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Abstract

Embodied and situated cognitive scienceemphasizeshat cognition and be-
havior should be understood as an interaction betweenbody and environ-
mert. In sudch an interaction the dynamics of the ervironment directly in-
uences the behavior of the system. Embodied and situated models are
therefore best explained using a formalism that is suited to study the tempo-
ral behavior of interacting systems,i.e., the dynamical systemtheory (Clark,
1997a;Chiel and Beer, 1997; Beer, 2000). This thesis investigates how the
dynamical systemtheory can be applied to enhancethe understanding of em-
bodied and situated models. A dynamical systemanalysisis performedon an
experiment in which reactive and non-reactive agens perform a categorical
perception task (Van Dartel and Postma, 2003). This thesis comparestwo
analyzing tools provided by the dynamical systemtheory, i.e., State Transi-
tion Diagrams(STD) and the genericanalysistool. It is concludedthat the
visualization methods of the generic tool provide more information about
coupled agernt-environment systemsthan STD.



Chapter 1

In tro duction

Two main approadescan be distinguishedin Arti cial Intelligence(Al), that
di er fundamentally in their theoretical assumptionsconcerningintelligence
and behavior; traditional represenational Al and embodied and situated cog-
nitiv e science. Most of the history of Al is dominated by traditional, repre-
senational, Al. Recerly, a new approad, embodied and situated cognitive
science,has challenged the view of traditional Al. Embodied and situated
cognitive scienceemploys a non-represemational view, and assumeghat in-
telligenceand behavior are the result of the ongoinginteraction betweenbody
and ervironment, rather than the result of computations applied to repre-
sertations, asmost represenationalists assume.The theoretical assumptions
of embodied and situated cognitive science(embodiment and situatedness)
in uence the way in which models should be analyzed. Howewer, there is no
clear theoretical framework for the analysisof embodied and situated models
of cognition. Most models are evaluated by a loose collection of analyzing
techniques. Sewral researters suggestthat enbodied and situated mod-
els should be explained using the Dynamical System Theory (DST) (Clark,
1997a;Chiel and Beer, 1997;Beer, 1997;Beer, 2000). The mathematical tools
provided by the DST enablethe analysis of enbodied and situated models,
taking into accourt each componert and the interaction betweendi erent
componerts.

The DST is a well establishedframework in physical scienceand math-
ematics, which has already proven its usability in cognitive science. Re-
searders as Thelen (1994), Barton (1994), and Port and Van Gelder (1995),
argue that dynamics should be certral to cognitive scienceand psydology.
Although more and more cognitive sciertists use the DST to analyze be-
havioral experimerts, the usagein cognitive scienceis not widespread. This
is partly so becausethe DST is complicated and di cult, requiring a suf-
cient knowledgein mathematics, and partly becauseresearders that use
the dynamical approad have setit againstthe more traditional approadies.
Nevertheless,the DST has proven its importance for cognitive science,by
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1.1] Resarch question 3

providing fundamental di erent theoretical insights into issuesin psycdology
(Thelen, 1995; Schlesingerand Barto, 1999; Beer, 2000).

In general,debatesconcerningthe usability of the DST in embodied and
situated cognitive scienceare performed in absenceof concrete examples.
According to Beer, detailed dynamical analysesof embodied and situated
models has to be conducted to expand our theoretical insight and to bet-
ter ground the debatesin concrete examples (Beer, 1996; Chiel and Beer,
1997; Beer, 1997; Beer, 2000). In his researt, Beer investigates models of
minimally cognitive behavior, i.e., ‘the simplest behavior that raisesissuesof
geruine cognitive interest' (Beer, 1996p2).

In this thesiswe comparedi erent tools of the DST by applying them to
a concreteexample of an enbodied and situated model.

1.1 Research gquestion

The researt question of this thesisis :

How can the dynamical systemtheory be applied to enhancethe
understanding of situated and enbodied models of cognition?

To answer this question, we apply a dynamical system analysisto an em-
bodied and situated model of active categorical perception. Two dierent
analysistools provided by the DST are applied and compared; state transi-
tion diagramsand the genericanalysistool. State transition diagramsusea
nite state machine represenation. The genericmethod usesa phaseportrait
represertation.

1.2 Thesis outline

The outline of this thesisis asfollows. Chapter 2 provides an intro duction in
the eld of Arti cial Intelligence. This chapter discusseshe cortrast between
the traditional approac and embodied and situated cognitive sciencecon-
cerning their view on behavior and intelligence. Chapter 3 givesan overview
of the DST and the analysistools usedin this thesis. Chapter 4 describes
the experimertal setup and givesa description of the embodied and situated
model used. In chapter 5 the application of STD and the generic analysis
tool to the embodied en situated model is described. Chapter 6 will provide a
generaldiscussion,and in chapter 7 we presern the conclusionof the researt
employed in this thesis.



Chapter 2

Articial Intelligence

2.1 Traditional Al and Cognitiv e science

The questionwhether it was possiblefor a computer to think, camewith the
rise of computer technology in the early 1950's. With the progressionthat
was made by computer technology camea progressionin the developmert of
formal logic and the computational theory. Al was founded by researters
as John McCarthy, Marvin Minsky, Allan Newel and Herbert Simon. Their
attempts were to replicate human level intelligence in a macdiine (Brooks,
1991a). These researters where interested in the great power of abstract
symbol systemsthat undergo rule governed transformation. In the 1930's,
beforethe rise of the computer technology, Alan Turing stated on pure math-
ematical grounds, that it waspossibleto construct an electronic machine with
consciousintelligence. He believed that the physical properties of a system
were completely irrelevant. This “Universal Turing Machine' could compute
ewvery possiblemathematical function. The challengefor Al wasto nd the
right input/output function to model the mind. Early work in Al concen-
trated on games,geometrical problems, symbolic algebra, theorem proving,
and other formal systems(Brooks, 1991b; Brooks, 1990).

At the sametime, researters in sewral other elds beganto dewelop
theories of the mind basedon complex represenations and computational
procedures,which would evertually leadto a new researt paradigm, cogni-
tive science.Cognitive scienceis the interdisciplinary study of the mind and
intelligence (Thagard, 1994). It started when psydologists, philosophers,
neuro-scietists, linguists and computer sciertists joined forcesin order to
understand complex mental tasks suc as thinking, language,and problem
solving. (Gardner in Kortmann, 2001). The use of (symbolic) represetta-
tion plays a certral role in the cognitive scienceapproad. Cognitivists agree
that knowledge in the mind consists of mental (symbolic) represenations.
Thought and action are the result of certain proceduresthat act on these
represemations (Thagard, 1994). In this view, the human mind is regarded
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2.1| Traditional Al and Cognitive sciene 5

as a very powerful computer that receivesinput from the world through its
sensors. This input forms an internal model (represeration) of the world.
Depending on the state of the system, certain computations are performedon
these represertations, which result in a speci ¢ behavior or output (Pfeifer
and Sceier, 1999).

Most researtersin traditional Al were very optimistic about the future.
They stated that it was possibleto replicate human intelligence before the
end of the certury. This goal was hard to achieve, due to two fundamerntal
problems concerning the use of symbolic represetations of the world : (1)
the frame problem, and (2)the symbol grounding problem. The next example
illustrates the frame problem. The robot Shakey, developed at the Stanford
Researt Institute, was built to navigate itself in a set of specially prepared
rooms (Brooks, 1991a). It was equipped with a cameraand a symbolic plan-
ning system called STRIPS. Shakey's task was to navigate autonomously
from one room to another, to avoid obstacles,and to push boxes from one
room to another (Pfeifer and Scheier, 1999). The planning program STRIPS,
operated on a symbolic description of the world to generatea sequenceof ac-
tions. While Shakey did its job well in a strictly prede ned environment, it
could not function in an ervironment for which it was not designed. Fur-
thermore, Shakey was sensitive to noiseand could not operate in a dynamic
ervironment.

The frame problem refersto the di culties with represening, or model-
ing, change (Kortmann, 2001). If an intelligent system usessymbols to rep-
reser its environment, how canit bekept in tune in a cortinuously changing
environment? Supposeyou want to represen a greenbox using a symbol
system. When you move the box, it turns a bit, the light intensity changes,
etc. But what happenswith the symbol you useto represen it? It is even
worse in a dynamical environment where a lot of things needto be repre-
sented simultaneously by the symbol system. It is hardly possiblethat an
intelligent systemcould e cien tly usesymbolic represenations of the world
for all its behavioral patterns (Brooks, 1991b). The ervironment in which
Shakey had to operate wasvery simple, the walls were of a uniform color and
carefully lighted, with dark rubber baseloards making clear boundarieswith
the lighter o or. The rooms were bare, except for the large colored blocks
and wedges,so it was simple to represen the objects in the environment
(Brooks, 1991a).

