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The AISB’03 Convention

Cognition in Machines and Animals

The Society for the Study of Artificial Intelligence and the Simulation of Behaviour (SSAISB)
1s the UK’s national society in the field of Artificial Intelligence. It is one of the oldest Al societies
in Europe and has a long track record of supporting the UK research community. The society
has a tradition of holding annual meetings and a convention format has proved successful, most
recently at the Universities of Edinburgh (1999), Birmingham (2000), York (2001). and Imperial
College, London (2002). We are delighted to host the 2003 convention at the University of Wales.
Aberystwyth.

Recent advances in artificial intelligence. cognitive science, neuroscience and robotics have
stimulated new interest in the relationships between biologically-based and computer-based cog-
nitive systems. There is a current upsurge of activity both in biologically-targeted computer
modelling and in adapting and experimenting with biological concepts for the design and devel-
opment of novel computing technologies. For example, the BBSRC and EPSRC recently started
a joint programme on Adaptive and Interactive Behaviour of Animals and Computational Sys-
tems (AIBACS). These topics are providing much inspiration for new research and innovation
and the general theme of the 2003 convention reflects this stimulus and has attracted a range
of high quality paper submissions and presentations.

In the carly years of the SSAISB there was considerable interdisciplinary excitement about
the general phenomenon of cognition, and lively meetings were attended by both computer
scientists and psychologists. Perhaps the success of Al technology across a wide range of hard
applications in the '80s and '90s caused the research focus to drift away somewhat from that most
fascinating and astounding source of inspiration: cognition in the human brain. Consequently,
It is very pleasing that we are now in the throes of a swing back towards those original concerns
and I hope this convention will encourage further interaction between psychology and computer
science, not least through the exciting selection of topics and invited speakers.

The convention is structured around five independently organized symposia, each with their
own Programme Chairs and Programme Committee. The proceedings of all symposia are pub-
lished and several of the best papers have been selected for edited publication in the AISB
Journal. The unifying theme of the convention is reflected in a series of plenary sessions which
feature invited keynote speakers. The six speakers. all international authorities in their field.
are: Professor Peter Hobson, from the Tavistock Clinic and University College London: Pro-
fessor Rajesh Rao, from the Center for Mind, Brain and Learning. University of Washington;
Professor Giulio Sandini, from LIRA-Lab, University of Genova; Professor Sorin Solomon. from
Theoretical Physics, Hebrew University of Jerusalem: Professor Yiannis Aloimonos. from the
Computer Vision Laboratory, Institute for Advanced Computer Studies. University of Mary-
land; and Professor Gregor Schéner, from the Institut fiir Neuroinformatik. Ruhr-Universitiit
Bochum.

We are extremely grateful for the support of the EPSRC, who provided funds for both the
invited speakers’ travel costs and for a large number of bursaries for postgraduate research stu-
dents. The bursaries cover most of the cost of attending the convention and are particularly
valuable as they enable the next generation of scientists to interact and to discuss issues with
some of the key players in their research field. Support and assistance has been given by the
Department of Computer Science at UWA, Meinir Thomas and the Conference Office at UWA .
the IEE, and the Committee of the SSAISB, especially Geraint Wiggins. Special thanks are
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due to all the symposia Chairs for all their time and hard work: Kerstin Dautenhahn. Chrysto-
pher Nehaniv. Dimitar Kazakov. Daniel Kudenko. Eduardo Alonso, Ulrich Nehmzow. Gregor
Schoner, Horst Holstein. Fred Labrosse. Pablo Gervas and Simon Colton. Special thanks also
to our Technical Programme Assistant. Joanne Walker, and. for typesetting expertise, to Fred
Labrosse. Finally, thanks to all the authors for their contributions. which form the essential
core of the event. I am looking forward to the programme and I wish everyone a stimulating
and productive meeting.

Mark Lee (Convention Host and Programme Chair)
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Scientific Methods for the Analysis of
Agent-Environment Interaction

The motivation behind this symposium on scientific methods for the analvsis
of agent-environment interaction is the desire to finally start with the “mopping
up” activities that characterise “normal science” (Kuhn. The structure of scien-
tific revolutions), the attempt “to force nature into the pre-formed and relatively
inflexible box that a paradigm supplies.” The current paradigms underlying
autonomous agents research still seem too weak to support “normal science”.
When I first identified this as a problem within the discipline of autonomous
agents in general, and autonomous mobile robotics specifically. I hadn't realised
that this concern was so widely shared within the community; but the call for
papers for this symposium elicited numerons encouraging comments and suffi-
cient contributions for a viable meeting, so that this first symposium (ever?) on
scientific methods received the go-ahead from the AISB committec.

Arguably, research in agent-environment interaction hasn’'t even reached the
stage of “normal science” yet, because paradigms forming the foundation of our
rescarch are still emerging and formulated in vague terms. Still little “mop-
ping up” is to be done. as we lack theories with predictive powers of agent-
environment interaction. We have few precise instruments (such as for instance
quantitative descriptions of agent-environment interaction) at our disposal. and
are consequently left to present qualitative descriptions of experiments and ex-
istence proofs. These are by no means futile activities. but perhaps the time has
come to aim for more rigorous experimental methods that allow independent
replication and verification of experimental results.

The fact that this symposium is happening is very encouraging. Slowly,
but inexorably the emergence of a new branch of research in behaving agents,
namely “scientific methods™, is gathering momentum, and for the first time it
will be discussed within the research community what we actually mean by
“scientific methods for the analysis of agent-environment interaction”.

It will, on the one hand. mean characterisation through measurement of
behaviour, and contributions in these proceedings will look at the evaluation of
navigating robots (Hafuer) and quantitative deseription of agent-environment
interaction (Nehmzow and Walker).

“Scientific methods™ will also entail aspects of computer modelling (Evans,
Heuvelink and Nettle) and system identification (Singh and Singh). as well as
the transfer of robotics research to related disciplines such as embodied com-
putational neuroscience (Prescott, Gonzalez, Humphries and Gurney) and the-
oretical cognitive science (Ziemke).

This symposium would not have happened without the overall positive re-
sponse by the scientific community, but neither would it have been possible
without the dedicated work by Mark Lee. who masterminded the entire AISB
convention, Gregor Schoner, who worked admirably as a programme chair for
this symposium, and Joanne Walker. who kept the whole machinery running
smoothly. Thank yvou to vou all.

Ulrich Nehmzow. University of Essex
Symposium Chair
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Human Babies and Robot Cubs

Giulio Sandini

Faculty of Engineering
University of Genova

The role of technology for the study of brain functions has always been fundamental in providing new tools
for the acquisition/analysis of biological data. However the increasingly complex picture of brain functions
emerging from neuroscience research is now posing a new challenge: how to extend our knowledge bevond
the scope of specific experiments and methodologies? Is it possible to find new tools enabling neuroscientists
to verify new theories and to guide new experiments bevond the. now established. methods of mathematical
modeling and system’s theory? The scientific goal of the LIRA-Lab is to investizate if the implementation
of artificialsystems through physical models is a useful tool to help understanding complex brain funetions.
The reasons why we believe that this is indeed the case are. essentially. two. The first stems from the very
high complexity and non-homogeneity of our eurrent knowledge of brain functions. The second is that the
physical world (in a general sense) is far too complicated to be "simulated” realistically preventing adequate
testing of new theories and ideas to be performed.

In the context of human cognition, implementing " artificial systems™ as explicit physical models of biological
ones means implementing humanoid systems. Not with the aim of building an “artificial human being”
or more efficient robots but to test assumptions and hypothesis more explicitlv. In particular the use
of humanoids as tools to understand human cognition. is focused. in our lab. on tryving to explain how
adaptation develops through interaction with the external environment. Our reference framework is human
sensorimotor and cognitive development and we approach the problems by tryving to implement motor and
cognitive abilities in an artificial system. Is it possible to "program™ a svstem to "have cognition™ as we
program a robot to assemble a car? Is cognition similar to motor control and sensorimotor coordination?
Do we know enough about our own cognitive abilities to transfer them into an artificial being? How do
we interact safely and "intelligently” with other humans (and machines)? How do we predict the effects of
our actions? How do we adapt our behavior to unpredictable situations? How do we anticipate what other
humans are doing? Can all (or even some) of these abilities be hard coded into a humanoid robot? Looking
at natural systems it seems that pre-coding cognitive and adaptive behaviors is not possible (we believe that
adaptive behaviors cannot be pre-programmed ).

In this talk I will claim that if future robots have to have cognitive abilities, they will have to go through
developmental phases similar to those found in human babies. I will do that from a multidisciplinary per-
spective by presenting findings derived from studies of human motor and cognitive development as well as
a robotic implementation of the first few months of "existence” of a robot eub (Babybot). In doing so I
will stress the consequences that this multidisciplinary approach has in discovering new technologies and the
relevance that robotics research will continue to have as a research tool to understand human cognition.

Acknowledgements: Research decribed here is supported by the EU project COGVIS (IST-2000-29375)
and MIRROR (IST-2000-28159) and by the Italian Space Agency.



Dynamic field theory and embodied cognition

Gregor Schoner

Institut fiir Neuroinformatik.
Ruhr-Universitit,
Bochum
Germany

Overt behavior is always based on a direet link between sensory and motor surfaces. Morcover, behavior is
typically adjusted to the perceived environment. a current “task” setting. and to longer term goals. These
two boundary conditions of behavior are emphasized in the "embodied cognition” approach to cognition.

This talk introduces the concepts of dynamic field theory. in which simple cognitive properties such as
decision making and working memory emerge from a mathematical description of behavior that remains
close to sensori-motor processes. The mathematical framework is provided by dynamical systems theory.
Autonomous robots designed in terms of these concepts will be used to exemplify the concepts. How these
ideas can be used to analyze human behavior will be illustrated drawing on examples from motor control
and the development of action planning.
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Evaluating cognitive maps for mobile robot navigation behaviour

V;e:rena V. Hafner*

* Artificial Intelligence Laboratory
Department of Information Technology
University of Zurich, Switzerland
vhafner@ifi.unizh.ch

Abstract

This paper examines biologically inspired cognitive map models, which provide an artificial navigating agent
with a topological map of places after an exploration and learning phase in a previously unknown environment.
The evaluation requires analytical methods that either rate the cognitive map on the basis of the map’s features,
or that rate the observed behaviour of the navigating agent. Some possible solutions to this problem are
investigated, including map optimisation using artificial evolution, and alternative navigation behaviours.

1 Introduction

The navigation strategies of animals can be categorised
according to their complexity, ranging from systematic
search at the simplest end of the spectrum to com-
plex wayfinding, with intermediate strategics such as
local visual homing (Trullier et al. (1997), Franz and
Mallot (2000)). The same categories can be applied
to the behaviour of mobile robots or simulated agents
navigating in their environments, where the choice of
navigation strategy is usually both task dependent and de-
pendent on the sensory information available to the agent.

More complex navigation strategies require an in-
ternal (neural) representation of the environment and
are often referred to as ‘cognitive maps’ (O'Keefe and
Nadel (1978)). Neurophysiological and behavioural
experiments suggest that rats and primates use cognitive
maps for navigation, whereas most insects have to rely
on more basic navigation strategies. The cognitive maps
referred to here are based on the following principles:
Place cells are neurons found mainly in the hippocampus
of rats, their activation is dependent on the location
of the rat within its environment (O’Keefe and MNadel
(1978)). Head direction cells are neurons whose activity
is dependent on the orientation of the rat’s head within
the environment (Taube et al. (1990)). Place fields are
arcas in the environment where a particular place cell
has the strongest activation. The evidence for cognitive
maps in animals has inspired roboticists to implement
those biological findings to allow for stable and adaptive
navigation behaviour in mobile robots coping with
(partly) unknown and ever-changing environments.

Here, we consider biologically-inspired cognitive map
madels, which provide an artificial navigating agent with
a topological map of places (possibly enhanced with
additional metric information) after an exploration and

lcarning phase in a previously unknown environment.
Some models and implementations can be found in
Schélkopf and Mallot (1995), Hafner (2000), Gaussier
et al. (2002), Filliat and Meyer (2002). We are now faced
with the problem of how to evaluate these representations
with respect to their usefulness for navigation behaviour.
Evaluating the cognitive map in a quantitative way 1s
difficult, and there are several levels of analysis that may
be applied. The evaluation requires either analytical
methods that rate the cognitive map on the basis of the
map’s features, or that rate the observed behaviour of the
navigating agent. Both methods require a large number
of different exploration runs in different environments
to make a general statement on the usefulness of the
navigation strategy.

