered arrangement of Self-Organizing maps
and joint-egocentric representations. Based on this architecture the robot starts of
by random exploratory motion, then it gradually shifts into goal-directed actions
based on the measure of error-change.

Experimental results showed that adopting motor babbling proved to be a promis-
ing approach toward the generation of internal models and control policies for
robotic arms. Equipped with babbling architecture the robot managed to learn
sensory-motor contingencies and joint-control shames in an incremental on-line
manner. Besides, unanticipated sudden structural changes to the robotic platform

were learned and compensated for in adaptive and reactive way.

After building babbling control architecture, we move on into designing the core
learner itself that lays at the center of the robot’s learning system. This step was
motivated by the fact that interaction with the environment can provide a sparse
and discrete set of sample correlations of input-output incidences. These inci-

dences of associative data points can provide useful hints for capturing underlying
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mechanisms that governs the system’s behavioral dynamics. In many approaches
to solving this problem, of learning the System’s input-output relation, a set of
previously prepared data points need to be presented to the learning mechanism,
as a training data, before a useful estimations can be obtained.

So in this Thesis we proposed a novel neural network as an Incremental learning
mechanism that can bootstrap from a state of complete ignorance of any repre-
sentative sample associations. The proposed neural network captures the prob-
lem’s data space components using emergent arrangement of receptive field neu-
rons that self-organize incrementally in response to sparse experiences of system-
environment interactions. These learned components are correlated using a process
of hebbian plasticity that relate major components of input space to those of the
output space. The viability of the proposed network has been validated through
multiple experimental setups from both regression and robot motor learning prob-

lems.

e [t has been found that enabling a robot to learn how to control arm joints
for goal-directed reaching tasks is one of the earliest skills that need to be
acquired by developmental robotics in order to scaffold into tasks of higher

Intelligence.

e Associative Learning plays a major role in the formation of the internal dy-

namic engine of an adaptive system or a developmental robot.



Chapter 5. Conclusions and Future Work 89

e Learning through babbling makes a viable framework for realizing develop-

mental approach to robot intelligence.

e Babbling-based mechanisms have the ability to adapt to unanticipated changes

to the system itself or the operational conditions.

e Cortical mechanisms of learning can give us valuable insights in order to

build better learning algorithms.

e Learning is NOT purely developmental but rather is build and based on seed-
concepts and knowledge elements intrinsically embedded into the learner

before the actual interaction with the world around can take place.

5.1 Summary

The work presented in this research is not final nor problem-free of course. Ac-
tually our work is far from finished, as many points need to be tackled more
thoroughly. Our experimental results need to be improved by further modifica-

tions and optimization of the proposed algorithms.
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5.1.1 Future Work

Basically we can summarize the future road map of our research by the following

points:

e More architectural optimization modifications need to be performed in order
to fine-tune some internal parameters of the algorithm so a better learning

performance can be achieved.

e The question of transfer of learning from one platform into another was not
tackled in the current state of our work, we need to investigate it in the

future.

e The incorporation of elements of reward and motivation into the core mech-

anism of learning-through-babbling that we presented.

e In our research the system is not relaying on an intrinsic space coding and
localization approach. That is why, we are thinking of working on build-
ing localization mechanism that enables the system to formulate implicit
neuronal coding of the surrounding peripersonal space, thus providing the
system with localization technique in which any arbitrary location in the
peripersonal space is rather represented as an activation level within certain
nodes of coordination-oriented neural circuitry, which would spare us the

need to relay on an explicit Cartesian coordinate coding. We expect such
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approach to have computational advantages, in term of time and complexity,

over traditional Cartesian coordinate approach.
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