The secondproblem traditional Al hasto dealwith, the symbol grounding
problem, refersto how symbolsrelate to the real world (Harnad, 1990;Searle,
1990; Pfeifer and Scheier, 1999). The question is, how can the meaning
of these meaninglesssymbols, that are manipulated on the basis of their
shapesrather than their meaning, be groundedin something elsethan other
meaninglesssymbols?

The frame and the symbol grounding problem arelesssigni cant in highly
abstract domains like chessor problem-solving tasks with nite states, in
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which a systemdoesnot needto know what the relation is betweenits sym-
bols and the real world (Kortmann, 2001). But if we want to understand in-
telligencein a natural dynamical ervironment, we needa di erent approad,
onethat emphasizeghe relationship betweenthe body and the environment,
and overcomesthe problems with which the traditional approad is faced.

2.2 A new approac h - Embodied Cognitiv e Science

As a result of the disadvantagesand shortcomings mentioned in section 2.1,
a number of researters, somewhatindependerily, beganrethinking the gen-
eral problem of organizing intelligence (Brooks, 1991a). This new approad,
embodied and situated cognitive science,emphasizeghat intelligence should
be understood as an interaction betweenbody and ervironment, sothat the
dynamics of the environment directly in uence the behavior of the system.
This is best illustrated with a metaphor by Simon (Simon in Pfeifer and
Scheier (1999)). Simon imagined that an ant was walking along the bead,
and that its trajectory along the bead was traced. From the obsener's
point of view this ant makes a complex trajectory on the beah between
rocks, puddles, etc. The obsener might be tempted to addressthis com-
plex behavior to fairly complicated internal navigational processegDawson,
2002). Maybe the ant has an internal model of the environment, with goal
states, etc. Sudch an explanation would lead to an incorrect theory, because
it would be a mistake to assumethat the ertire path or the complete envi-
ronmert is stored in the memory of the ant. From the perspective of the ant,
the world looks completely di erent becauseof its ertirely di erent embodi-
mert (di erent sensorsdi erent brain, di erent body) (Pfeifer and Sceier,
1999). The complex path of the ant can be explained better as the result
of local interactions with the ervironment. The complexity of the path is
actually a complexity in the surface of the bead and not a complexity in
the ant (Dawson, 2002). These local and simple interactions between body
(with sensorsand actors) and ernvironment, suc as following the scer of
a pheromonetrail, or object avoidance, could lead to a complex trajectory.
The behavior of the ant looks very complicated to an obsener, but it came
about by applying simple rules. The point is that the complexity of the ant's
trajectory emergesfrom an interaction of the ant with its environment and
not from internal mecanism alone (Pfeifer and Scheier, 1999).

Embodied and situated cognitive sciencearguesthat theories of intelli-
genceshould exhibit two basic characteristics (Dawson, 2002). First, embod-
iment, meaning that in order to study intelligence we need a system with
a physical body. Second,the embodied system should be situated in an
environment, which meansthat an embodied system (robot or simulation)
must be able to interact with an ervironment. An agert is situated if it can
acquire information about the current situation through its sensorsin inter-
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action with the ernvironment (Pfeifer and Sdeier, 1999). This meansthat
situated agerts are dealing with the “here'and the 'now' of an environment,
which enablesthem to perceiw the state of the dynamical ervironment at
ewvery time, and enablesthem to actively manipulate their ervironment.

Researt in situated and embodied cognitive sciencedistinguishes two
types of systems,reactive- and non-reactive systems. The next section will
clarify the conceptsof reactivity and non-reactivity.

2.2.1 Reactiv e systems

In order to illustrate the conceptof reactivity, it is worth to take a look at a
few thought experiments by neuro-sciertist Valertino Braitenberg (1984). In
thesethought experimens he presened a seriesof 14 agens, i.e., Braitenberg
vehicles,of increasingcomplexity. The rst two Braitenberg vehicleswill be
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Figure 2.1: On the right vehicle 1 with onemotor and one sensor. Left side, vehicle
2a/2b, both with two sensorsand motors. (from : Braitenberg, 1984)

discussedhere. Vehicle 1 is equipped with one sensorand one motor. The
connection between sensorand motor is a very simple one; the more the
sensoris excited, the faster the motor goes. Supposethat the sensoris excited
by temperature (absolute temperature in degreesKelvin) and that the force
exerted by the motor is exactly proportional to the absolute temperature
(Braitenberg, 1984). The vehicle keepsmoving in the samedirection because
the temperature is nowhere under 0 degreesKelvin. The vehicle slows down
in cold regionsand speedsup in warm regions. One could say, asan external
obsener, that this creature “likes' cold places. Vehicle 2 is equipped with two
sensorsand two motors. Vehicle 2a has parallel excitatory connectionsand
vehicle 2b has crossedexcitatory connections. Let's assumesensorsare light
sensitive. Vehicle 2a will turn away from a light source becausethe sensor
closerto the stimulus will get more excited and thus the motor closerto the
sourcewill turn faster, whereasvehicle 2b will turn toward the light source
becauseof its crossedconnections. The behavior of the two Braitenberg
vehiclesdescribed here are basedon direct sensory-motor coupling with no
internal processing. When we add more sensors(chemical, proximity, etc)
and more (di erent kinds of) connections,or even a brain (e.g., neural nets),
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a single agent could be capable of performing survival enhancing behavior
like nding nutrients, obstacleavoiding, learning, etc.

These systemsare all reactive as their behavior is driven by direct reac-
tions to ervironmental states. Reactive systemsalways react to the samesen-
sor states with the samemotor action (Nol, 2002;Van Dartel and Postma,
2003)

2.2.2 Non-reactiv e systems

Non-reactive systemsdi er from reactive systemsin that they are able to
integrate recert history information on interactions with information on the
ernvironment to determine their action. One way of integrating and storing
sensoryinformation over time, is by using recurrent neural networks (RNN)
(Elman, 1990). These are neural networks in which recurrent connections
project the output at time t = t 1 badk to the input at time t. The
resulting behavior in sudh a systemis a combination of the ervironmental
input and history information. Non-reactive systemscan react di erently on
the samesensorinput. This is possiblebecausea non-reactive agert “cortains
processeghat vary in time, and do not needto depend on changesin the
ernvironment to trigger changesin its behavior' (Beer, 1997)p267. According
to Beer (1996) these systemsare of great interest for examining 'minimally
cognitive behavior’.

By meansof an orientation experiment Beer (1996), illustrated somedif-
ferencesbetweenreactive and non-reactive systems. He ewlved agens with
feed forward neural networks (reactive agerts) and agerns with Recurrent
neural networks (RNN) (non-reactive ageris), that usedtheir vision to ad-
just their horizontal position in order to catch falling objects. In the rst
set of orientation experimernts, the feed-forward ageris were ewlved. They
reached a succegate of 90.25%over 100random trails. This is a good result,
but the agerts still missedsomeobjects becausethe objects movedto quickly
out of the visual eld of the ageris. They were not able to pursue objects
that they could no longer see,becauseof their reactivity. Reactive agens
“cannot coordinate their behavior according to sensorystimuli that are no
longer presert’ (Beer, 1996). In the secondset of orientation experimens
Beer ewlved agens controlled by RNN, in order to seeif theseagerts could
deal with this simple object persistenceproblem. The experimental condi-
tions werethe sameasin the rst set of experiments. The succesrate of the
agerts on 100 random trials was 96.60%. Although the di erence in mean
tness on the 100 random trials between reactive an non-reactive agers is
not large, it is an important di erence. Examination of the behavior shoved
that the non-reactive agens were able to pursue objects even when they
disappeared out of the visual eld of the agen. In this experiment, Beer
showed that “internal dynamics can o er signi cant advantagesto an agert
by allowing its behavior to depend not only on its immediate circumstances,
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Figure 2.2: Experimental setup for orientation experiment. The agert moves hor-
izontally. Dotted and dashedlines denote the paths of circular objects from: Beer,
1996.

but alsoon its recent history of interaction with ervironment' (Beer, 1996).

2.3 Analyzing models in Al

2.3.1 Marr's tri-lev el hypothesis and traditional Al

Marr's tri-lev el hypothesiswas a very important contribution to deweloping
a framework for the analysis of modelsin Al. Although this framework was
originally usedto analyzeformal systems,it canalsobe applied to non-formal
systems,e.g.,modelsin embodied and situated cognition. In order to analyze
information-pro cessingsystems,Marr proposedhis tri-lev el hypothesis. Marr
stated that there was needfor :

“Additional levels of understanding at which the character of the
information processingtask carried out ::: are analyzed and un-
derstood in a way that is independert of the particular meda-
nisms and structures that implement them in our heads.' (Marr
in Clark (2001), p84)

In his tri-lev el hypothesis, Marr proposedto divide the explanatory task in
three dierent levels of analysis. Level one, the computational level, is a
general analysis of the task being performed. The computational level is a
description of the input-output function of a particular systemand addresses
the question which subtasksare neededto solve the problem (Clark, 1997b).
The secondlevel of analysis is the algorithmic level, which focuseson the
speci ¢ steps or subtasksthat are neededto solve the task. This level is
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concernedwith how the input and output is represened and how the input
is transformed (computed) into the output (Marr, 1982). Level three, the
implemertational level, outlines the physical properties and implemertation
of a system. In this level you could addressthe question of how to build a
devicethat canrun functions pointed out in the previous levels.