In section 2, some possible methods are described.
Section 3 shows the difficulties of evaluating cognitive
maps for navigation on a practical example of a robot nav-
igating in a simulated environment, and shows how these
measures can be used for a fitness function to optimise
the agent’s exploration and learning strategy. In section
4, analysing the behaviour of the agent will be discussed
and further possible approaches will be outlined.

2 Methods for Analysis

Methods for the analysis of simulated cognitive maps in-
clude the use of statistical properties such as density, stan-
dard deviation, shape, and number of place fields; num-
ber, covered space, and activity of place cells; number of
connections per place cell, graph distance vs. metric dis-
tance of the cognitive map. These data can be collected
easily in simulation. In principle, the same can be done
for a real world mobile robot, but various problems in-
crease the difficulty of the task: The exact robot posi-
tion has to be known at any time, a sensor information



database with place data for a large number of positions
may be necessary, and the number of runs has to be higher
than in simulation to make up for ‘real world” noise. Since
two different maps of the same environment can result in
similar navigation behaviour, it 18 necessary to consider
the navigation behaviour of the robot in addition to the
analysis of the map. One possibility of evaluating the be-
haviour of a robot with a particular navigation strategy is
to answer the following question: How long does it take
to get from position A to position B after having explored
the environment? To have any statistical significance, this
has to be done for a large number of different positions,
runs, and environments.

3 Evaluating Cognitive Maps: An
Example.

3.1 Exploration and Learning

In this section, an example of an agent leaming how to
navigate in a virtual environment is shown. During an ex-
ploration phase, the agent has the task of learning a map
of the environment using its internal neural structure such
as place cells and connecting synapses. The usefulness
of the cognitive map for a specific environment depends
crucially on the exploration and map learning strategy.

The environment consists of a plane with twelve
cylinders of different diameter (see figure 1 for a top
view). The agent is equipped with a compass and
omnidirectional 1D view with a resolution of 90 pixels.
The cylinders are black, walls are white. The agent starts

Figure 1: Virtual environment for the robot navigation
experiments. The environment consists of a plane with
twelve cylinders (shown from above) of different size.
The recorded views are taken at the crossing points of a
a0) x 50 grid (indicated by tick marks on the frame). The
ring shows an example of an omnidirectional view in this
environment.

with a given number of place cells which are initialised
at the beginning with random weights to the visual

input. It performs random exploration tours within the
environment, avoiding bumping into the obstacles. At
each step, the current view is taken, resulting in a certain
neural activation in the place cell layer. Since two views
at different positions could look similar, the activation of
the place cells 15 in addition dependent on the previous
place cell activation and the movement direction of the
agent. Information on the connection and the connection
heading of two place cells representing adjacent places
is - for simplicity - directly encoded, instead of being
available through head direction cells.

During exploration and learning, the neural weights are
adjusted as follows:

I. The activation a is calculated for the current view v
for each place cell, a = f(vw + ¢+ o), where w are
the weights connecting the visual input and the place
cells. ¢ 1s a value which enforces place cells with
a lateral connection to the previous winning cell to
win, ¢ accounts for the heading of the agent, which is
also stored in the lateral connections. f is a sigmoid
function.

2. The weights w of the cell with the highest activation
a are updated and moved towards the input:
Aw = (v — w)

3. The weights w_ of the cell with the previously high-
est activation are updated and moved towards the in-
put:

Aw. = am (v —w.)

4, w are normalised for each place cell

3. The lateral connections uy between the winning cell
and the previous winner are updated:
Awy = faaras(l — uy)

6. The onentation information ~; in the lateral connec-
tions between the winning cell and the previous win-
ner 15 updated.

7. A decay factor is applied to all lateral connections:
wy = duy

In figure 2, the place field representations of the agent
are projected onto the 2D environment. Areas of same
colour are represented by the same place cell. The
centres of mass of these place fields are shown as small
white circles, with variable sized circles indicating the
variance of the specific place field. Connections are
drawn between the centres of mass of connected place
cells. A map is well suited for navigation purposes
when it contains many, roughly circular place fields with
connections between regions that are adjacent and can be
traversed.

One problem which can be seen in figure 2 is that
of multiple place fields. Here, one place cell fires at
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Figure 2: Map of the environment with black areas in-
dicating obstacles, and grey coloured shadings indicating
the different place fields after the agent has explored the
environment. The centres of the place fields are intercon-
nected as specified by the weights.

two spatially separated regions within the environment.
Being unaware of this can result in strange behaviour.
We know however that rats have to cope with the same
problem. Multiple place fields have also been measured
in the rat's hippocampus.
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Figure 3. Average activation of the winner neuron for
each gnd position over ime during the exploration and
learning phase for one agent.

During the exploration and learning phase, some pa-
rameters introduced in section 2 which may be relevant
to the quality of the resulting map are plotted over time

for 10, 000 steps shown every 100" step. In figure 3, the
mean activation of the winner place cell for each grid po-
sition 1s shown. Here, the place cell activation a is calcu-
lated purely from the visual input v and the neural weights
w.
i = iy

Figure 4 shows the average variance v of the place
fields over time for each place cell with a place field in
the environment.

1 3
Up = i g{-ﬂf Hp)

where i, 15 the centre of mass of the place field for place
cell p, x; a position on the grid where p is the winner cell
(place cell with highest activation), and n the number of
these positions. Figure 5 shows the number of connec-
tions between place cells as well as the average connec-
tion length using the metric distance between centres of
mass of place fields from the plane in the simulation en-
vironment.
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Figure 4. Average variance of the place fields over time
during the exploration and learning phase for one agent.

3.2 Optimising Learning Parameters with
Evolution Strategies

The learming strategy descnibed in section 3.1 has been
optimised to result in *better’ (to be defined) maps for the
agent by evolving some of the following parameters:
m  learning rate for weights w between visual input v
and place cells
¢«  factor to learning rate of previous winning cells
72 learning rate for lateral connections w; between
place cells
7 contribution of lateral connections uy to activation
42  contribution of orientation 4; to activation
d  decay factor of map connections
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Figure 5: Number of connections and average connec-
tions length (10xmetric distance of centres of mass of
place fields) during the exploration and learning phase for
one agent.

Artificial evolution strategics have been used with the
following fitness function:

f=h=+fa

where f; is a measure for the regions (the average
variance of the place fields), and f» is a measure for the
connections (between adjacent place fields). f; simply
contains the mean variance of all place fields, whereas fs
is a mixture of positive fitness for adjacent place fields
whose place cells are connected and negative fitness for
connected place cells whose place fields are not adjacent.
An alternative fitness function would be the correlation
between metric and graph distance for all connections.

The evolution ran on the same randomly generated
path through the environment for each individual in a
generation. The number of map neurons (place cells)
was chosen to be 50, the evaluation ran for 3000 steps
each. A detailed description of the evolution strategy and
its parameters can be found in Schwitter (2003). The
evolved learning parameters of the described cognitive
maps are: 1 = 0045, = 0.62,, = 0.5, =
0.998, 4, = 0,8, = 0. Figures 2-5 are produced using
these parameters.

Surprisingly, the evolutionary algorithm came up with
a solution for map learning, which only takes into account
the current view for the activation of the place fields, and
rejects an influence of lateral connections and orientation
information to the activation calculation (8, = 0). A
possible explanation for this is that the connections are
not available at the beginning of the exploration tour, and
the orientation error being high. The high error of the
orientation information of the connections 1s due to the
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size of place fields. Traversing from one to another place
field can be done in a range of different directions.

4 Analysing the Behaviour

We saw from the previous section that evaluating the
topological map in a quantitative way is difficult and
often needs an external observer, which cannot be the
agent itself but someone with a metric map of the envi-
ronment as well as access to the agent’s brain. Analysing
the navigation behaviour after exploration and learning is
more straightforward, but it is very time consuming and
dependent on the specific environment the agent interacts
with. One possibility is to assess the behaviour for a
high number of randomly chosen place pairs, measuring
how often and how fast an agent can navigate from one
to another place given the previously learned cognitive
map. The success rates in our environment were varying
strongly between places. One interesting effect that
could be observed is asymmetry: The success rate of
navigating from place A to place B can be different than
when navigating from place B to place A. The reason is
the higher importance of correct connections o the goal
place.

Falling back on other navigation strategies like visual
homing facilitates the success of the agent. For example,
a version of the average landmark vector (ALV) model
{Lambrinos et al. (2000)) could be used to navigate be-
tween places. The catchment areas in this specific en-
vironment are rather large and reliable. An example is
shown in figure 6.

Figure 6: Trajectories of an agent using a learned version
of the ALV model to navigate between two places in the
environment used for the cognitive map learning.

Although the agent does not have a metric map itself, it
1s able to extract some metric information from the topo-
logical map when it contains some additional information
like onentation of the connections. Examples of the
application of such algorithms are the spring force model
(Hafner (2000)) or the relaxation algorithm (Duckett
et al. (2002)).



One has to be careful when drawing conclusions from
observations of the behaviour or the cognitive map struc-
ture. An interesting example is the observation in rats,
that their place ficld density is higher around obstacles.
An outside observer would conclude that these places are
‘more interesting” and therefore get a better neural repre-
sentation. However, when the same experiment was con-
ducted with an artificial agent, a higher place field den-
sity could be observed around obstacles without the robot
having any concept of “interesting’ (compare figure 2 or
Hafner (2000)). The effect can simply be explained by the
sensory information changing more rapidly in the vicinity
of obstacles.

5 Discussion

We have shown on the example of learning cognitive
maps optimal for navigation that evaluating these is often
difficult because of the lack of suitable analysis methods.
This apphes even stronger for real world mobile robots,
and leads us back to the well-known discussion on sim-
ulation vs. real-world experiments (Jakobi (1998)). We
are either restricted using an unnatural, reproducible toy-
world (or simulation), or have a robot in a natural envi-
ronment (if an office room can be called natural) where
the experiments cannot be compared with experiments in
other environments. It may be more conclusive to com-
pare the achieved navigation behaviour of a robot not
just to other robots and other environments, but directly
to the behaviour of navigating animals and humans in
the same environment. What remains tricky is the ef-
fect of the difference in sensory modalities (e.g. vision,
olfactory and somatosensory cues for rat navigation com-
pared with camera and touch sensors on a mobile robot).
Therefore, virtual environments would be ideally suited to
compare human navigation behaviour with autonomous
agent behaviour under the same conditions. There is
even a virtual-reality setup for rats in preparation (Dah-
men (20031). A closer collaboration between behavioural
robotics and fields like biology, psychology and math-
ematics would be a first step to create comparable and
reproducible resulis, without having to resort to artificial
quantification methods.
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Abstract

We present a method to describe the behaviour of a mobile robot guantitatively, using methods from dynamical
systems theory, time senies analysis and deterministic chaos theory.

Experimental results obtained with a Pioneer 11 mobile robot demonstrate the use of the method, and show that
robot behaviour exhibits deterministic chaos, and is substantially influenced by the control program executed
by the robot, while changes to the environment have far less influence.

1 Background

1.1 Motivation

Research in mobile robotics to date has, with very few
exceptions, been based on trial-and-error experimentation
and the presentation of existence proofs. Task-achieving
robot control programs are obtained through a process of
iterative refinement, typically involving the use of com-
puter models of the robot, the robot itself, and program
refinements based on observations made using the model
and the robot. This process is iterated until the robot’s
behaviour resembles the desired behaviour to a sufficient
degree of accuracy. Typically, the results of these itera-
tive refinement processes are valid within a very narrow
band of application scenarios, they constitute “existence
proofs”. As such, they demonstrate that a particular be-
haviour can be achieved, but not, how that particular be-
haviour can in general be achieved for any experimental
Scenario.

The purpose of this paper is to introduce quantitative
measures of robot behaviour, as components of a theory
of robot-environment interaction. Using dynamical sys-
tems theory and methods of analysis derived from chaos
theory, we investigate quantitatively in what way the be-
haviour of a mobile robot changes if a) the robot’s en-
vironment 15 modified, and b) the robot’s control code
15 modified. Underlying this research, however, is the
fundamental question: How can the interaction of a mo-
bile robot with its environment be characterised quantita-
tively?

1.2 Robot-Environment Interaction

The behaviour of a mobile robot cannot be discussed in
isolation: it is the result of properties of the robot it-
self (physical aspects — the “embodiment™), the envi-
ronment (“situatedness™), and the control program (the

“task”) the robot is executing (see figure 1). This tnangle
of robot, task and environment constitutes a non-linear
system, whose analysis is the purpose of any theory of
robot-environment interaction.

Robot

=

Task «—————= Environment

Figure 1: THE FUNDAMENTAL TRIANGLE OF ROBOT-
ENVIRONMENT INTERACTION.

Rather than speaking solely of a robot’s behaviour, it is
therefore necessary to speak of robot-environment inter-
action, and the robot’s behaviour resulting thereof.

1.3 The Role of Quantitative Performance
Measures

1.3.1 Measurement: The Backbone of Science

Measurement is the backbone of science, and supports

e the precise documentation of experimental setups
and experimental results,

» the principled modification of experimental parame-
ters,

¢ independent verification of experimental results,

o theoretical design of artefacts without experimental
development, and



e predictions about the behaviour of the system under
investigation.

The experimental scenarios within mobile robotics, us-
ing guantitative performance measures, are manifold and
expressed in figure 1. Basically, if any two of the three
components shown in figure 1 remain unaltered, then the
quantitative performance measure will characterise the
third, modified component. This would allow the inves-
tigation of, for instance, 1) the effect of modifications of
the robot, ii) the influence of the robot control program on
robot behaviour, or iii) the effect of modifications to the
environment on the overall behaviour of the robot.

The purpose of the experiments reported in this pa-
per was to demonstrate how robot-environment interac-
tion could be characterised quantitatively, and how such
quantitative measures could be used to determine the in-
fluence of 1) a change in the robot controller, and u) a
change of environment.

1.3.2 Three Theses

The experimental work reported in this paper 1s based on
three theses:

Thesis 1 A mobile robot, interacting with its
environment, is essentially an analog computer
that “computes™ behaviour (the output) from
the three inputs robor morphology, environmen-
tal characteristics and evecured task.

Thesis 2 The behaviour exhibited by a robot,
interacting with its environment while execut-
ing some particular task, is encapsulated, as a
first approximation, in the robot’s frajeciory.

Thesis 3. One suitable method to describe a
robot’s trajectory quantitatively is to analyse the
trajectory taken, using methods of time-series
analysis and dynamical systems theory.

Based on these theses, we analysed the (x. i) compo-
nents of logged robot trajectories, using time-series anal-
ysis methods from chaos theory.

1.4 Related Work

So far, quantitative measures of robot-environment inter-
action are not widely used in mobile robotics, and the
amount of related work 15 consequently limited. The most
important references are probably the work by Schéner et
al. and Smithers.

Schoner et al. (19935) used dynamical systems theory to
investigate robot-environment interaction, and Smithers
(1995) discussed the use of quantitative performance
measures as a tool of scientific mobile robotics research.

Regarding the methods of characterisation used, the
most important references are found in the area of time
series analysis using chaos theory. Computing Lyapunov

exponents, we used Arbarbanel’s [Abarbanel (1996)] and
Wolf's et al. [Wolf et al. (1995)] methods. We computed
correlation dimensions again using Arbarbanel’s method,
as well as the method discussed by Kaplan and Glass
[Kaplan and Glass (1995)]. Background reading to the
methods applied are Peitgen et al. (1992) and Kantz and
Schreiber (1997).

1.5 Experimental Setup

To investigate the two questions posed in section 1.3.1,
we conducted experiments with a Pioneer 11 autonomous
mobile robot (figure 2), executing a number of different
control programs in a number of different environments.

Figure 2: THE PIONEER 1l MOBILE ROBOT USED.

The robot’s trajectory was logged, using an overhead
camera. Every 250 ms the robot’s xr and y-coordinate
were recorded. Figure 3 gives an example of the kind
of trajectory obtained by this method, the dataset in that
figure contains just over 26000 data points, recording 109
minutes of robot operation.

Figure 4 shows part of the x and y coordinate of that
trajectory — trajectories like these were used for subse-
quent computation of Lyapunov exponent and correlation
dimension (see section 2).

2  Quantitative Measures of Be-
haviour using Chaos Theory

2.1 Reconstructing the Attractor

The behaviour of dynamical systems, such as a mobile
robot interacting with its environment, is characterised by
velocity and position along each degree of freedom of the
system — the phase space. Because a direct representa-
tion of the phase space of our robot-environment system 1s
not available to us, the phase space has to be reconstructed
from an observed time series such as the one shown in fig-
ure 4.
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Figure 4: = (TOP) AND y COORDINATE (BOTTOM) OF
THE DATA SHOWN IN FIGURE 3 (PART).

To achieve this, we used the time-lag embedding
method (discussed, for instance, in Peitgen et al. (1992) or
(Kaplan and Glass, 1995, p. 309)), embedding the attrac-
tor in p-dimensional space, using the coordinates given in
equation 1.
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where D, is the p-dimensional embedding of the

(1)

dal-

tractor at time f, p the embedding dimension, and i the

embedding lag.

As an example, figure 5 shows a three-dimensional
phase space reconstruction of the attractor underlying the

robotic billiard ball behaviour shown in figure 3.

Figure 35:
ROBOTIC BILLIARD BALL EXPERIMENT, USING THE X
COORDINATE, EMBEDDING DIMENSION 3 AND AN EM-
BEDDING LAG OF 30,

2.1.1

In order to reconstruct the attractor, using the embeddi

O R b, 5 ik B - L B9

PHASE SPACE RECONSTRUCTION OF

Determining Embedding Lag and Embedding
Dimension

ng

method given by equation 1, embedding dimension p and
embedding time lag i have to be determined. To deter-

mine a suitable embedding lag, we used two methods:

I. The autocorrelation method presented in (Kaplan
and Glass, 1995, p. 353): according to Kaplan and
Glass “a good choice for the embedding lag is [that
value] at which the autocorrelation function falls to
¢! = 0.37". Figure 6 shows the autocorrelation
function for the x-coordinate of the data shown in
figure 4, it can be seen that for ¢ = 31 the auto-
correlation has fallen below 0.37. Because ¢t = |
represents an embedding lag of i = 0, we select an
embedding lag of /i = 30 to reconstruct the attractor.

2. The Mutual Information Method: This procedure is

associated with non-linear statistics while the auto-
correlation method is based on linear statistics. In
essence, mutual information 1s analogously a non-
linear autocorrelation function. Mutual Information
has its origin from the treatment of chaos as a source
of information [Gallager (1968)]. The mutual in-
formation essentially measures the degree to which
knowledge of one measurement determines another



measurement f seconds later. Fraser and Swinney
(1986) argue that one should take the first minimum
that occurs in the mutual information function as the
ideal time lag for constructing an embedded attrac-
tor. This minimum in the mutual information func-
tion corresponds to the time separation between two
measured values so that there 15 a mimmum of redun-
daney of information connecting the two measure-
ments in the time series. Figure 7 gives the Mutual
Information of the x-coordinate data shown in fig-
ure 3. The first minimum of this curve is obviously
at a time lag of 30, thereby giving the same result as
the autocorrelation function.
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Figure 6: AUTOCORRELATION OF THE X-COORDINATE
OF THE DATA SHOWN IN FIGURE 4. FOR A LAG OF
h = 30 THE AUTOCORRELATION HAS DROPPED BE-
LOW e~ 1.
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Figure 7: MUTUAL INFORMATION OF THE X-

COORDINATE OF THE DATA SHOWN IN FIGURE 4. THE
FIRST MINIMUM OCCURS FOR A LAG OF h = 30.

It is known [Takens (1981)] that the dynamics of a
reconstructed attractor are geometrically identical to the
original dynamics (for both continuous and discrete sys-
tems), if the relationship p = 2 + 1 holds (¥ is the di-
mension of the original attractor). In order to establish a

kg |

suitable embedding dimension p to reconstruct the attrac-
tor, it is therfore necessary to determine the dimension i
of the original attractor. One common measure of the di-
mension of an attractor 1s the correlation dimension v,

In order to determine the correlation dimension, one
uses the correlation integral C(r), defined in equation 2.

i}

) = =1

(2)

where & is the number of times that |D; — D;| < r,
i and j are two different times at which the embedding
D is taken, and r is an arbitrary distance measure, the
“correlation distance™. N (N — 1) the maximum number
of cases where |D; — D;| < r is theoretically possible
(the trivial case ¢ = j is excluded).

The important measure 15 not the correlation integral
C'(r) itself, but how this integral changes with respect to
r, i.e. the slope of the curve C(r) versus r. This slope is
the correlation dimension .

The mechanism to determine a suitable embedding di-
mension to reconstruct the attractor 15 based on these con-
siderations. Obviously, the computation of the correlation
dimension is dependent upon the chosen embedding di-
mension p and the correlation distance r. To compute
both p and ¢+ from the same process is an ill-defined prob-
lem, and the goal therefore is to find a range of parameters
p and r for which 1 is computed identically (a so-called
“scaling region™). In other words, one aims to find a re-
gion where the computation of the correlation dimension
1 15 not critically dependent upon the choice of embed-
ding dimension p and correlation distance r.

To find a scaling region, we plot the correlation dimen-
sion ¥ as a function of correlation distance r for all em-
bedding dimensions p between | and 10 (see (Kaplan and
Glass, 19935, page 323)). Figure 8 shows i versus p and r
for the x-coordinate shown in figure 4.

240601 e dar

Figure 8: CORRELATION DIMENSION VERSUS CORRE-
LATION DISTANCE FOR THE DATA SHOWN IN FIGURE 4,
FOR VARIOUS EMBEDDING DIMENSIONS AND VARIOUS
CORRELATION DISTANCES. h = 30.



Choosing a large correlation distance r is somewhat
like looking at an object from a great distance: it will have
dimension zero (Kaplan and Glass, 1995, p. 323). On the
other extreme, choosing too small an r will result in sig-
nal noise being amplified, which is equally undesirable.
Figure 8 reveals that for » == 110 the computed correla-
tion dimension is similar for a large number of embedding
dimensions, in other words, increasing the embedding di-
mension no longer changes the computed correlation di-
mension. The correlation dimension for » = 110 is just
above 2, meaning that an embedding dimension of 5 is
a good choice. This finding, incidentally, is confirmed
when the *false nearest neighbours’ method is used.

2.2 Characterising the Attractor

Systems that exhibit deterministic chaos are characterised
by four properties:

1. They are stationary,
2. they are deterministic,
3. they are aperiodic, and

4. they show sensitivity to initial conditions.

The first two properties are easily established us-
ing mechanisms discussed, for instance, in (Kaplan
and Glass, 1995, p.314) and (Kaplan and Glass, 1995,
p.3241T). It is the latter two properties that are interesting
for the purpose of this paper, as they supply a quantitative
description of the attractor.

2.2.1 Aperiodicity

One main characteristic of a dynamical system exhibit-
ing chaos is that the state variables never return to their
exact previous values: The trajectory in phase space lies
on a strange attractor. There is, however, variation from
system to system in how close state variables return to
previous values, and it is therefore desirable to quantify
this degree of “proximity™.

The measure to quantify the degree of aperiodicity is
the correlation dimension v, which was discussed in de-
tail above. Besides being a quantitative description of the
attractor, the correlation dimension indicates whether data
is aperiodic or not, and to what degree: Periodic data has
an integer correlation dimension, while chaotic attractors
have a non-integer correlation dimension.

2.2.2  Sensitivity to Initial Conditions

Another distinctive characteristic of a chaotic system is
Its sensitivity to a variation in the system’s variables: Two
trajectories in phase space that started close each other
will diverge from one another as time progresses, the
more chaotic the system, the greater the divergence.
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Consider some state S, of a deterministic dynamical
system and its corresponding location in phase space. As
time progresses the state of the system follows a deter-
ministic trajectory in phase space. Let another state S, of
the system lie arbitrarily close to 5, and follow a differ-
ent trajectory, again fully deterministic. If d,, is the initial
separation of these two states in phase space attime t = (),
then their separation d; after f seconds can be expressed
as d = de™,

A 15 known as the Lyapunov exponent. For a m-
dimensional phase space, A will have m-components.
If any one or more of those components are positive,
then the trajectories of nearby states diverge exponentially
from each other in phase space and the system is deemed
chaotic. Since any system’s variables of state are sub-
ject to uncertainty, a knowledge of what state the system
is in can quickly become unknown if chaos is present.
The larger the positive Lyapunov exponent, the quicker
knowledge about the system is lost. One only knows that
the state of the system lies somewhere on one of the tra-
Jectories traced out in phase space, i.e., somewhere on the
strange attractor.