Much work in traditional cognitive scienceis concerrrated on the rst
two levels, which causesmodelsto neglectthe importance of understanding
of the brain, body and the interaction betweenbody and environment. In
traditional cognitive science,the brain was seenas a physical device that
merely implements computational and information-pro cessingstrategies,and
is therefor mindless(Clark, 1997b). Shakey (seesection 2.1), who could only
function in a prede ned environment but was unable to function in a highly
dynamical one,illustrates that modelsin traditional cognitive scienceignored
the implementational level.

2.3.2 Embodied and situated cognitiv e science

Modelsin embodied and situated cognitive sciencecanful Il the requiremert
of all three the levels of Marr's hypothesis. Howewer, for embodied and sit-
uated cognitive science(and in the real world) the distinction betweenthe
implemenrtational and the algorithmic level is not always clear (Clark, 2001).
Minor changeson the implementational level can lead to major changeson
the algorithmic level. Models in embodied and situated cognitive science
are deweloped basedon characteristics as embodiment and situatednessas
real-world systemsare. Furthermore, interaction betweenbody (brain) and
ernvironment plays a pivotal role in the emergenceof behavior in embodied
and situated systems. Therefor, when analyzing embodied and situated sys-
tems on all three levels, we needto use notations/descriptions that are able
to describe interacting systems. According to Clark (2001), what is miss-
ing in Marr's tri level hypothesis, is an understanding of the details of the
task (level one) and the set of information-pro cessing(level two) steps in-
volved. For enbodied and situated cognitive sciencethis means,that there
is a need for a framework for the analysis of these models that is suited
to study the temporal behavior of interacting systems. Seeral researftiers
state that adaptive! behavior can best be understood as a cortinuous in-
teraction betweenthe nervous system, the body and the environment (Port
and Van Gelder, 1995; Chiel and Beer, 1997;Beer, 1997; Pfeifer and Scheier,
1999; Beer, 2000). As a result of this closeinteraction betweenbody (brain
and nervous system) and environment, one cannot determine the role of the
body in the behavior without taking the ervironment into consideration. If
we want to analyzesud systems,we needa formalism that is ableto describe
and analyze sudc systemsover time, taking into accourt ead componert and

!Behavior is said to be adaptive when it contributes to survival and the reproductiv e
successof a animal.
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the interaction betweenthem. The dynamical systemtheory is a formalism
that provides di erent tools for describing and analyzing systemsthat un-
fold over time (Port and Van Gelder, 1995; Chiel and Beer, 1997, Beer,
1997; Pfeifer and Scheier, 1999; Beer, 2000). The dynamical system the-
ory provides a ‘rich geometrical and topological languagefor characterizing
the behavior of dynamical systemsand the dependenceof that behavior on
parameters' (Beer, 1997).



Chapter 3

Dynamical Systems

3.1 The Dynamical System Theory (DST)

The DST is a well establishedframework in the physical science. Broadly

speaking, the DST is the study of the way a system changesover time (De-
vaney, 1992;Port and Van Gelder, 1995;Clark, 2001;Ward, 2002). The DST

provides the mathematical tools for analyzing and describing systemsthat

changeover time. The DST can be usedto explore a variety of systems. Cel-
lular automata, nite state machines, and turing madines are all examples
of dynamical systems(Beer, 2000).

In general, dynamics can be thought of as linear or non-linear. Linear
dynamics are modeledby linear equations,in which contin uous changein the
input lead to a continuous changein the output. Linear equations are easy
to solwe, and fully understood (Port and Van Gelder, 1995). The problem
with linear equations is that they cannot always describe the behavior of
natural systems,for example,whencontinuouschangesin a certain parameter
lead to suddenjumps in behavior (Barton, 1994). Non-linear equations are,
in corntrast to linear equations, di cult to solve and answers often involve
patterns of solutions. A dynamical system can be expressedas a set of
di erential or di erence?! equationsthat describe how a systemschangesover
time (Beer, 2000). Formally, a dynamical system can be modeled by

<T;S; t>

and an ewlution operator :S! S that transforms an initial state xo 2 S
at time tp 2 T to another state x; 2 S at time t 2 T (Beer, 2000). The
time set T can be discrete or cortinuous. The state spaceS may be nu-
merical or symbolic, continuous or discrete, and it may be nite- or in nite
dimensional, depending on the number of variables required to describe the

ldieren tial equations use time as a contin uous variable whereas di erence equations
assumesthat time changesin equal and discrete jumps

12



3.1| The Dynamical SystemTheory (DST) 13

system's behavior (Port and Van Gelder, 1995; Beer, 2000). Modeling dy-
namical systemscan also occur in calculus. A dynamical systemis described
by Xn+1 = F(Xn), in which the next state xn+1 is a transformation of the
current state x,, by function F (Devaney 1992).

When describing a dynamical system, we are interestedin the long term
behavior of a system. A dynamical system can be described by character-
istics such as attractors, repellors, bifurcation, etc. In the next sections, a
description of two tools to visualize dynamical systemsis given.

3.1.1 The generic tool

The generictool for visualizing and describing the behavior of a dynamical
systemis the most usedtool in calculus. For instancethe function F (x) = x3
canbedescribedby iterating the function F (xq); F (F (X0)); F (F (F (Xg))) ; etc.
It is apparert that the result after n iterations strongly dependson the initial

value of x. In order to describe this system we can plot its graph. Unfor-
tunately, this graph is not very useful becauseit only provides information

about its rst iteration and not about its subsequen iterations. Therefor, we
use another, geometric, method for describing dynamical systems,i.e., the
phaseportrait (Devaney, 1992). A phaseportrait givesa geometric descrip-
tion of the behavior of a dynamical system, starting from an initial point (see
gure 3.1).

Figure 3.1: The graph and the phaseportrait of F(x) = x2, from (Devaney, 1992)

The phaseportrait givesinsight in the di erent characteristics of dynam-
ical systems. It visualizes xed points, which are points that do not change
upon application of a function, i.e., F (x) = x. Fixed points can be attracting
(attractors) or repelling (repellors). For instance, the function F (x) = x2 has
three xed points, one attracting, x = 0, and two repelling, x = 1;1 (see
gure 3.1). Attractors are not necessarily xed point. For instance, limit
cyclescircle around a certain point and never read it.

One can also visualize di erential equationsby de ning a vector eld in
<", which assignsa vector with a direction and magnitude at ead point
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of <"(Port and Van Gelder, 1995). The solution trajectory is the sequence
of states generatedunder in uence of the dynamics, starting from an initial
state. The set of all solution trajectories is called the ow. The state space
is characterized by attractors, repellors and bifurcations points.

3.1.2 State Transition Diagrams

Another way to represen the behavior of a dynamical system is by State
Transition Diagrams (STD). This tool has beenusedin the design of con-
trol program medanisms, system software, and computer network protocols
(Ward, 2002). STD have a wider applicability, and are useful to represen
the behavior of discrete dynamical systems. They usea Finite State Machine
(FSM) notation, in which the system can be in one of a discrete number of
states and change from one state to another by means of transition, de-
pending on its current state and the input it receives (Martin and McClure,
1985; Ward, 2002). STD provide a compact and complete view of all pos-
sible behaviors of a system. The basic componerts of STD are circles that
represen states and arrows that represen transitions between states.

o p 0l 21
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Figure 3.2: A STD of a nite state machine, from (Ward, 2002)

Figure 3.2 shonvs a STD. The arrows betweenthe states are labeled with
the state transition probabilities (Ward, 2002). Transitions do not always
needto causea changein state, all statesin gure 3.2 have recurrent connec-
tion, with a chanceof 0.1to end up in the samestate. Analysis of the STD
shows that state 1P is a short-lived state, sincethe probability of staying in
that state is only 0.1 (recurrent connection) and the probability of changing
statesis 0.9.