The Lyapunov exponent is one of the most useful quan-
titative measures of chaos, since it will reflect directly
whether the system is indeed chaotic, and will quantify
the degree of that chaos. Also, knowledge of the Lya-
punov exponents becomes imperative for any analysis on
prediction of future states.

Deternmination of the Lyapunov exponents from a time
series such as the robot trajectories used in this research
or, more importantly, the existence and value of any posi-
tive exponents, has been discussed extensively in the liter-
ature [Wolf et al. (1995); Peitgen et al. (1992); Kantz and
Schreiber (1997); Abarbanel (1996); Kaplan and Glass
(1995); Abarbanel et al. (1993)]. Several academic and
commercial software packages have been made available
to compute Lyapunov exponents from time series, for ex-
ample Wolf et al. (1995); Applied Nonlinear Sciences
LLC and Randle Inc (2003); H. and Schreiber (2003). In
our analyses we have used the method proposed by Wolf
et al. (1995), as well as Abarbanel’s commercially avail-
able software package Applied Nonlinear Sciences LLC
and Randle Inc (2003) to determine the largest Lyapunov
exponent,

Figure 9 shows the result of the computation of the Lya-
punov exponent for the data shown in figure 4, using the
algorithm described in Wolf et al. (1995).

It can be seen that the algorithm converges to A just
above 0.3, which confirms our earlier finding this data ex-
hibits deterministic chaos.

3 Experiments: Analysing Robot-
Environment Interaction

We stated above that robot-environment interaction is
govermned by the triangle of robot, task and environment
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Figure 9: COMPUTATION OF THE LYAPUNOV EXPO-
MNENT OF THE X-COORDIMATE OF THE DATA SHOWMN 1M
FIGURE 4, USING THE METHOD OUTLINED BY WOLF
ET AL. (1995).

(figure 1). If, therefore, two of the three components
remain constant, Lyapunov exponent and correlation di-
mension will characterise the third component and its in-
fluence on the overall behaviour of the robot.

Of the many experiments we conducted, we would like
to discuss two experiments in this paper:

1. In experiment | we kept the environment constant,
and altered the robot control code.

2. In experiment 2, we kept the control code constant,
but altered the environment.

In both experiments the same robot was used.

3.1 Changing the Robot Task

In the first experiment, the Pioneer 11 operated in an
cmpty environment, surrounded by plasterboard walls.
The robot executed two different behaviours: wall fol-
lowing (13000 data points, 54 minutes of operation, see
figure 10) and “billiard-ball™ obstacle avoidance (26000
data points, 109 minutes of operation, see figure 3).

For the wall following behaviour, we computed a corre-
lation dimension of 1+ == 1.5 and a Lyapunov exponent of
A = (.15. For the billiard ball behaviour noticeably dif-
ferent values were computed, i.e. v = 1.8 and A = 0.29.
In other words: The billiard ball behaviour exhibited a
considerably larger degree of deterministic chaos than the
wall following behaviour.

3.2 Changing the Environment

In the second environment, we kept both robot and task
constant (using the billiard ball behaviour, but changed
the environment by introducing a central obstruction to
the arena). The trajectory obtained for that case is shown
in figure 11.
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Figure 10: WALL FOLLOWING BEHAVIOUR OF THE P10-
NEER ROBOT — ENTIRE TRAJECTORY (TOP) AND 100
CONSECUTIVE POSITIONS (BOTTOM ).

Here, both the correlation dimension (12 = 1.7) and the
Lyapunov exponent (A = 0.3) remained essentially the
same to the values obtained when no central obstruction
was present. In other words: The same degree of deter-
ministic chaos was present, irrespective of whether the
central obstruction was in place or not.

4 Conclusion

4.1 Towards a Theory of Robot-

Environment Interaction

Mobile robotics research to date is still largely dependent
upon trial-and-error development, and results often are
existence proofs, rather than generalisable, fundamental
results. Furthermore, independent replication and verifi-
cation of experimental results are largely unknown in mo-
bile robotics rescarch practice.

One reason for this is the dearth of quantitative mea-
sures of behaviour. We have therefore investigated the
application of dynamical systems theory — specifically
deterministic chaos theory — to the analysis of robot en-
vironment interaction.
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Figure 11: ENTIRE TRAJECTORY OF BILLIARD BALL
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QBSTRUCTION {TOP), AND 200 CONSECUTIVE POSI-
TIONS (BOTTOM).

Using Lyapunov exponent and correlation dimension
of the (strange) attractor underlying our Pioneer robot’s
behaviour, we found that the robot’s behaviour indeed ex-
hibited deterministic chaos. Moreover, we found that the
degree of deterministic chaos increased noticeably when
the robot’s control program was changed from wall fol-
lowing to billiard ball obstacle avoidance, while it re-
mained essentially constant when the environment was
changed, but the control program remained the same.

However, we see the main contribution of this paper not
in the specific analysis of our Pioneer 1l mobile robot, but
in presenting a method of analysing robot-environment
interaction quantitatively. Quantitative descriptions form
the backbone of any scientific theory, and are therefore
the first step towards a theory of robot-environment inter-
action, that allows the formation of hypotheses, precise
reporting and independent verification of results, and the
theoretical design of robot sysiems.
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4.2 Interpretation of Results

The specific interpretation of our experimental results 1s
that in the experimental environment we have used, the
robot control code has far more influence on the behaviour
of the robot than the environment itself. The wall follow-
ing behaviour exhibits a far lower degree of deterministic
chaos than the billiard ball behaviour, while the billiard
ball behaviour shows a similar degree of chaos in two dif-
ferent environments.

4.3 Future Work

The obvious extension to the experiments reported here
15 to conduct the wall following behaviour in an envi-
ronment that is different to the one that is shown in fig-
ure 10 — for example an environment similar to the one
shown in figure 12.

Figure 12: POSSIBLE ALTERNATIVE ENVIRONMENT TO
INVESTIGATE WALL FOLLOWING BEHAVIOUR.

Our hypothesis is that in such an environment we
would obtain a correlation dimension of v = 1.5 and a
Lyapunov exponent of A == (.1.
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Abstract

Human judgement under uncertainty has been shown to involve consistent departures from normative rationality,
but it is hard to tell whether these biases are adaptive or not. We have attempted to throw light on this question
by constructing a multi-agent based computer model. In the model, a variety of agents with different decision
rules are allowed to compete in a variety of environments. We find that under certain environmental conditions
biased agents who behave in ways similar to those observed in humans outperform the classically rational agent,
who acts purely to maximise expected utility. These conditions are similar to those in which humans find

themselves.

| Introduction

Human judgement under uncertainty has been
shown to involve consistent departures from
normative rationality. In particular, people show
‘motivational biases’ in judgements of probability,
over-estimating the probability of events with a
positive retum to the self and under-estimating the
probability of events with a negative return (Miller
& Ross, 1975; Zuckerman, 1979).

These biases disappear when people are depressed
(*depressive realism’) and when people are asked to
estimaie the probability of the same evenis
happening to others. Apart from these situations,
however, the optimistic bias 1s remarkably resilient,
persisting despite repeated disappointment and
evidence to the contrary.

From the standpoint of rational choice theory, these
biases are clearly maladaptive. Some
psychologists, however, have argued that they are
adaptive (Taylor & Brown, 1988). We have
attempted to adjudicate between these two
possibilities by constructing a multi-agent based
computer model.

In the model, a variety of agents with different
decision rules are allowed to compete in a variety of
environments. We find that under certain
environmental conditions biased agents who behave
in ways similar. to those observed in humans
outperform the classically rational agent, who acts
purely to maximise expected utility. Moreover, it is
plausible that these conditions are similar to those
that humans find themselves in.

Our findings therefore add support to the view
that motivational biases are in fact adaptive.

2 Methods

In order to test our hypothesis we designed a multi-
agent based simulation using NetLogo. NetLogo is
an agent-based parallel modelling and simulation
environment produced by the Center for Connected
Learning and Computer-Based Modelling at
Northwestern Umversity.

In our model, patches represent 'opportunities'.
Each opportunity has a 'probability of success' (p,
ranging from 0-1), a benefit for success (b, ranging
from 0.0001 to 10 energy points) and a cost of
failure (c, ranging from 0.0001 to 10 energy
points). The colour of the patch is determined by
the probability of success, with darker patches
representing more difficult opportunities.

Agents have only one goal - to maximise their
energy poinis. In other words, their utility function
is a linear function of their energy level. Agents
have some knowledge of the cost of failure (c), the
benefit for success (b), and the probability of
success (p), for each opportunity they face.

The values of ¢, b and p are properties of the
patch that the agents find themselves on at any
given moment. The level of noise affecting the
agents’ knowledge of these values can be set by
means of the error-sliders on the interface (see
Figure 1).



The error-sliders can vary from 0 (perfect
information) to 10 (great uncertainty). This error
determines the standard deviation used for the
normal distribution of which the mean is the true
value of ¢, b or p of the patch. A random number
drawn from this distribution determines the agents’
guesses about the values of ¢, b and p. There are
two error sliders; one affects the agents’ knowledge
of p, the other affects the agents’ knowledge of ¢
and b.

Agents do not move, but since each patch is
updated each turn, each agent is presented with a
different opportunity at every time step. Each turn,
every agent must decide whether or not to 'play’ that
opportunity or not.  This decision is made
according to the agent's 'decision rule’. There are
three types of agent, each with a different decision
rule:

. The RATIONAL agent uses the principle
of expected utility; i.e. it only plays when
the expected utility of playing is greater
than that of not playing.

Figure 1: Interface Program

2. The OPTIMISTIC agent also uses the
principle of expected utility, but uses a
biased estimate of p (its estimate of p is
multiplied by its estimate of b divided by
its estimate of c).

3. The EMOTIONAL agent always plays if it
estimates b to be more than twice ¢, and
never plays when it estimates b to be less
than half c. When it estimates that b and ¢
are between these limits, its chance of
playing is proportional to its estimate of p.

If an agent decides to play an opportunity, its
chance of success is determined by the probability
of success associated with that opportunity. If it
plays and succeeds, its energy level is increased by
the benefit for success associated with the
opportunity. If it plays and fails, its energy level is
decreased by the cost of failure associated with that
opportunity. If an agent does not play, its energy
level remains the same for that tum. Agents start
with zero energy. Agents never die, and there is no
reproduction. Figure | shows the interface of the
program.”

Hetlogo: OptimismAISE. nloge [C:AMin documenten\Dnderzoek\varconfidence\oplimizsm7x\)




3 Results

We let the program run 10 times for every possible
combination of the error of p and the error of ¢ and
b. One run lasts for 500 time steps. For each run we
recorded the final average energy of each type of
agent. We used this data to calculate the means and
95% confidence interval for all those runs for each
kind of agents.

As can be seen from the graphs (Figures 2 — 5)
there are significant differences (the error bars do
not overlap). We show four specific 2D graphs,
and an overall 3D graph seen from two different
angles (Figures 6 and 7). The 3D graph does not
show error bars but gives an overall view of our
results.

Figure 2:

Graph of the data with ErrorCB = 2
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Graph of the data with ErrorCB = 4
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Unsurprisingly, the rational agents do better than all
other agents under most conditions. More
interesting is the fact that there are conditions under
which the rational agent is outperformed. This
occurs when the error affecting agents” knowledge
of ¢ and b is quite small but the error affecting
agents’ knowledge of p is high. Both the emotional
and optimistic agents do better then.

When the error affecting agents’ knowledge of all
three variables (c, b, and p) is high, all the agents
perform at similar levels. Under these conditions
there is great uncertainty and so they all perform
quite badly.

Figure 4:

Graph of the data with ErrarCB = 6
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Graph of the data with ErrarCB = 8
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Figure 6:

3D Graph of the three different types of agents
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4 Discussion

Dealing with uncertainty is a common problem for
agent systems. The ability to reason with uncertain
information is an indispensable requirement for
modeling intelligent behavior in a complex and
dynamic environment. This is why uncertain
reasoning has become a major research topic of Al
with many important applications. These
circumstances of uncertainty are the ones we
investigated.