3.2 Situated models asa coupled agent-environmen t
system

Until now, we showved how to model simple (single) dynamical systemsand
to describe them using the tools provided by the DST. Now we want to apply
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the DST to modelsin embodied and cognitive science.From the viewpoint of
the DST, the agernt (body and nervoussystem)and the ervironment canead
be described as a dynamical system. Moreover, as emphasizedin embodied
and situated cognitive science,both dynamical systemsare in closeinterac-
tion with ead other. We regard embodied and situated systemsas coupled
dynamical agert-environment systems,in which ead systemis cortin uously
in uencing the behavior of the other (Beer, 1997; Beer, 2003). Agent and
environment both being dynamical systems,and using the samemathemati-
cal ‘language',makesit easierto approad questionsabout interaction (Beer,
2003). Interaction betweentwo coupled dynamical systemsplays an impor-
tant role in the behavior of the total system. Coupling two dynamical systems
can generatequalitativ ely di erent kinds of behavior than exposedby either
subsystemindividually (Beer, 1997). Moreover, behavior is a result of the
coupledagert-environment systemand onecannot attribute properties of the
behavior to either the agert or ervironment alone. This is a consequencef
the fact that body and ervironment have co-ewlved (Beer, 1996).

Formally a coupledagert-environment systemconsistsof 1) the agert, 2) the
environment and 3) the coupling.

1. The agern

An agert is an embodied collection of processeghat acts upon an environ-
mert. It canbe modeledby a set of state variablesx, and a set of dynamic
laws A wich govern their ewolution over time :

Xa = A(Xa;s(t)) (3.1)

with solution from someinitial state x$ :
A(tXR)

s(t) represetts the time varying inputs that the agen receivesfrom its envi-
ronemert.

2. The ervironment

An environment can be modeled by a set of state variables xg and a set of
dynamic laws E which govern their ewlution over time :

Xg = E(xg;m(t)) (3.2)
with solution from someinitial state x2 :
et X2)

m(t) represens the time varying actions that the agern takeson the environ-
mert.
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3. The coupling

Now we have described the agert and the ervironment asdynamical systems,
both varying independart in time. Howewer, the sensoryinput an agen
receivesand the motor output an agert returns to the environment, is not an
arbitrary function of time (Beer, 2000). Coupling both dynamical systems
meansthat they act upon ead other.
Therefor we de ne :
s(t) = S( e(t;x2))

with s(t) a function of lawfull time-varying statesof the agert's ervironment,
S a function from ernvironmental statesto sensoryinput
and

m(t) = M( a(;x3))

with m(t) a function of lawfull time-varying motor outputs from agert to
environment, M a function from agen statesto motor actions.



Chapter 4

Metho d

4.1 Reactiv e systems and perceptual ambiguit y

Reactive systems are of great interest for researt in embodied and situ-
ated cognitive science. The reasonfor this is that reactive agerts can solve
rather complextasks by simple coordination of action and perception (Nol ,
2002;Van Dartel and Postma, 2003). By exploiting sensory-motorcoordina-
tion, reactive systemscan even cope with perceptual ambiguity. Perceptual
ambiguity refersto a situation where the sameperceived sensorpatterns re-
quire di erent responses. At rst sight this problem can only be solved by
a non-reactive system, becausesuc a system can useits recert history of
interaction with its environment, and can react di erent to the samesensor
state. Howewer, Nol (2002) and Van Dartel and Postma (2003), shaved that
reactive agerts can cope with perceptual ambiguity aswell, becausethey are
able, by meansof sensory-motor coordination, to partially determine future
sensorpatterns by changing their position. An agert can, when preseried
with an ambiguous sensorpattern, executeactions that lead to the percep-
tion of sensorpatterns that are not ambiguous. In an experiment Nol (2002)
shaved that reactive agerts are able to cope with perceptual ambiguity even
when all sensorstates are ambiguous. Agents solve this task by using the
environment as an external memory (O'Regan and Noe, 2001; Van Dartel
and Postma, 2003).

4.2 The situated model

In order to investigate to what extent reactive and non-reactive agers can
cope with perceptual ambiguity, Van Dartel and Postma (2003) ewolved three
di erent typesof neural network architectures, a perceptron (P), a multilayer
perceptron (MLP), and a RNN, on an active categorical perception task.
Van Dartel and Postma (2003) usedan “active' categorical perceptiontask in
which categorizationis achieved through active interaction betweenagert and

17
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number of  number of possible number of unigue number of ambiguous

blind sensors sensorstates sensorstates sensorstates
b=0 9 4(44:4%) 5(55:6%)
b=1 9 4(44:4%) 5(55:6%)
b= 2 8 3(37:5%) 5(625%)
b= 3 7 0(0%) 5(100%)
Table 4.1:

Number of possible,unique and ambiguous sensorystates for b2 f0; 1; 2; 3g,
from (Van Dartel and Postma, 2003)p6.

environment. In the active categorical perception task, agerts are optimized
to catch small falling objects and avoid large falling objects. Both the P and
the MLP are reactive, i.e., they are not able to store history information.

This meansthat they always react with the samemotor action to the same
sensorinput.

The environment is de ned asa two-dimensionalgrid G; with sizeXmax
Ymax - In all experimerts, the size of the ervironment was setto Xmax = 20
and ymax = 10. Objects can fall from 20 di erent start positions and can
fall leftward or rightward. Both the object and the agert are allowed to pass
through the right and left boundary of the ervironment, to re-appear on the
opposite sideof the ervironment. The agert is positionedat the bottom of the
ervironment and is cortrolled by one of the three di erent neuro cortrollers.
The behavior of the agert is evaluated whenthe object reachesthe bottom of
the grid G. Perceptual ambiguity can be altered by inserting blind sensorsan
the sensorarray of the agert. With an increaseof blind sensorsin the sensor
array, more ambiguous and lessunique input patterns can occur (Van Dartel
and Postma, 2003). For ead type of neuro-cortroller, the number of blind
sensors(b) wasvaried from b= 0to b= 3, in a sensorarray with four other
sensorsconnectedto the input units of the neural network. Table 4.1 shows
the percertages of unique and ambiguous sensorstates over the number of
blind sensorsinserted in the sensorarray.

Van Dartel and Postma (2003) performed a dynamical system analysis
usingthe STD tool. The STD tool wasapplied on the best performing ageris
with no blind sensorsinserted in the sensorarray, i.e., b = 0. Table 4.2
shaws the averagesuccesgates for all combinations of neuro cortrollers and
number of blind sensors,on the active categorical perception task. It showvs
that all three dierent types of agens, with no blind sensors,are capable
of performing categorical perception above chancelevel, i.e., averagesuccess
rate ST > 0:50. Table 4.2 also shows, that the reactive agerts (P and MLP)
are capable of performing the task with a succesgate above averagefor all
b (table 4.1).
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3T
neuro cortroller b=0 b=1 b=2 b=3
P 0:7500 0:7875 0:7250 0:6100
MLP 0:8350 0:8375 0:7725 0:7225
RNN 0:8375 0:9325 0:8950 0:8750

Table 4.2:
Averagesuccessate St of the di erent cortrolled agerts with no blind sensors
on the active categorical perception task, from (Van Dartel and Postma,
2003)p7.

4.3 Experimental setup

To investigates how a dynamical system analysis can enhancethe under-
standing of embodied and situated models, two DST tools are applied and
compared on the model described in section 4.2. Describing a dynamical
system meansthat we are interested in the long term behavior of a sys-
tem. Furthermore, we want to visualize this behavior in a way that gives
insight into the unfolding behavior in terms of attractors, repellors, bifurca-
tion points, ow, etc. In order to perform a dynamical systemanalysison the
embodied and situated model described in section 4.2, we needto perform
two actions; 1) extend the original ervironment and 2) de ne the di erence
equation(s)

Figure 4.1: DynSA java classoverview

1. extend the original environment

The length of the ervironment (Ymax = 10) in the experimert performed by
Van Dartel and Postma (2003) is not su cien tly long to perform an analysis
using the generictools provided by the DST. To do so,we needto extend the
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original environment. A Java program, called DynSA (DYnamical System
Analysis), was written to extend the ernvironment to a variable length. The
program usesthe input-output function of the di erent typesof neural net-
works described in section 4.2 and appliesit on the extended ervironment.
Furthermore, the program provides information on the relative distance be-
tweenand the object, and the sensorstate at eat time step (t). Figure 4.1
shaws the classdiagram of DynSA. The main program, DynSA, createsan
environment using the BlockEnvironment classand createsan agert with the
SensorAgeh class. The Agent classextendsto the di erent neural network
controller classes. The remaining two classes,RelPos and SensorCalec, re-
port the relative distance between agert and object at time step t and the
corresponding sensorstate.

2. de ning the di erence equation(s)

To de ne the di erence equation of the situated model described in section
4.2, it is regardedas a coupled dynamical system. At timestep t, the agert
receivesernvironmental input through its sensors.According to the output of
the di erent neuro-cortrollers, the agen takesan action through its motor
cortroller. At timestep t + 1 the ervironment changesby movemern of the
object and movemert of the agent. Next, the whole sequenceepeats itself.