Psychologists have shown that human judgement
under uncertainty involves consistent departures
from normative rationality (Nettle, 2003;
Kahneman & Twversky, 1973; Kahneman et al,
1982). In particular, people show motivational
biases in judgements of probability, over-estimating
the probability of events with a positive return to
the self and under-estimating the probability of
events with a negative return (Harris & Middleton,
1994;: Larwood & Whitaker, 1977; Weinstein,
1980;1982).

These biases disappear when people are
depressed (“depressive realism’) (Alloy & Ahrens,
1987, Alloy & Abramson, 1979) and when people
are asked to estimate the probability of the same
events happening to orhers (for example Mirels,
1980). Apart from these situations, however, the
optimistic bias is remarkably resilient, persisting
despite repeated disappointment and evidence to the
contrary.
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Figure 7:

30 Graph of the three different types of agents

From the standpoint of rational choice theory, these
biases are clearly maladaptive. Some
psychologists, however, have argued that they are
adaptive (Taylor & Brown, 1988).

Our results show that there are environmental
conditions under which biased agents outperform
the classical rational agent, who acts purely to
maximise expected utility. Our findings therefore
add support to the view that motivational biases are
in fact adaptive.

It is interesting to see that the biased agents, which
we have designed to have biases similar to those
shown by humans, do best when the error for b and
¢ is low, but the error for p is high.' This is
arguably the situation that people mostly encounter
in the real world. It is plausible to think that people
can estimate costs and benefits of an opportunity
quite accurately, by observing other people faced
with similar opportunities and by memories of past
experiences. However, the chances of success of
any specific opportunity depend on the interaction
with other human bemngs and many other
imponderable factors. Hence our ability to estimate
probably is much poorer than our ability to estimate
the cost of failure or the benefit of success.

' We have based the decision rules used by our biased agents
necessarily on our interpretation of the empirical literature, but
this literature is complex and clearly open to different
interpretations,



Our emotional agents are based on the observation
that when the benefits of a certain action are high
people tend to play, independent of what the
probability of success is.

The lottery is a case in point. The chance of
success here 1s so small that nobody with a rational
view will buy a lottery ticket. However, the benefit
of success is so much high and the cost of failure so
low that people do play. On the other hand, if there
1s a certain decision to make and there are high
costs associated with failure but low benefits
associated with success, then it is not likely that
people will play, even if the probability of success
15 quite high. Only when the difference between
costs and benefits is not that big do people seem to
attend to the probability of success (Rottenstreich &
Hsee, 2001).

We translated this empirical data to the rule for
the emotional agents, such that they always play if
the benefit of success is equal to or greater than
twice the cost of failure, and never play if the cost
of failure is equal to or greater than twice the
benefit of success. Between those two extremes
they only pay attention to the probability of
SUCCESS.

There is a certain degree of arbitrariness
associated with the cut-off points in this rule, but
the point here is not to provide a detailed model of
the psychological process in real humans. Rather,
we are interested merely in showing that biased
agents that resemble humans to some first
approximation can do just as well, or better than the
purely rational agent.

Our optimistic agents are inspired by the empincal
data about the situations in which people’s
Judgement is biased.

A recurrent finding in the empirical literature is
that when the benefits of an opportunity are higher
than the costs, people tend to be more optimistic
about their chances of success. They estimate the
probability of success as higher than it really is and
hence increase their change of playing,
Conversely, when the cosis of failure are higher
than the benefits of success, people are pessimistic
in the sense that they estimate their changes of
success to be smaller then they actually are, so
decreasing the change of playing.

Thus while the normative model of expected
utility theory suggests that behavioural decisions
should be based on the simple product of the
probability of success and the benefit, people’s
weightings of probabilities in fact follow an inverse
S-shaped function (Kahneman & Tversky, 1984).

We modelled this by giving our optimistic agents
a biased estimate of p; in their case, the estimate of
p is multiplied by the estimate of b divided by the
estimate of ¢. The result is that the agents play more
than would be rational if the benefits are higher
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than the costs, and play less if it is the other way
around.

Our rational agents are clearly inspired by the
classical decision theory (Von Neuman &
Morgenstern, 1944). They only play if the expected
utility of playing is greater than that of not playing.

In this program we did not investigate the
possibility of giving different computational costs
to different decision rules. This would be
interesting, since then we could introduce an
evaluation function that favoured cheaper rules.

The problem with such an experiment is that we
do not have any empirical data about the
computational costs associated with different rules,
at least insofar as they are implemented in the
human brain.

It would, however, be possible to calculate the
computational cost of implementing the various
decision rules in a specific robot. This could be
done by measuring how long it takes the robot to
make a certain decision following one rule and
compare that to the other rules. In such
circumstances we might find that a cheaper rule,
that performs a little worse than the more expensive
rule, will perform better in total.

5 Conclusion

From the standpoint of classical decision theory,
motivational biases are clearly irrational. We have
found that under certain environmental conditions
biased agents, who behave in ways similar to those
observed i humans, outperform the classically
rational agent, who acts purely to maximise
expected utility. Moreover, it is plausible that these
conditions are similar to those that humans find
themselves in.

Our findings therefore add support to the view
that motivational biases are in fact adaptive.”
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Abstract

Identification of dynamic systems from input-output measurements is an important topic of scientific research
with a wide range of practical applications. Many real-world systems are inherently nonlinear and cannot be
represented by linear models used in conventional system identification. In this paper, fuzzy dynamic system
modeling and identification method is presented and discussed with NARX (Non linear Auto Regressive with
Exogenous input) model. The method identifies the fuzzy rules describing the dynamic system behavior from
input--output data using TS (Takagi- Sugeno) models. In order to show the procedure performance, the fuzzy
modeling & identification of a dynamic system is presented with an example. The simulation of this example is

also reported using MATLAB.

Keywords: Fuzzy modeling, dynamic system, identification, simulation, validation

1 Introduction

The problem of developing a general methodology for
intelligent system design has always been demanding.
Fuzzy modeling and identification methodologies
have been successfully used in a number of real-world
applications [1]. The Takagi-Sugeno model has ofien
been employed in the fuzzy modeling and
identification of nonlinear technical systems from
input-output data. Examples are the modeling of a
human operator’s control action of water cleaning
process and a converter in a steel-making process [2],
The approach to qualitative modeling based on fuzzy
logic has been proposed with fuzzy c-mean clustering
method for the structure identification of a gas
furnace, chemical plant, water purification process,
trend of stock prices etc. are described in [3]. Fuzzy
identifier is constructed to estimate the engine signals
necessary to calculate the deviation from nominal
engine behavior for engine fault detection and
isolation of internal combustion engine based on c¢-
mean clustering in [4]. A study i1s described for
identification of models for the temperature within the
melter portion of a glass-melting furnace [5].

Science and engineering have typical examples of
areas where conventional modeling techniques do not
give satisfactory results. Fuzzy models can serve as
decision support systems 1o assist operators, or can be
used to clone the operators based on traces of their
behavior. Fuzzy modeling is a framework in which
different modeling and identification methods are
combined, providing, on the one hand, a transparent
interface with the designer or the operator and, on the
other hand, a flexible tool for nonlinear system
modeling and control, comparable with other

nonlinear black-box technmiques. The rule-based
character of fuzzy models allows for a model
interpretation In a way that is similar to the one
humans use.

This work addresses a fuzzy modeling and
identification of a dynamic system with NARX
model. The method identifies the fuzzy rules
describing the system behavior from input--output
data using TS models. With this approach, the
domains of the antecedent variables are simply
partitioned into a specified number of equally spaced
and shaped membership functions. The rule base is
then established to cover all the combinations of the
antecedent terms. The consequent paramelers are
estimated by the least-squares method.

2 TS Model

The TS fuzzy model, which uses crisp functions in the
consequents, can be seen as a combination of
linguistic modeling and mathematical regression, in
the sense that the antecedents describe fuzzy regions
in the input space in which consequent functions are
valid [3]. The TS rules have the following form:

Ko lf x iy 4
then y,=f(x), i=12,---,K.

Variablexe X C R” and yeY c RY isthe

domain variable in which fuzzy sets are defined. The
membership  functions of the antecedent and
consequent  fuzzy sets are the mappings:

H(x): X —=[0,]] and {iy): Y —=[0,1],

(1)
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respectively. Fuzzy set A, define fuzzy regions in the
antecedent space, for which the respective consequent
propositions hold. The linguistic terms A, are usually

selected from sets of predefined terms, such as small,
medium, elc. The rule base

sR={R, i=1K}

Contrary to the linguistic model, the input X 1s a
crisp vaniable (linguistic inputs are in principle
possible, but would require the use of the extension

principle (Zadeh) 1o compute the fuzzy value of ..

The functions _f; are typically of the same structure;
only the parameters in each rule are different.
Generally, f; is a vector-valued function. A simple

and practically useful parameterization is the affine
(linear in parameters) form, yielding the rules:

R:If xis 4

(2)
then y, ZHJTI +b, i=12,: K.

Where @, is a parameter vector and b, is a scalar

offset. If @, =0 for each i, the singleton model is
obtained. The inference formula of the TS model is:

b 3B G > Bi(ax+b)
| Z:.—lﬁf Z:L|ﬁr

where 3., the degree of fulfillment of the ith rule’s

antecedent. When the antecedent fuzzy sets define
distinct but overlapping regions in the antecedent

(3)

space and the parametersa, and b, correspond to a

local linearization of a nonlinear function, the TS
model can be regarded as a smoothed piece-wise
linear approximation of that function. The affine TS
model can be regarded as a quasi-linear system (i.e., a
linear system with input-dependent parameters). To
see this, denote the normalized degree of fulfillment

by:

K
jrr'{'r}:ﬁr‘{x} Zjﬁ; (x) (4)

Here we write 5, (x)explicitly as a function X to
stress that the TS model is a quasi-lincar model of the
tollowing form:

K

2

i ¥.(x)b, = a (x)x+b(x)
j=]

y.(x)a ) x+
: (5)

The parameters a(x), b(x) are convex linear
combinations of the consequent parameters &, and

b, ie:

K K
a(x) =Y y,(x)a;, b(x)=Y y,(x)b, (6)

i=1 i=l
In this sense, a TS model can be regarded as a
mapping from the antecedent (input) space to a
convex region (polytope) in the space of the
parameters of a quasi-linear system. This property
facilitates the analysis of TS models in a framework
similar to that of linear systems [3].

3 Modeling of Dynamic Systems

The time-invariant dynamic systems are in general
modeled by static functions, by using the concept of
the system’s state [1]. Given the state of a system and
given its input, we can determine what the next state
will be. In the discrete-time setting we can write:

yik+1) = f(p(k).u(k)) M

Where v(k) and (k) are the state and the input at
time k. respectively, and fis a static function,
called the state-transition function. Fuzzy models of
different types can be used to approximate the state-
transition function. As the state of a process is ofien

not measured, input-output modeling is often applied.
The most common is the NARX model:

yk+1)= f(y(k), y(k=1),---,

ylk=n, +1),u(k)ulk=1),---, (8)
ulk—n_ +1))
Here k), ylk—n, +1) and

u(k), -, u(k—n_,+1)) denote the past model
outputs and nputs respectively and #n,,n are

integers related to the model order. For example, a



singleton fuzzy model of a dynamic
consist of rules of the following form:

system may

R :If yik) is 4,

and y(k=1) is A,

and ---y(k—n+l) is A,
and u(k) is B,

and u(k-1) is B,
and---u(k—m+1) is B
then v(k+1) is C,

(9)

Since fuzzy models can approximate any smooth
function to any degree of accuracy, models of type (9)
can approximate any observable and controllable
modes of a large class of discrete-time nonlinear
systems.

4 Knowledge-Based Design

To design a linguistic fuzzy model based on available
expert knowledge, the following steps can be
followed: (1) Select the input and output variables, the
structure of the rules, and the inference and
defuzzification methods.(2) Decide on the number of
linguistic terms for each variable and define the
corresponding membership functions.(3) Formulate
the available knowledge in terms of fuzzy if-then
rules.(4) Validate the model by using data. If the
model does not meet the expected performance,
iterate on the above design steps.

It should be noted that the success of the modeling
and identification heavily depends on the problem at
hand, and the extent and quality of the available
knowledge. For some problems, the knowledge-based
design may lead fast to useful models, while for
others it may be a wvery time-consuming and
inefficient procedure, especially manual fine-tuning of
the model parameters. Therefore, it is useful to
combine the knowledge-based design with a data-
driven tuning of the model parameters. The following
sections review method for the adjustment of fuzzy
model parameters by means of data.

4.1 Data-Driven  Acquisition  and

Tuning of Fuzzy Models

In this section, we assume that a set of N input-output
data pairs (x,¥,) i=1,---,N is available. Recall

thatx, € R” are input vectors and y, are output
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scalars. Denote X € R
A
vectors X, in its rows, and y€E R Y a vector

a matrix having the

containing the outputs ¥, :

X=[.‘-1‘J.,'“.,Ih-]?,}"=[_}-’“--','].?_,*.]r. (10)
4.2  Least-Squares Estimation of
Consequents

The defuzzification formulas of the singleton and TS
models are linear in the consequent parameters, @, b,

as shown in equation (2). Hence, these parameters can
be estimated from the available data by least-squares

techniques. Denote T, € R the diagonal matrix
having the normalized membership degree ¥,(x, ) of

(4) as its kth diagonal element. By appending a
unitary column to X, the extended

matrix X', =[X,1] is created. Further, denote X’ the

X b Ao A
matrix in K

and X :

composed of the products ol

matrices T

X =Tk TX -] (11)

The consequent parameters o and b, are lumped into

. K{p+l) .
a single parameter vector@ e R™" ¢

H=[ﬂr}.{]liﬂ:‘hzi"'iﬂ;,bﬁ]r {]E}

Given the data X', v, equation (3} now can be written

in a matrix form, y =X @+ e. It is well known that

this set of equations can be solved for the parameter &
by:

O=[(X)X1T'(X) » (13)

This is an optimal least-squares solution, which gives
the minimal prediction error, and as such is suitable
for prediction models. At the same time, however, 1t
may bias the estimates of the consequent parameters
as parameters of local models. If an accurate estimate
of local model parameters is desired, a weighted least-
squares approach applied per rule may be used:

e 5" =X, L. T-X Ty (14)
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5 Example

We considered a nonlinear dynamic system described
by a first-order difference equation:

Wk +1) = y(k) +u(k)e ) (15)

We use a stepwise input signal to generate with this
equation a set of 300 input—output data pairs as shown
in Fig. 2(a). We also considered that it is known that
the system is first order and that the nonlinearity of
the system is only caused by ), the TS rule structure
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I k) is 4

(16)
then y(k+1=ay(k)+bu(k)

Assuming that no further prior knowledge is
available, seven equally spaced exponential
membership functions, are defined in the domain
of p(k), as shown in Fig. I(a). The consequent
parameters are estimated by the least-squares method.

Figure 1(b) shows a plot of the parameters a,,b,
against the cores of the antecedent fuzzy sets A4, . The

interpolation between a, and b, is linear, since the

membership  functions are piece-wise linear
(exponential). It is observed that the dependence of
the consequent parameters on the antecedent variable
approximates quite accurately the system’'s
nonlinearity, which gives the model a certain
transparency Validation of the model in simulation
using a different data set is presented in Fig. 2(b),
2(c). Surfaces of original & identified models are
shown in Fig. 3.

6 Summery

In this paper, fuzzy modeling and identification of a
dynamic system with NARX model is presented and
discussed. The presentation identifies the fuzzy rules
describing the system behavior from input--output
data using TS models. In order to show the procedure
performance, the fuzzy modeling & identification of a
dynamic system is presented with an example. The
simulation of this dynamic system is also reported
using MATLAB. If no knowledge is available as to
which variables cause the nonlinearity of the system,
all the antecedent variables are usually partitioned
uniformly. In order to obtain an efficient
representation with as few rules as possible, the
membership functions must be placed such that they
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capture the non-uniform behavior of the system. This
dynamic fuzzy modeling and identification can be
used for wvarious aims: analysis, design, control,
monitoring, supervision, etc. Modeling of complex
systems will always remain an interactive approach.
Intuition and experience of the team will always play
a major role in this process. Special software tools
will also need to be developed for this purpose.
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Abstract

This paper discusses how neuro-robotic simulation studies of “minimally cognitive behavior”
can contribute to the development and validation of cognitive-scientific theories. An example is
provided of an analysis of the behavior of a simulated robot solving delayed response tasks.
Combining qualitative and quantitative descriptions, based on detailed correlation of sensory
inputs, motor outputs, and neural activation values as well as synaptic connection weights at each
point in time, the analysis allows us to understand the interaction between mimmal internal
mechanisms and the behavioral dynamics they exploit.

1 Introduction

As several authors have pointed out, mobile
robotics, or autonomous agents rescarch in general,
can be viewed from at least two different, though
intertwined perspectives: that of engineering,
mostly concerned with the design of artefacts, and
that of science, mostly concerned with the
understanding of natural systems. Furthermore the
latter can of course be broken down according to
exactly which science it 1s that 1s contributed to:
e.g. cognitive science (e.g. Pfeifer, 1995), biology
{e.g. Webb, 2000), etc.

While these distinctions appear fairly obvious,
they seem to receive surprisingly hittle attention n
discussions of autonomous robotics methodology,
where general statements such as “simulations are
useless™ or “Khepera robots are not real robots™ or
“existence proofs just don’t do it” often can be
heard. The last point, for example, is certainly true
from an engineering point of view, whereas in
cognitive science existence proofs can be highly
valuable in the development of theories. Similarly,
simulations might have limited wvalue in robot
engineering, and might only be second choice n
the modeling of animal behavior in cases where a
real robot can made to interact with (roughly) the
same physical environment as the modeled animal
{e.g. Lambrinos et al, 1997; Webb, 2000). From
the perspective of cognitive science, however,
robot simulations are very useful tools in agent-

based modeling (e.g. Schlesinger & Parisi, 2001),
paying more attention to the interaction of agents
and environments than traditional computational
cognitive modeling of mostly internal processes.

Much of our own experimental work has been
concerned with what Beer (1996) referred to as
“minimally cognitive belavior”, 1.e. “the simplest
behavior that raises cognitive interesting issues”,
and the detailed analysis of the mechanisms
underlying such behavior (e.g. Biro & Ziemke,
1998: Ziemke, 1999 2000; Ziemke & Thieme, in
press). This paper provides an example of how we
combine qualitative and quantitative descriptions,
based on a detailed correlation of sensory inputs,
motor outputs, resulting robot behavior/motion, and
neural activation values as well as synaptic
connection weights at each point in time. This
allows us to analyze the interaction between
minimal internal mechanisms  and  the
environmental/behavioral dynamics they exploit.

2 An Example’

In the example discussed in this paper a simple
ANN-controlled robotic agent has been evolved to
solve a variation of standard delayed response tasks
as they are commonly used in experimental
psychology and neuroscientific studies of short-

' Pants of Section 2 appear in similar form in Ziemke &
Thieme (in press).



term memory (STM) (cf. Ziemke & Thieme, in
press). The experiment and results documented
here are part of larger set of experiments with
different architectures and tasks (Thieme, 2002
Thieme & Ziemke, 2002; Ziemke & Thieme, in
press). The following subsections first briefly
overview task, agent, and control system, and then
present an analysis of successful behaviors and
their underlying mechanisms. For further details on
this example the reader is referred to Ziemke and
Thieme (in press).

2.1 Task

The agent’s task, a type of delayed response task,
i illustrated in Figure 1. Its starting position and
goal are indicated by an arrow and a circle,
respectively. Two lights appear in the first corridor,
and the sides on which they appear indicate the
way to the goal: the first one indicates the correct
turming direction in the first junction, the second
one indicates the wrong turning direction in the
second junction.” Exact starting  position,
orientation and hight locations vary randomly; goal
locations vary accordingly. It should be noted that
Figure 1 only shows one particular case as an
example of the general setup; other examples can
be found in Figure 4.

Figure 1: An example situation in a double
T-maze. Arrow and circle indicate starting
position and goal respectively.

2.2

The experiments discussed in this paper have been
carricd out with the simulated Khepera robot
(Mondada, Franzi & lenne, 1994) shown in Figure
2, using an extended version of Michel's (1996)
Khepera simulator. As part of the simulator’s
functionality, random noise was added to simulated

Agent

* This is the most difficult of six different setups/tasks
discussed by Ziemke and Thieme (in press).
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sensor and motor values as follows: +/- 10% to
distance sensor values, +/- 5% to light sensor
values, +/- 10% to motor speed amplitudes, and +/-
5% to the direction of motion resulting from the
speed differences (Michel, 1996).
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Figure 2: Simulated Khepera robot. From
Ziemke & Thieme (in press).

In Figure 2, the labels beginning with ‘D° refer to
the infrared distance/proximity sensors: back left
{DBL), left-left (DLL), left (DL), front left (DFL),
front right (DFR), right (DR), right-right (DRR),
and back nght (DBR). The figure also shows left
and right wheel/motor (ML and MR), which are
controlled independently, as well as the left and
right ambient light sensors (LL and LR} used in the
experiments.

2.3

The control architecture used here 15 fairly simple,
although it might look complicated in Figure 3. The
extended sequential cascaded network (ESCN), a
variation of Pollack’s (1991) SCN, consists of:

Neurocontroller

o a simple feed-forward function network,
mapping sensory inputs to motor outputs
and state units through a single layer of
synaptic connection weights, and

* a second simple network, the conrext
network, which maps state units to new
function network weights through a single
layer of weights, only when the so-called
decision unit 15 activated (above a certain
threshold).

In simpler terms, the function net constitutes a
simple, reactive sensorimotor mapping, and the
context net provides a mechanism for changing that
sensorimotor mapping when necessary. In many
cases, as demonstrated 1n the next subsection, these
ESCN controllers are relatively simple to analyze,
since they combine simple reactive mechanisms
with occasional switches between different sets of
reactive behaviors.
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Figure 3: Extended sequential cascaded

network (ESCN) as a robot controller. Sohd
arrows indicate fully connected layers of
synaptic connection weights. The dotted
arrow  indicates the  selectivity of
feedback/modulation, depending on the
activation of the decision unit. From Ziemke

& Thieme (in press). See text for a detailed
explanation,

More specifically, given an input vector i1}, j =
l...n, state unit vector s(f) and output vector off)
are calculated as follows by the fimction network:

o(t) = f(Wo(t) - (i1(0),..., in(r),1))
s(r) = f(Ws(0) - (01(t)yeninir) 1))

Where f'is the logistic activation function, and W 1)
and W), together referred to as funciion network
weights, are two-dimensional connection weight
matrices dynamically computed by the conrext
network. In the ESCN the use of the context net is
conditional upon the activation of the decision unit
in the ESCN (cf. Figure 3). The idea behind this 1s
that the robot should be able to make use of
memory/feedback selectively and decide actively
when to change its sensorimotor mapping. More
specifically, given the state vector 5,(1), & = 1...m,
the decision unit activation df¢) and the function
network weight matrices W) and W), are
dynamically computed in every time step f as
follows by the ESCN’s context network:

* Qutput and state units have biases (or bias weighis),
therefore 1 is appended to the input veclor in these
equations.

d(ty= f(¥a - (s1(0)y.r sm(1),1))

if d(t)z20.5
then Wol(r + 1) =VFo - (s1(1).,..., sm(1),1}
else Woll + 1) = Wali)

if d{t)=0.5
then Ws(t +1)=Fs . (su(¥),...,sm(1),1)
else Ws(t+1) = Ws(1)

Where f is the logistic activation function, ¥, is a
one-dimensional  connection  weight  matrix,
mapping current state to decision unit activation,
and ¥, and F, are two-dimensional connection
weight matrices mapping the current internal state
s(f) to the next time step’s function network
weights, if the decision unit is active, i.e. has an

activation value of at least 0.5,

The control networks were trained with an
evolutionary algorithm the details of which are
omitted here since they are irrelevant to the
analysis of successful controllers in the next
subsection.  For the details of the traiming
procedure the reader is referred to Ziemke and
Thieme (in press).

2.4

The successful behavior of ESCN-controlled agents
in four different scenarios, corresponding to
different light combinations (left-left, left right,
ete.), is illustrated in Figure 4. The figure shows the
robot’s position as well as all sensor inputs, motor
outputs and neural activation values in each time
step which together with the sensorimotor (i.e.
function network) weights shown in Figure 5 allow
a detailed analysis of what happens at each point in
time.