The ervironmental changexg is described by

Gt+1 (X;y) = Ge((x + 2d)mod Xmax;y  1): (4.1)

With Ge+1 (X; y) the position of the object (x;y) in grid G at timestept+ 1, d
the horizontal direction of the object (d2 f 1;+1g), and modxmax denoting
the circularity of the ervironment. An object is de ned by a sequenceof ones
in grid G;.

The changein agert position xp is described by

Gi+1 (X; 0) = Ge((x + N)mod Xmax ; 0): (4.2)

With G+ (X; 0) the position of the sensorarray at timestep t + 1, N the
output of the neuro-conroller (P, MLP, or RNN) and mod X max the modulo
function that allows the agen to passthrough the right and left boundary
of the ervironment and to re-appear at the opposite side of the environment.
Inactive sensorsare de ned by zeros,active sensorsare de ned by ones.

The di erence equation that describesthe ervironment (xg) is a linear func-
tion. Both X;y in equation 4.1 changelinearly, x = x+ 2dandy =y 1
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at timestep t + 1. If we use Xg to span a phaseplane, we are not able to
visualize attractors, limit cycles,repellors, etc, becausethe changeis linear.
Therefor, we de ne a di erence equation that cortains both the dynamics of
the ervironment and the agert over time, Xag.

The integrated agert-environment di erence equation is de ned by

G+1 (%0) = Ge(j(x + 2d)  (x + N)j mod Xmax ; 0): (4.3)

The function xag describes the changein relative distance between agernt
and object, j(x + 2d) (X + N)j mod Xmax, over time. When plotting this
di erence equation against sensorstates, we are ableto nd attractor states,
limit cycles,repellors, etc in the resulting phaseportrait.

4.3.1 Visualization metho ds

As shown above, there are di erent possibilities of decomposingthe dynamics
of an agert-environment system (Beer, 2000). Not only the decomposition
of the coupledagen-environment systemis variable, alsothe way in which a
systemis visualized is variable. In this section, three di erent visualization
methods are described that are usedto analyzethe situated model described
in section4.2.

When depicting the integrated di erence equation over sensorstates of
the agert, oneruns into the problem of how to represen the sensorstates.
The sensorstates of the agert is a nominal variable, meaningthat there is no
numerical order betweenthe sensorstates. Visualization methods 1 and 2 de-
pict the integrated di erence equation over sensorstates. Therefor, attractor
states, limit cycles,repellors, and other characteristics of dynamical systems
are represerted as sensorstates. Three di erent visualization methods are
usedfor the analysis. The rst and secondmethod usedi erent represena-
tions of the sensorstates, while the third obsenesthe changein sensorstates
over time and doesnot usethe di erence equation.

Visualization metho d 1

Visualization method 1 plots the integrated di erence equation Xag (X-axis)
over sensorstates that are ordered by frequency The frequency with which
a sensorstate occurs determinesits position on the y-axis. The frequency
of sensorstates is calculated by DynSA (section 4.3) and is represerted in
percens (%). The frequencyis calculated over all experimental conditions
(large and small objects falling leftward and rightward) and starting positions
of the objects over 50 time steps.



22 Method

Visualization metho d 2

Visualization method 2 providesanother way of represeting the sensorstates.
The sensorstatesin this represetation are equally spaced.Lik e visualization
method 1, the integrated di erence equation is depicted over sensorstates.

Visualization metho d 3

Visualization method 3 usesthe samesensorstate represenations as visual-
ization method 2. The only di erence is that this method depicts time over
sensorstates. The changein sensorstate in obsened over 30 time steps.



Chapter 5

Analysis of an embodied and
situated model

In this chapter both DST tools, STD and the generictool, are applied on
an experimert performed by Van Dartel and Postma (2003) seesection 4.2.
First the reactive systemsare analyzed, next the non-reactive systems.

5.1 Analyzing reactiv e systems

5.1.1 Analysis with STD
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Figure 5.1: Catch (right panel) and avoid (left panel) behavior during a single
trial of an MLP neuro-cortrolled agert. The horizontal position (x) of the object
elemers (crosses)and the agert's functional sensors(circles) is depicted over time
(t). From (Van Dartel and Postma, 2004).

By simultaneously observingthe behavior of optimized agens and record-
ing the input-output mapping of the neural networks, Van Dartel and Postma
(2003) wereable to visualize the agent's behavior over time. Figure 5.1 shavs
the reactive behavior of an optimized MLP cortrolled agert with no blind
blind sensors,i.e., b= 0. When b= 0, the proportion of ambiguous patterns

23
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is 55.6%and the number of unique sensorpatterns is 44.4%. The visualization
of the agent's behavior over time givesan insight in the di erent behavioral
strategies employed by the agerts. From the behavior of the best perform-
ing reactive ageris (P and MLP), Van Dartel and Postma (2003) extracted
sensorstate-to-action (SSA) mappings. Figure 5.2 shows such a mapping.
The sensorstates are represened by ellipseswith black or white circles that
represen the activation of ead individual sensorof the agent. From these
SSA mappings, sensorstate transition (SST) diagrams are extracted. Note
that SST diagrams are STD that show transitions among sensorstates.

Perceptual State @ @ @ @ @ @ @ @

Action

Figure 5.2: SSAmapping of an optimized MLP-controlled agert (b= 0;sr = 0:835).
The number beneaththe sensorstatesare the assaiated action of the agert. Positive
integers denote movemen to the right, negative integers denote movemern to the
left. From (Van Dartel and Postma, 2004).

Figure 5.3 shavsthe SST diagramsfor the bestoptimized MLP-controlled
agert. The arrows indicate the state transitions. Numbers assaiated with
arrows indicate the number of time stepsbeforea transition occurs,i.e., the
number of time stepsthe agert remainsin sensorstate 0000.

Analysis of the SST diagrams givesinsight in the di erent strategiesem-
ployed by the dierent agers and reveals the attractor states (xed point
and limit cycles)of the coupledagen-environment system. Figure 5.3ashows
that sensorstate 0001is a point attractor, to which the systemconvergesfrom
any initial position. Figure 5.3b shows, besidesa point attractor in sensor
state 0001,a limit cycle, or n-cyclet, cortaining sensorstates000Q 110Q 100Q
0111. Once an agert enters one of these sensorstates, its future behavior is
restricted to these states. Figure 5.3 illustrates that SST diagrams are able
to show, in a clear, explicit, and structured manner, the attractor statesand
n-cyclesof a reactive agert's behavior. For instance,from gure 5.3bonecan
easily determine which sensorstates constitute the n-cycle. A disadvantage
of this method is that it is not ableto illustrate the complete dynamics of the
system. For instance, it is impossibleto determine, from gure 5.3aalone,
the sequenceof sensorstates from sensorstate 0011. After sensorstate 0011
leadsto 0000, it is not clear which sensorstate is next, 1000or 1100. Like-
wise, it is impossibleto determine the value of n in the n-cycles(Van Dartel
and Postma, 2003), nor the order of sensorstatesin the the n-cycles.
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(a) Phase portrait of a MLP-controlled (b) Phase portrait of a MLP-controlled
agerts facing a small object falling agernts facing a large object falling right-
rightward ward

<7 <8
(c) Phase portrait of a MLP-controlles (d) Phaseportrait of a MLP-controlled
agen facing a small object falling left- agernts facing a large object falling left-
ward ward

Figure 5.3: SensorState Transition diagramsof an optimized MLP-controlled agert
facing (a) a small object falling rightward (b) a large object falling rightward. From
Van Dartel and Postma (2004)
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P MLP RNN
Sensorstate | % Sensorstate | % Sensorstate | %
0000 529 | 0000 38175 | 0000 3725
1000 22:95| 1000 26:575| 1100 238
0001 22:95 | 0001 2615 | 0110 17:479
1100 0:5 0111 415 0011 10:25
0011 0.5 0011 2:25 0001 722
1110 0:05 | 1110 2:10 1000 1:77
0111 0:05 | 1100 0:55 1111 1:25
0110 0:05 | 0110 0:025 | 1110 0:62
1111 0:05 | 1111 0:025 | 0111 0:35

Table 5.1: Frequency of sensor states in percerts for the dierent neuro
controllers. The sensorarray contains no blind sensors,.e., b=0