Behavior Analysis

The first thing to note in this case is that the use
of the decision unit (labeled *SEL" in Figure 4),
and consequently the use of the context network for
modulation of sensorimotor weights in the function
network, was highly selective and only occurred
once in each scenario. This makes the underlying
mechanisms relatively easy to analyze, since the
robot is basically controlled by a simple reactive
controller at each point in time, except that
“memory” is realized in each scenario through a
single ‘switch® from one set of reactive behaviors
to another.
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Figure 4. ESCN-controlled agents’ behavior and activation values in four differemt double T-maze
scenarios. Empty circles indicate goal locations, whereas gray/striped circles indicate areas in which the
agent ‘dies’ immediately. C0O/C1 denote the context/state units, SEL the decision unit, for other
abbreviations see Figure 3. Activation values are illustrated as vertical black lines whose height
corresponds to the represented value (for each time step). All unit activation values lie between 0 (black
dot) and 1 (full height black line). A filled circle for each time step indicates the agent’s position. To
simplify the matching of the agent’s position/behavior and its network activation values the trajectories
and the time lines have been segmented into five equally long time segments (labeled 0 to 4). From

Ziemke & Thieme (in press).

The ESCN's sensorimotor (or function network)
connection weight settings are illustrated i Figure
5. The initial weight configuration (cf. Figure 5a)
was such that in the absence of other stimuli, the
approximately equally large positive motor biases
resulted in straight forward motion. In the cases
where the first light source was on the left side (cf.
Figures 4a and 4b) the agent initiated a right-
circling behavior (facilitated through the large
negative weight between the lefi light sensor (LL)
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and the right motor (MR), combined with a weaker
inhibitory connection between LL and ML). This
temporarily actually made the agent move away
from the first junction. When facing the wall in the
dead end this led to activation of the left frontal
proximity sensor (DFL), which in turn briefly
activated context unit C1 (through the large
positive weight between DFL and Cl; cf. Figure
15a), which in turn activated the decision unit.
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Figure 5: Hinton diagrams for the ESCN
sensorimotor  (i.e.  function network)
synaptic connection weights. Weights are
illustrated as black and white squares (black
for negative/inhibitory weights, white for
positive/excitatory weights), whose size
reflects the weight magnitude. The columns
labeled “1.0° contain the biases (or ‘bias
weights'). C0O and Cl wvalues indicate the
context unit activation values that led to the
respective  weight  setting. For  other
abbreviations see Figure 2. From Ziemke &
Thieme (in press).

As a result the sensorimotor mapping was re-set to
the one shown in Figure 5b, which realized a left-
hand wall-following behavior, This was facilitated
through a large positive bias for the right motor
(MR) and a small negative bias for the left one
(ML), giving the agent a tendency to turn left in the
absence of stimuli, combined with excitatory
connections between the proximity sensors on the
left (DLL, DL, DFL) and the left motor. Hence, the
agent would move forward as long as there was a
wall to the left, and turm left as soon as that wall
‘disappeared” in the junction. In the cases
illustrated in Figures 4a and 4b this took the agent
all the way to the goal, in both cases more or less
unaffected by the second light source on the lefi
and right respectively.

In the case illustrated in Figure 4c the agent
encountered the first light source on its right hand
side, which also activated context umt C0
temporarily (through the large positive weight
between left light sensor LL and CO; ef. Figure 3a),

but the behavior was not influenced at all. When
sensing the second light source to the left, the
agent, as in the above cases, turned around to
temporarily move away from the first junction.
During that turn the agent sensed the first light
source again with the right light sensor (LR) which
also activated context unit CO again. Now,
however, context unit C1 was activated at the same
time, when facing the wall during the turn (through
the large positive weight between left frontal
proximity sensor DFL and C1; cf. Figure 5a). The
joint activation of both context units also triggered
the decision unit (SEL), which resulted in the new
sensorimotor weight setting illustrated in Figure 3c.
This sensorimotor mapping made the agent move
forward by default (through two positive motor
biases), and turn right in junctions (both frontal
proximity sensors, DFL and DFR, have excitatory
connections to the left motor (ML) and inhibitory
connection to the right one (MR); cf. Figure 5c). In
this case these behaviors took the agent all the way
to the goal, as illustrated in Figure 4c.

In the case where both light sources were
placed on the right side, as illustrated in Figure 4d,
the agent never turned away from the first junction.
But as in the cases illustrated in Figures 4a and 4b,
the first time left front sensor DFL became
activated, context unit Cl was activated
temporarily as well. This in turn triggered the
decision unit (SEL), which resulted in the
sensorimotor mapping illustrated in Figure 4b,
which even in this case took the agent to the goal
through lefi-hand wall-following. Hence, the first
two scenarios and the last one were all solved using
the same combination of behaviors/sensorimotor
mappings, but in the latter case the switch did not
occur until after (or in) the first junction.

As mentioned briefly above, it should be noted
that in all four cases the decision umt became
active only once, i.e. the sensorimotor mapping was
adapted only once. Hence, the agent is basically
controlled by purely reactive sensornimotor
mappings all the time, except that at one point there
is a switch from one reactive mechanism to
another. It should also be noted that at all other
points in time the context unit activation values do
not influence the sensorimotor mapping at all. That
means, STM is here not realized through the
sustenance of neuronal activation patterns, but only
through the dynamic modulation of reactive
sensorimotor mappings, as embodied in the
sensorimotor connection weights. Consequently, in
three out of four cases the modulation was actually



not triggered by the light stimuli. Hence, the new
sensorimotor weights correspond to the behavior
that will take the agent to the goal, but they could
hardly be said to ‘represent’ the light stimuli in the
traditional sense of the term (as adopted in most
studies of the neural mechanisms underlying STM;
cf. Ziemke & Thieme, in press).

3 Discussion

As mentioned in the introduction, much of our
experimental work is concerned with neuro-robotic
studies of “minimally cognitive behavior” and the
analysis of the underlying mechanisms. This paper
provides an example of how quahitative and
quantitative descriptions can be combined in the
analysis of robot behavior, based on a correlation
of sensory inputs, motor outputs, and neural
activation values as well as synaptic connection
weights at each point in time. This allows us to
analyze in detail the interaction between minimal
internal mechanisms and the environmental and
behavioral dynamics they exploit.

Simulation studies of the type discussed here
certainly have many flaws from an engineering
point of view, and typically they cannot directly be
transferred to real robots. They can, however, make
valuable contributions to cognitive scientific
theories and discussions, not least due to the fact
that they are relatively easy to analyze in detail. For
example, the analyses presented here illustrate how
STM can be realized through synaptic plasticity.
Thus they provide an alternative to more traditional
ANN and neuroscientific models of STM which
usually assume sustenance of neural activation
patterns as the (main) underlying mechanism.
Furthermore, analyses of this type allow making
cognitive-scientific discussions of issues such as
“representation” more concrete than they usually
are, by complementing philosophical and
psychological arguments with concrete case studies
of “minimally cognitive behavior” and the
mechanisms underlying it. Finally, it should of
course be mentioned that agent-based models of
this type also have obvious limitations. Schlesinger
and Parisi (2001), for example, pointed out that

such models have similar problems with
“brittleness” as  their more traditional,
computational counterparts, i.e. solutions are

usually highly task- and context-specific.

In sum, despite some obvious limitations,
simulation studies of situated robotic agents allow
extensive, systematic variations of environments

S0

and agents, as well as detailed observation and
analysis of underlying mechanisms, and thus they
constitute a useful complement to possibly more
realistic, physical robot experiments as well as
theoretical discussions.
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Introduction

Two of the general goals of our research group are to use robotics in order to further the understanding of animal
nervous systems—embodied computational neuroscience if you will—and to endow robots with some of the
useful control capabilities of animal nervous systems—a brand of biorobots. Both of these activities require a
research programme that bridges the substantial gap between neurobiology and robot control. The research
activity of our group therefore includes, to some degree at least, each of the following elements:

(i) empirical and theoretical research in the neurosciences,

(ii) computer simulation of target neural systems at several levels of abstraction,

(111} embedded (robotic) models of target neural systems,

(iv) the evaluation of candidate biomimetic robot control mechanisms with respect to biological constraints

(embodied computational neuroscience) and engineering requirements (biorobotics).
The current paper is specifically concerned with robotics research in categories (iii) and (iv), however, as this
builds upon the past and ongoing work by our group in more conventional computational neuroscience il is
worth briefly describing our style of computational neuroscience research to show the context in which the
methodology of our robot research has been developed.

Computational Neuroscience

Research in the neurosciences provides a mass of detailed descriptions of interesting phenomena
concerning target neural structures, but gives little guidance as 1o the correct functional understanding of this
data. To make progress requires computational hypotheses that can be formulated as simulation models and
whose outputs can be tested against available neurobiological findings. In recent years, our group has developed
several computational models” * of a group of central structures in the vertebrate brain called the basal ganglia
based on the hypothesis that these nuclei play an important functional role in vertebrate action selection™ *.
Figure 1 shows the main basal ganglia nuclei and some of their intrinsic and extrinsic connections within the
mammalian brain. The principle structures are the striatum and pallidum found at the base of the forebrain and
the substantia nigra in the midbrain. These structures appear to have homologues in the nervous systems of all
classes of jawed vertebrates and possibly in all vertebrates.

Hindbram

Figure 1: Principle structures of the basal ganglia and some of their intrinsic and extrinsic connections in the mammalian

brain. Abbreviations: SN —substantia nigra, STN —subthalamic nucleus.
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The proposal that the basal ganglia performs action selection in the vertebrate brain is not a radical perspective
on their function but rather derives from a growing consensus that a key function of these structures is to enable
desired actions and to inhibit undesired, potentially competing, actions (for review see refs 3 and 4). Key
elements of this hypothesis include that (i) the input structures of the basal ganglia (principally the striatum)
receive convergent input from many regions of the brain indicating the urgency (or salience) of competing “bids’
for motor resources, (ii) that the continuous inhibitory output from the substantia nigra projects 10 motor systems
throughout the brain and therefore serves as a break on all voluntary movement, (iii) that action selection occurs
when a “winning’ bid in the striatum generates inhibition of neurons in substantia nigra thereby causing them to
release their inhibition of target motor systems (thus action selection through disinhibition).

The structures of the basal ganglia are highly interconnected with feedback loops both between and within the
different nuclei. To achieve a deep insight into basal ganglia function therefore demands a computational
approach involving quantitatively specified models, delimited by anatomical and physiological constraints. Our
computational neuroscience research on this topic includes both relatively low-level models, focusing on some
of the properties of identified populations of neurons, and ‘systems-level’ models of basal ganglia nuclei and
their inter-connections. This research has resulted in computational hypotheses concerning the function of
specific basal ganglia structures and pathways (see ref. 1, 2), and has produced some simulation results that
show a good match with neurobiological data. For instance, as shown in figure 2 below, we are able to generate
signal characteristics in the component circuits of our basal ganglia model (the insets in the top right of each
graph) that follow similar temporal patterns to electrophysiological recordings of neural firing (larger graphs- a,
b. ¢) in corresponding nuclei in the rat brain.

i) | - i) e
I

Figure 2. Model output compared with recordings in the globus pallidus (aka pallidum) (a, b)* and substantia nigra (c)".

Embodied Computational Neuroscience

The above work provides the basis on which we have begun to develop embodied models of these same neural
circuits, and to evaluate the usefulness of these mechanisms for robot control* *.  Embodiment should not only
provide a strong test of the sufficiency of our model of the basal ganglia (since it brings with it all the demands
of real-world, real-time behaviour). but should also allow us to make contact with a whole new tier of
neurobehavioural data. Having developed candidate robot controllers with biomimetic elements our current
approach is to evaluate their behaviour on a benchmark task loosely modelled on some of the activities of a
hungry laboratory rat placed in a novel arena. Benchmark tasks are vital if one control architecture is to be
effectively compared/contrasted with another, and our hope is that selecting a benchmark that approximates a
model biological situation will allow comparisons with neuroethological observations of behaving animals.