5.1.2 Analysis with the generic metho ds
Visualization metho d 1

This visualization method depicts the integrated di erence equation Xag,
i.e., the relative agert-object distance, over the frequency of sensorstates.
DynSA is usedto calculate the frequencyof sensorstatesfor all three di erent
neuro-cortrollers. The results are illustrated in table 5.1. Table 5.1 showvs
that, over all di erent trails, the mostcommonsensorstate is 0000. Figure 5.4
shows the phaseportrait for a MLP-controlled agent catching and avoiding
an object falling rightward. Figure 5.5 shaws the phaseportrait for a MLP
controlled agen respectively catching and avoiding an object falling leftward.
Both gures 5.4a and 5.5a, shav that the system always, from ewvery
initial sensorstate, corvergesto a single point attractor. For right- and left
falling objects, the system has opposite attractors, i.e., 0001 when a small
object falls rightward and 1000when small a object falls leftward. The SSA-
mappings in table 5.2 shav that the motor action assaiated with attractor
state 0001is 2(right falling) and 2 for attractor state 1000 (left falling),
which is a movemert in the appropriate direction and speedfor stable catch
behavior. These attractors were already revealed by the SST diagrams in
gure 5.3. Howewer, in contrast to the SST diagrams, visualization method 1
contains more information about the dynamicsof the system. For instance,in
the SST diagram in gure 5.3a,it is not possibleto determine the sequence
of sensorstates that leadsto the attractor state 0001. In some cases,the
cycle 0000, 1100, 1000 and 0001 (1) occurs, while in other casesthe cycle
0000, 1000and 0001 (2) occurs. Figure 5.4ashows that this dependson the
relative object-agert distance. When the relative object-agent distance is

'n denotesthe length of the limit cycle
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odd, cycle (1) occurs, and when the relative object-agert distance is even,

cycle (2) occurs. Moreover, in all graphsin gures 5.4 and 5.5, we obsene a
relation betweenrelative object-agen distance (odd and even) and sequence
of sensorstates. For instance, the SST diagramsin gure 5.3b shows an n-

cycle cortaining sensorstates 0000; 1100; 1000 and 0111. Analyzing gure

5.4b, reveals that the n-cycle only corntains sensor states 0000; 1000 and

0111. Sensorstate 1100is only visited once,when the initial relative agert-

object position is even, or when the initial agern position cortains active

sensor(s)in the sensorarray (seeblue linesin gure 5.4b).

Although, in contrast to the STD, visualization method 1 presers a more
complete overview of the dynamics of the system, it also has disadvantages.
From gure 5.5b one cannot determine a subsequen sensorstate or rela-
tive position from relative distance 7 and sensorstate 0000, i.e., coordinate
(7;0000). From this coordinate, it is not clear whether the next coordi-
nate will be (5;0000) or (9;0000). The problem is that relative distance 7
is reached at two di erent occasions,when the object is positioned left or
right from the sensorarray. This meansthat when the object falls rightward
and is positioned right from the agen, the object rst moves away from
the agen (relative object-agert distanceincreases),until it reappearsat the
other side of the ervironment and movestoward the object (relative object-
agert distance decreases).We call the situation in which the sensorstate is
0000 (which causesno motor action) and relative object-agen distance rst
increasesand then decreasesa circular loop. Visualization method 1 does
not have the capacity to illustrate the system'sdynamics during such loop.

Visualization metho d 2

Like visualization method 1, visualization method 2 depicts the integrated
di erence equation xag over sensorstates. The dierence between both
methods lies in the distribution of the sensorstates over the y-axis, seesec-
tion 4.3.1. Figures 5.6aand 5.6b show the phaseportrait of a MLP controlled
agert, catching and avoiding an object falling rightward using visualization
method 2. Figures 5.7aand 5.7b, show the phaseportrait for a MLP con-
trolled agert respectively catching and avoiding an object falling leftward
using visualization method 2. In cortrast to visualization method 1, visu-
alization method 2 cortains information about the agert's position relative
to the object, i.e., whether the agernt is positioned left or right from the ob-
ject. Every sensorstate above sensorstate 0000in gures 5.6 and gure 5.7
implies that the object is positioned to the right of the agert, ewery sensor
state belov 0000implies that the object is to the left of the agert. This way
of represeting the sensorstates gives new insights in the dynamics of the
system. Visualization method 1 doesnot bare the capacity to illustrate the
system's dynamics during a circular loop (see gure gure 5.5b). Howewer,
visualization method 2, in gure 5.7b, illustrates that the previous coordinate
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(a) a small object falling rightward

(b) a large object falling rightward

Figure 5.4: Visualization method 1: Phaseportrait of an optimized MLP-controlled
agert facing (a) a small object falling rightward (b) a large object falling rightward.
Black lines describe tra jectoriesin the phasepotrait when the relative object-agert
distance is even, red when relative object-agert distance is odd and blue when the
initial sensorstate contains active sensors
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(a) a small object falling leftward

(b) alarge object falling leftward

Figure 5.5: Visualization method 1: Phaseportrait of an optimized MLP-controlled
agert facing (a) a small object falling leftward (b) a large object falling leftward.
Black lines describe tra jectoriesin the phaseportrait when the relative object-agert
distance is even, red when relativ e object-agert distance is odd and blue when the
initial sensorstate contains active sensors
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to (7;0000)is (2;0011) and the next coordinate after being sereral times in
0000is (3;0001). This meansthat the agert remains left from the object
and the distance betweenagen and object only decreasegno circular loop).
The next coordinate to (7;0000) is therefor (5;0000). The opposite occurs
at coordinate (6;0000) in gure 5.5b. From coordinate (1;1110) the system
goesinto a circular loop to coordinate (2;0011). This meansthat the motor
action at coordinate (1; 1110) positions the agert on the other side of the ob-
ject and a circular loop occurred. This information is important to determine
the length (n) of the n-cycles.

Visualization method 2 revealsthat the phaseportrait contains “decision’
points. These are points at which ewerts occur that draw the system into
an attractor state, i.e., a xed point or n-cycle. Figures 5.6aand 5.6b show
a decision point at sensorstate 1000, gures 5.7aand gure 5.7b showv a
decisionpoint at sensorstate 0001. From thesedecisionpoint on, the system
either displays catch behavior (attractor point) or avoid behavior (n-cycle).
For instance, the only di erence betweenboth decisionpoints in gure 5.6a
and gure 5.6b, is the relative distance at which the decision occurs. The
motor action assaiated with sensorstate 1000is 2, which causesthat,
in the caseof a small object, the subsequeh sensorstate is 1000, and, for
a large object, the subsequeh sensorstate is 0111. The size of the object
determinesto which attractor state the systemis drawn. This meansthat
the interaction betweenagen and environment leadsto either catch or avoid
behavior from this timestep onward. Information about the sizeof the object
is not internally represerted by the agert, but is only externally available.

Visualization metho d 3

Visualization method 3 does not use a di erence equation. Therefor, the
disadvantage of visualization method 3 is, that it is not able to shav attrac-
tors, repellors or other characteristics of dynamical systems. Nevertheless,
visualization method 3 can provide important information on the length of
the n-cycles, and can be seenas a supplemenary analysis to visualization
method 1 and 2. Most interesting is that this method visualizesthe change
in sensorstates over time. Figure 5.8 shaws the changein sensorstatesfor a
small and large object falling rightward, gure 5.9 shavsthe changein sensor
states of the agert for a small and large object falling leftward. The change
in sensorstates was recorded over 30 time steps,with the object positioned
directly next to the sensorarray of the agert. For right falling objects, the
initial position is directly next to the sensorarray on the right side, for left
falling objects, this meansan initial position directly next to the sensorar-
ray on the left side. In both casesa circular loop occurs. It is important
to note that, although it looks like there are multiple n-cyclesin gure 5.8b
and gure 5.9b, there is only one. This is the casebecauseat odd and even
initial positions the n-cycleis entered at a di erent time step.
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(a) a small object falling rightward

(b) a large object falling rightward

Figure 5.6: Visualization method 2 : Phaseportrait of an optimized MLP-controlled
agert facing (a) a small object falling rightward and (b) a large object falling right-
ward. Black lines describe tra jectories in the phaseportrait when the relative dis-
tance betweenaget and object is even, red when relativ e distance betweenagert and
object is odd, and blue when the initial sensorstate contains active sensors
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(a) a small object falling leftward

(b) alarge object falling leftward

Figure 5.7: Visualization method 2: Phaseportrait of an optimized MLP-controlled
agert facing (a) a small object falling leftward and (b) alarge object falling leftward.
Black lines describe trajectories in the phase potrait when the relative distance
between agert and object is even, red when relative distance between agert and
object is odd, and blue when the initial sensorstate contains active sensors
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Using visualization method 3, the length of the n-cycles can be deter-
mined. From gure 5.8b one can seethat after states 1000 and 0111, a
circular loop occurs. The system remains in sensorstate 0000 for 6 time
steps. The length of the n-cyclein gure 5.8bis 8. The length of the n-cycle
illustrated in gure 5.9bis 11. After sensorstate 0011,no circular loop occurs
and the agert remainsin sensorstate 0000for two time steps. After sensor
states 0001 and 1110a circular loop occurs and the agent remainsin sensor
state 0000for v etime steps.