Figure 3 shows a screen-shot of the activity of our current robot model. The bottom-right corner of the figure
shows the current location and activity of the robot as captured by a video camera, while other windows show
the current internal activity of the model. In our benchmark task the robot selects between behaviours related
either to object acquisition (collecting cylinders from the 'open field" and depositing them in the corners of the
arena) or to object-carrying and threat avoidance (avoiding open spaces). There are five behaviours in
all — evlinder seek (1), eviinder pickup (2). wall seek (3), corner seek (4), and cylinder deposit (5).
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Figure 3. The benchmark task for evaluating the action selection architecture. In the figure, the current saliences are shown
as histograms in the centre-top window, larger bars indicating higher salience. Each salience value is computed by the model
basal ganglia as a function of several inputs. These include: (bottom-left window) mputs from sensory systems that detect the
presence or absence of an object in the robot gripper, or of a nearby corner, wall, or cylinder; (top-left window) artificial
motivations simulating levels of *fear’ (dark-grey line) and “hunger” (light-grey line): (centre-left window) positive feedback,
or other direct input, from the current selected behaviour (shown by a darkened bar),

Figure 4 shows the role of the embedded basal ganglia madel in the robot controller for this benchmark task.
Inputs from the perceptual, motivational, and action sub-systems converge on the basal ganglia input structures,
Intrinsic basal ganglia circuitry then resolves the competition between the action sub-systems and disinhibits the
motor outputs (to the gripper and wheel motors) for the winning sub-system. The basal ganglia also provides a
positive feedback signal, via the thalamus, to the winning competitor.

Raw sensor data
{ir, gripper, elc.)

Perceprual
sieh-systems
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Ll |r.3‘ =¥V T s

Marivarional
stb-systems

Figure 4. Architecture of the embodied basal ganglia model. Note that only a small sub-set of actual connections are shown.
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In biological research a standard technique for analysing and displaying behavioural data is the ethogram. The
graph in Figure 5 below shows an ethogram of the activity of our robot in an example run, indicating which of
the five available behaviours (or a sixth *no activity’ behaviour) is selected at any given moment in time. In this
example the initial behaviour is driven by fear of open spaces—wall seek followed by corner seek. This is
followed by four successful bouts of foraging behaviour—cylinder seek, cylinder pickup, wall seek (this time
carrying a cylinder), corner seek (also cylinder-carrying), and cylinder deposit.

no sctivity selected {1 (IINEER [0 ]| i o1 mm
cylinder deposit | 1 | I
corner soek | || I0IRIILRE [ B
wall sook § |
cylinder pickup |
cylinder seek el H :
0 50 100 150

Figure 5. Ethogram of robot behaviour in a single run for the benchmark task.

Although this model task is a very straightforward one from a robotics perspective it contains many elements
that can test the effectiveness of candidate action selection mechanisms. These include multiple competing
behaviours: varying and noisy sensory data; motivational drives that vary with time, circumstances, and
behaviour; and complex sequential behaviours that permit a secondary, and finer-grained. decomposition of
action selection. By using this benchmark we therefore expect to be able to make direct comparisons between
competing models., However, we also expect to formulate more demanding benchmark tests. to establish the
versatility of the biomimetic controllers we develop.

Evaluating candidare biomimetic control systems for action selection

We have previously described™ * several criteria for an effective action selection mechanism in addition to the
primary requirement of selecting appropriate behaviour for any given circumstance. Specifically, an effective
selection mechanisms should provide clean and rapid switching between competing behaviours: lack of
distortion (by losing competitors) of the execution of a selected behaviour; appropriate behavioural persistence
or maintenance (the behaviour should not be terminated too early or too late); and the flexibility to allow re-
prioritisation when circumstances change unexpectedly. We have demonstrated analytically, and in computer
simulation, that our prototype model of the vertebrate basal ganglia possesses suitable control properties to serve
as an effective action selection device. In our current work we plan to conduct a detailed analysis of
synchronised records of the behaviour of the robot (in video) and the intrinsic activity of its control system, in
order to evaluate the effectiveness of candidate action selection mechanisms according to specific action
selection metrics. In pilot studies with our model we have also begun to investigate similarities between robot
action selection, and video recordings of behaviour switching in laboratory rats. This work has found disruptive
effects on robot behaviour of altered levels of the simulated neuromodulator dopamine that show parallels with
similarly-treated animals, and could have implications for understanding brain disorders that involve dopamine
such as Parkinson’s Disease. In the following we summarise two of the interesting results from our research to
date. that have involved developing novel metrics for measuring/classifying robot behaviour.

Behavioural maintenance

An effective action selection system must be able to select a behaviour that is appropriate to the current
circumstances. However, a further key issue concerns what happens once a behaviour has become selected and
the animal/robot is engaged in performing it. We can identify two specific requirements for action selection with
regard to an ongoing behaviour. First the behaviour should be maintained for an appropriate length of time or
until completion. Failure to do so will lead to an error of behaviour maintenance that we term early interrupt.
Second, the behaviour should be terminated quickly and cleanly once it ceases to be appropriate. Failure to
achieve this can lead to a second type of maintenance error termed perseveration (a term frequently used in
ethological experiments with behaving animals). A specific situation in which errors of behaviour maintenance
can arise is where the salience for the behaviour falls after the time it is first selected but before it has been
effectively completed. For instance, as an animals feeds, the energy deficit that caused it to be hungry will
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reduce leading to potential inefficiencies in behaviour maintenance —the animal may stop feeding before its
belly is full. A second situation in which maintenance errors occur is where a behaviour involves a sequence of
actions that must be completed in order to maintain the physical integrity or safety of the animal, but where the
original motivation for the behaviour is satisfied part-way through the sequence. For instance, a grooming
behaviour could involve licking an itchy limb. Once the itch is gone, s0 is the motivation for grooming,
however, the animal must still retract its tongue and rearrange its limbs/head into a stable posture. In our robot
model we have examined a similar type of situation in the evlinder deposir task. Here the robot must lower its
gripper arm, open the gripper to release the cylinder (an event which leads to a big drop in the salience for
cylinder-deposit), and then close the gripper and return the gripper arm to a safe, vertical position. We have
found that the two types of maintenance error can occur here: early interrupt—the robot switches to a new
behaviour (e.g. looking for another cylinder) before resetting its gripper/farm to the safe position; and
perseveration—the robot repeats the cycle of arm-lowering, gripper-opening, gripper-closing, arm-lifting after it
has already released the cylinder.

The problem of behaviour maintenance has, of course, been the subject of considerable research. Much of this
has focused on the use of positive feedback to maintain a selection. Here the selection/output of a behaviour
leads, via a feedback loop, to a boost in the salience for that behaviour. Positive feedback can be used to
organise behaviours such as feeding and drinking into efficient bout lengths®, and is incorporated into our basal
ganglia model via a loop that returns to the action sub-systems via the rhalamus (see figure 4). However, we
have discovered through our robot model that positive feedback is a relatively crude mechanism for providing
accurate timing of the maintenance and completion of a behaviour such as cylinder deposir. The level of
feedback has to be set just right to avoid both early interrupt and perseveration errors, and variation in the
salience of the selected behaviour, or that of its competitors, easily upsets this balance leading to maintenance
errors of either type. To avoid this problem we have discovered that there is a need for a behaviour sub-system,
such as cvlinder deposit, to be able to make a direct contribution to its own salience at critical moments of
behaviour execution. Thus after releasing a cylinder, the cylinder deposir sub-system sends a signal of a
specified size and duration to the action selection system that boosts its own salience sufficiently for the
behaviour to be carried through to completion. Since the behaviour sub-system has control over the size and
timing of this 'busy signal” it can provide a much better mechanism for effective behaviour maintenance than
positive feedback alone.

In the graphs below we illustrate the effects of using three different levels of positive feedback, or the
combination of positive feedback and a 'busy signal’, on maintenance errors in the cylinder deposit behaviour. In
top half of figure 6 the salience of the behaviour is subject to minor variation due to sensor noise, whilst in the
bottom half there is both sensor noise and major variation in salience signals caused by large fluctuations in the
two 'motivational' variables intended to loosely model varying levels of 'hunger’ or 'fearfulness' in a rat.
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Figure 6. Comparison of outcomes for cylinder deposit behaviour with different levels of *busy signal® and positive feedback
(+f) in a model with fixed motivations (top), and with varving motivations {bottom).

When the motivational inputs are removed from the model (top graph) we see that cylinder-deposil is effectively
maintained and completed (good switching) either where there is no busy signal with medium levels of positive
feedback (+f), or where there is a 'busy signal’ together with low positive feedback. In the two case where
positive feedback is low or high, and there is no busy signal, this leads to either many errors of early interrupt
(low +f) or of perseveration (high +f). In the bottom graph we see the effect of including in the model the large
variations in salience caused by motivational variables. Here we see that positive feedback alone is rarely
effective in producing good-switching, showing primarily early interrupt errors where the strength of the
feedback is at low or medium levels, a mixture of early interrupt and perseveration errors at high positive
feedback levels, and primarily perserveration errors at very high levels. In contrast the system has a much wider
operating range when the 'busy signal' is engaged together with low positive feedback. Here most attempts at
cylinder-deposit result in good switching and the few errors that occur happen when the motivational variables
reach extreme values (for instance, errors of early interrupt typically occur when the level of simulated "hunger
is particularly high).

Interestingly, electrophysiological studies have noted that activity changes in the basal ganglia often occur after a
behaviour has been initiated. One interpretation of this post-selection activity is that it may reflect “efference
copy” of motor commands. The hypothesis generated from the research outlined above is that such signals to the
BG may act to maintain selected actions until completion, in other words, that they may convey information
similar to that encoded by the ‘busy signal’ in our model.
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Behavioural effects of changes in baseline dopamine

Manipulations of tonic (baseline) dopamine levels in the basal ganglia are known to affect action selection (or
behaviour switching). For instance, the dopamine blocker (antagonist) haloperidol can induce akinesia (no
movement) or bradykinesia (slowed movement), whilst the dopamine enhancer (agonist) apomorphine can lead
to stereotyped behaviour in which the animals continuously repeat a particular pattern of movement. In our robot
model we have observed similar outcomes from changes in simulated dopamine to those seen in animal studies.
First, lowering simulated dopamine below the normal baseline level causes slowed movement and difficulty in
initiating behaviours. Second, an increase in simulated dopamine can cause the simultaneous selection of two
behaviours resulting in an inappropriate mixture of two activity patterns: at the same time other candidate
behaviours are usually excluded by a property of the basal ganglia model we term ‘selection limiting’ (this
makes it more difficult for a behaviour to be selected when there are already active behaviours). Where the
behavioural interference caused by dual selection prevents one of the active behaviours from completing, the
robot can become stuck in a ‘behavioural trap’. So for instance, the robot may become trapped in a cycle of
repeatedly trying to pick-up a cylinder where success in this action is prevented by interference from a
simultaneously active cylinder seek behaviour. This result suggests that one source of behavioural stereotypy in
animals could be the failure to deselect or interrupt the activity of two simultaneously selected behaviours. More
generally the robot’s inability, in the excess-dopamine condition, to limit selection to one active behaviour has
interesting similarities to the difficulty in suppressing inappropriate actions or thoughts that is characteristic of
some patients with Tourette's syndrome or schizophrenia.

In order to more precisely characterize the errors observed in low and high dopamine conditions we have
developed two specific action selection metrics. First, we quantify the efficiency with which a behaviour is
selected by measuring how fully (0-100%) basal ganglia inhibition is removed from the motor system. Second,
we quantify the disrortion (0-100%) of the currently selected behaviour, due to other, partially selected,
behaviours, as the ratio of the total efficiency of all ‘losing” actions to the sum of efficiency scores for all
possible actions (including the winning one). Typically, the low dopamine ‘Parkinsonian’ condition described
above produces robot behaviour with little or no distortion but also low efficiency—winning behaviours are only
partially disinhibited. Conversely, the high dopamine condition can be characterized as high efficiency, but
relatively high distortion—winning behaviours are fully disinhibited but the partial expression of some losing
behaviours may result in inappropriate actions.

Concluding comments

We hope that the better characterization of such failures and errors in action selection systems will help both to
create stable metrics for comparing alternative selection mechanisms for robots, and to improve our
understanding of the root causes of behavioural deficits in patients with basal ganglia-related disease. More
generally, we hope that the research program we have embarked on, and have partially outlined above, will
contribute towards a developing methodology for embodied computational neuroscience that will allow
biomimetic robotics to make a significant contribution to the brain sciences.
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