Using visualization method 3, one can easily nd the decision point, in
gures 5.8 and 5.9, and obsene the systemerntering the attractor state. For
instance, gure 5.8(a) shavs a decisionpoint at two di erent time steps. This
is the samedecisionpoint occuring at di erent time steps(t = 8and t = 10).
Which decisionpoint occurs dependson the initial start position. In gure
5.8(b) we obsene the same decision point, also occurring at di erent time
steps(t = 7 and t = 11). From these points on these systemsare either
drawn into a point attractor (catch) or a n-cycle (avoid).

5.1.3 Results

Section5.1.2shaws, that the generictool provided by the DST canbe usedfor
the analysis of reactive agerts situated in a dynamical ervironment. Three
di erent visualization methods of the generictool of the DST were described
and tested. Visualization method 1 and 2 use a di erence equation to de-
pict a phaseplane and provide information about subsequen iterations, vi-
sualization method 3 does not use a di erence equation and only provides
information about the rst iteration (seechapter 3).

Comparing the generictool with the STD tool, it is obsened that vi-
sualization method 1 and visualization method 2 provide more information
about the dynamics of the systemthan the STD tool. The STD tool cannot
provide all information about the sequenceof the sensorstates. Both visual-
ization method 1 and visualization method 2, are capable of providing such
information. The way in which sensorstates of the agert are distributed
over the y-axis seemsa determinert factor in the amount of information the
visualization method provides. For instance, visualization method 1 cannot
provide information about the object's position in relation to the sensorarray.
Therefor, from visualization method 1, subsequeh sensorstates cannot be
determined. Visualization method 2 doesprovide this information and from
this visualization the subsequeh sensorstates can thus be determine. Vi-
sualization method 2 provides more information than visualization method
1, becauseit provides a more complete represetiation of the dynamics of
the system. Visualization method 3 can be usedin support of visualization
method 1 and visualization method 2.
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(a) a small object falling rightward

(b) a large object falling rightward

Figure 5.8: Visualization method 3 : changein sensorstate over time for a) a small
object falling rightward and b) a large object falling rightward.
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(a) a small object falling leftward

(b) alarge object falling leftward

Figure 5.9: visualization method 3 : changein sensorstate over time for a) a small
object falling leftward and b) a large object falling leftward.
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5.2 Analyzing non-reactiv e systems

5.2.1 Analysis with STD

In section 2.2.2, non-reactive systemsare described. An important property
of these systemsis that they are able to react with a di erent motor action
to the samesensorinput. In the situated model described in section 4.2,
the output of the non-reactive agens depends on the position of the agert
and the internal state of the agent at timestep t (Clark, 1997b;Van Dartel,
2000). The internal state is build up by the recurrent connections of the
neuro-cortroller of the agent. This meansthat for ewery initial position of
the object there exists a di erent solution trajectory. Resulting in that one
cannot usethe STD analysisto represen the dynamicsof a systeminvolving a
non-reactive agerns. Every sensorstate would have more than oneconnection
to another sensorstate, sinceaction dependson the position of the agent and
the internal state at time stept. This meansthat from the STD no attractors
can be extracted. Including time as an additional dimensionwould result in
twenty di erent STD diagrams for ead trial.

5.2.2 Analysis with the generic tools

The genericanalysistool su ers the sameproblem asthe STD analysistool.
Howewer, including time as an additional dimension, enables plotting the
solution trajectories of all twenty initial starting position of the agen in
one graph for eat condition. The next section analyzesand visualizesthe
embodied and situated model with a non-reactive agen described in section
4.2.

Visualisation metho d 1

Visualisation method 1 depicts the integrated di erence equation and fre-
guency of sensorstates over time, see gure 5.10. The di erent graphsin g-
ure 5.10represen the solution trajectories for all four conditions, small and
large objects falling left and rightward. In thesegraphs many lines crossand
overlap ead other, making it di cult to extract attractor states, repellors, or
other characteristics of dynamical systems. One can only make generalobser-
vations. For instance,in gure 5.10(c)it canbe obsenedthat the systemcan
convergeto one of two xed point attractor states (0110 1100), resulting in
catch behavior. Figure 5.10(b) shaws repetitiv e patterns, seeminglyn-cycles,
that are similar to the n-cyclesobsened in section5.1.2. Thesen-cycleslead
to successfulavoid behavior if the agens spendsa su cien t amount of time
in sensorstate 0000. The other two graphs gure 5.10aand 5.10d, illustrate
that the agen is not successfulin performing catch and avoid behavior. In
gure 5.10(a) the system corvergesinto a n-cycle that cortains two sensor
states0011land 0000. This meansthat the agert hasa successate of 50%for
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(@) RNN-controlled agert facing a small (b) RNN-controlled agert facing a large
object falling rightward object falling rightward
(c) RNN-controlled agert facing a small (d) RNN-controlled agert facing a large
object falling leftward object falling leftward

Figure 5.10: Visualization method 1 : depicting the distance between agert and
object, frequency of sensorstates over time for: a) a RNN-controlled agert facing
a small object falling rightward, b) a RNN-controlled agert facing a large object
falling rightward, c) a RNN-controlled agert facing a small object falling leftward ,
and d) a RNN-controlled agert facing a large object falling leftward.
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catching the object, becauseonly sensorstate 0011is evaluated as catching
the object. Figure 5.10(d) illustrates that the system corvergesto a xes
point attractor (1100), leading to catch behavior, while it should perform
avoid behavior. The agent avoids right and catches left falling objects (see
gure 5.10band 5.10c) and hardly ever catchesright and avoids left falling
objects (see gure 5.10aand 5.10d). Becausewe are interested in how non-
reactive systemsperform successfulvoid and catch behavior, we will focuss
on gures 5.10band 5.10cfor further analysis.

The data provided by DynSA revealsattractor statesin the system. For
ead condition in gure 5.10three di erent attractor statescanoccur. Figure
5.11showstheseattractors statesfor a RNN-controlled agen avoiding a large
object falling rightward. Both attractors in gure 5.11 are n-cycles. The
n-cycle illustrated in gure 5.1lais obsened elewen times over the twernty
di erent starting positions (55%), while the n-cyclein gure 5.11bis obsened
in nine out of twenty di erent starting positions (45%). Both n-cyclesvary
in length. Figure 5.11ashows a n-cyclewith length n = 17 containing sensor
states 100Q 000Q 1111 0001; and 0000, gure 5.11b shows a n-cycle with
length n = 2 containing sensorstates 0000and 0011. The n-cycle in gure
5.11aresults in better avoid behavior, becausethe agert remainsin sensor
state 0000 for 76:5% of the time due to the n-cycle. In gure 5.11b sensor
state 0000 occurs 50% of the time, due to the n-cycle. In gure 5.11athe
non-reactivity of the agert allows it to alter its position while sensorstate
0000is received. Resultingly, the agert's sensorstate can be 0000for longer
than in caseof the reactive agert. Remainingin sensorstate 0000for a longer
time leadsto better avoid behavior. Figure 5.10cillustrates catch behavior
in caseof a small object falling leftward. It shawvs two point attractors, in
sensorstates 1100and 0110. 75% of the solution trajectoriesin gure 5.10(c)
corvergeto point attractor 0110while only 25% convergeto point attractor
1100.

Visualization metho d 2

Visualization method 2 depicts the integrated di erence equation xag over
sensorstates. Figure 5.12 shows the phaseportrait for a large object falling
rightward. The sensorstate assaiated with the y-axis numeric distrubution
can be found in table 5.2. Figure 5.13aand gure 5.13b, shows the two
attract extracted from gure 5.12.

y-axis 4 3 2 1 0 -1 -2 -3 -4
sensor| 1111| 1110| 1100 | 1000 | 0000 | 0001 | 0011 | 0111 | 0110
state

Table 5.2: Distribution of sensorstates over the y-axis.
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The analysisof non-reactive agers using visualization method 2 doesnot
provide di erent insights in the dynamics of the systemin respect to visu-
alization method 1. The information about the agen's position in relation
to the object doesnot provide new insights in the sequenceof sensorstates
or the amourt of time spendin a sensorstate. Moreover, for a small object
falling left and right, the visualization in the phaseportrait is biased. Ac-
cording to visualization method 2 sensorstate 0110 occurs two times, after
sensorstate 1100when the agen is on the right side of the object and after
sensorstate 0011whenthe agert is on the left side of the object. This results
in a misrepresemation of the solution trajectories in the phaseportrait.

Visualization metho d 3

Visualization method 3 is usedto illustrate the change of sensorstate over
time. As in section4.3.1sensorstates are distributed over the y-axis accord-
ing to the frequencywith which they occur. The analysisis performedfor the
conditions for which the agens perform the best avoid and catch behavior,
see gure 5.10b and gure 5.10c. Figure 5.14aand gure 5.14b show the
changein sensorstate depicted over time for a large object falling rightward.
These graphs support our ndings of visualization method 1. For instance,
the n-cyclein gure 5.14aremainsin sensorstate 0000for a long period of 13
timesteps. Note that for both n-cyclessensorstate 0000 occurs at timestep
t = 10, which is the timestep at which the evaluation of behavior occursin
the original experiment. This results in successfubvoid behavior for all large
object cases. The system always corvergesto the attractor statesin gure
5.14a,5.14b,and gure 5.15beforetimestept = 10. Figure 5.15 shows the
changein sensorstates depicted over time for a small obect falling leftward.
It shaws two point attractors, in sensorstate 0110 and 1100. The system
always corvergesto thesepoint attractors beforetimestept = 10.

5.2.3 Results

Analyzing coupled agert-environment systemsinvolving non-reactive agens
is relatively di cult. Non-reactive agert's internal dynamics are more com-
plex than that of reactive ageris. Becauseof this internal complexity they
are able to react dierent to the samesensorinput on dierent occasions.
The agert's output dependson the input received by the agert and the in-
ternal state of the agernt at time stept. STD is not a suitable tool to study
the dynamics of non-reactive systems.

The generictool, in contrast to STD, can represen the 20 dierent so-
lution trajectories for ead condition by plotting them in a phase portrait.
Time is included asan additional dimension. At rst sight, thesegraphs pro-
vide little insight in the dynamics of the system. However, further analysis
of the data shows repetitiv e patterns indicating attractor states. By combin-
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ing the information of the graphs and the data analysis of the sequenceof
senor states provided by DynSA, the attractor states of the system can be
extracted. Visualization method 1 illustrates the attractor states found in
gure 5.10. The RNN cortrolled agert seemdo rely on its internal dynamics
to perform avoid and catch behavior. For instance, gure 5.11ashows that
the agert alters its position when sensorstate 0000 occurs and no input is
received, which makesit possibleto remain longer in this sensorstate. This
leadsto better avoid behavior. Moreover, non-reactive systemshave more
than two attractor states, while reactive systemsonly have one attractor
state.
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(a) Attractor 1 (b) Attractor 2

Figure 5.11: visualization method 1: Two attractor states for large object falling
rightward.

Figure 5.12:
visualization method 2 : sensorstates pedicted over time for a large object falling
rightward
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(a) Attractor 1 (b) Attractor 2

Figure 5.13: visualization method 3 : changein sensorstates within two attractor
states depicted over time for a large object falling rightward.

(a) Attractor 1 (b) Attractor 2

Figure 5.14: visualization method 3 : changein of sensorstate within two attractor
states depicted over time for a large object falling rightward.
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Figure 5.15:
Visualization method 3 : changein sensorstates depicted over time for a small
object falling leftward



Chapter 6

Discussion

Two dierent tools provided by the DST, STD and the generictool, were
applied to an enbodied and situated model of active categorical perception,
and compared.

The analysis of reactive agents using STD provides insight in the dif-
ferent strategies employed by the agens and reveals attractor states, point
attractors and n-cycles,of the coupled agen-environment system. Howe\er,
results show that the analysis using STD cannot provide the information to
determine (i) the sequenceof sensorstates that leadsto an attractor, (ii)
the sequenceof sensorstatesin an n-cycle, and (iii) the length of an n-cycle.
Moreover, the STD analysis of the reactive agens behavior, in Van Dartel
and Postma (2003), doesnot hold information about the long term behavior
of the system.

The analysis of reactive agens, using the generictools of the DST, con-
sisted of three di erent visualization methods. Visualization method 1 and 2
di er in the way the sensorstate is represened on the y-axis. Visualization
method 3 usesthe samesensorstate represemation as visualization method
2 for the analysis of reactive agerts, but depicts the sensorstates over time
instead of over a di erence equation. The results shov that visualization
method 1 provides information about (i) the sequenceof sensorstates lead-
ing to an attractor, but doesnot provide information about (ii) the sequence
of sensorstatesin an n-cycle and (iii) the length of an n-cycle. Visualization
method 2 provides information about (i) the sequenceof sensorstates lead-
ing to an attractor, (ii) the sequenceof sensorstatesin an n-cycle, but does
not provide information about (iii) the length of an n-cycle. Visualization
method 3 doesnot provide information about (i) the sequencef sensorstates
that leadsto an attractor and (ii) the sequenceof sensorstatesin an n-cycle,
but does provide information about the (iii) the length of an n-cycle. This
shows that visualization method 3 is complemenary to visualization method
1 and 2.

STD are not suitable to analyze non-reactive systems. Non-reactive sys-
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tems canreact with adi erent motor action to the samesensorstate depend-
ing on their internal state. This meansthat for ewvery initial position of the
object in the model described in section 4.2, a di erent solution trajectory
exists. This implies that every sensorstate in SST diagram has more than
one connectionto other sensorstates. Analysis of non-reactive ageris using
STD cannot provide information about the dynamics of non-reactive agens.

The generictool of the DST is able to analyze non-reactive systems. The
generictool makesit possibleto plot the solution trajectories of all starting
positions of objects in the model described in section4.2. Furthermore, time
is included as an additional dimension to gain insight in to the changein
sensorstates over time. By combining the information of the graphsand the
analysis of the data about the sequenceof sensorstates provided by DynSA,
attractor states can be extracted. Results shov that visualization method
1 provides information about (i) the point attractors of the system, (ii) the
sequenceof sensorstatesin an n-cycles,and (iii) the length of the n-cycles.
Including time in visualization method 1 leadsto a better insight in the
dynamics of the system. Visualization method 2 provides the sameinsights
about the dynamics of the system as visualization method 1. Information
about the agert's position in relation to the objects position, doesnot lead to
new insights. This is becausethe extra information provided by visualization
method 2 is already available in visualization method 1, i.e., the sequenceof
the n-cycle and the length of the n-cycle. Visualization method 3 does not
provide new insights into the dynamics of non reactive agens. Howewer, it
doesgive a clearervisualization of the attractor states.

The generictool of the DST canbe usedto illustrate the fundamertal dif-
ferencebetweenreactive and non-reactive agens seesection2.2.1and section
2.2.2 Results show that reactive agerts useat most maximally one attractor
state for ead condition of the experiment, and that non-reactive agerts use
at least two attractor states for ead condition. This explains the di erence
in performancebetweenreactive and non-reactive agens.

From the comparisonof visualization methods, we gather that the amount
of information provided by a visualization method of the generictools, de-
pendson the sensorstate represertation (y-axis) and the di erence equation
(x-axis) used. A wide variety of visualization methods exist depending on
the chosendierence equation. A disadvantage of the generictool is that
it is sometimesdicult to nd the proper di erence equationto t the dy-
namics of the systemin such a way that extraction of attractor states, re-
pellors, bifurcation points and other characteristics of a dynamical system
are possiblediscovered. In section4.2, the di erence equation of the coupled
agert-environment systemis de ned. A rst obsenation of the coupled sys-
tem shaws that the di erence equation of the ervironment is either, linear
increasingor linear decreasing,depending on the falling direction of the ob-
ject, i.e., xg = 2 for an object falling right, xg = -2 for an object falling left.
Using this di erence equations to visualize a phase portrait will not result
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in visualizing attractor states (Beer, 2000). Howewer, by integrating the dy-
namics of the environment and agert in onedi erence equation and plotting
it against sensorstateswe are ableto nd attractor states (seevisualization
method 1 and 2 section4.3.1). This way of visualization providesinsight into
the interaction betweenagen and ervironment, becauseattractor statesare
represertied as sensor states providing information about the ervironment
and the action of the agert, and becausethe relative position X g contains
information about the motor action of the agent and the dynamics of the
falling object. A disadvantage of the analysis conducted in this researd, is
that it doesnot provide information about the relation betweenthe internal
dynamics of the agert (internal state) and the behavior of the system. Other
visualization methods are neededto include the internal statesasa di erence
equation.



Chapter 7

Conclusion

The results presened in this thesiscon rm claims from Port and Van Gelder
(1995), Clark (1997a), Beer (2000), Beer (2003), that the concepts of the
DST are suited to study embodied and situated models. The di erent char-
acteristics of the DST (i.e., attractors, repellors, limit cycles,etc) give insight
in how behavior emergedrom the ongoinginteraction betweenagen and en-
vironment in an embodied and situated model. The results shov a di erence
between STD and the generic tool concerning the amount of information
available in the visualization. We conclude that the di erent visualization
methods of the generictool provide more information about the dynamics
of coupled agert-environment systemsthan STD, becauseof the amount of
information the visualization methods provide. The generictool can be ex-
tended with a variety of visualization methods by adjusting and extending
the di erence equationsthat spanthe phaseportrait.
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