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Oz

Bu calsmada, 3 boyutlu bir lazer taray ¢ s ile donatIms gezici bir r obotun basit davranslarla
baslayarak bunlar nas | amaca yenelik kullanmay arendgi incelenms tir. Bunun tin, robot kon-

trolande vegrenmesinde kullan Imakuzere bir bcimlendirmesinienerdgimi  z \saglarl k" kavram na
basvurulmustur. Bu btimlendirmeye dayanarak, robotun ence basit davran slar n kullanarak or-
tamda yaratabildgi farkl \etki"leri qgrendgi, sonra da bu etkiler i davrans gerceklestirmeden
enceki ortamn algs ile baydestrdg bir @renme ddzeni enerilm stir. Robot, bu bay nt lara

dayanarak, basit davranslar n amac na uygun etkileri yaratmak cin k ullanmaktad r.
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Abstract

In this report, we studied how a mobile robot equipped with a 3D laser scanner cantart from
primitive behaviors and learn to use them to achieve goal-directed behaviors. & this purpose,
we used the concept of \a ordances", for which we propose a formalization targted speci cally to
be used in robot control and learning. Based on this formalization we propse a learning scheme,
where the robot rst learns about the di erent kind of e ects it can create in the environment, and
then links these e ects with the perception of the initial environment and the executed primitive
behavior. It uses these learned relations to create certain e ects in the environmenaind achieve
more complex behaviors.

1 INTRODUCTION

It is important for a cognitively developing robot to be able to discover its own capabilities and
then use them in a goal-directed way. Starting from a set of primitive behaviord, a robot may
have no initial knowledge about when to apply these behaviors, and what kind of e ectsthey
create once they are applied. The robot rst has to learn the possible e ects it can crete in the
environment using these behaviors. It should also learn when to apply which behawrt to create a
speci ¢ change in the environment. Discovering the uses of its primitive behavics, the robot can
then utilize them in a goal-directed way, and it can use multiple of these behaviors equentially or
simultaneously to achieve more complex e ects. The kind of development proposed needs timk
between the perception of the environment before the execution of a primitive behawar and the
consequences of applying it.

The concept of \a ordances" provide us with a tool to establish this link. A ordances , as
o ered by J.J. Gibson [1] in his ecological approach to psychology, refer toaction possibilities
that an environment o ers to an animal/agent acting in it. J.J. Gibson ar gued that what animals
perceive are these opportunities in the environment to achieve certain behaviotaesults.

In this study, we implemented an a ordance learning scheme on a mobile robot, sdhat,
starting from a set of primitive behaviors, it learns to use them goal-direcedly.

1.1 A ordances

In his early studies on visual perception, J.J. Gibson tried to understand how the \meanings" of
the environment were speci ed in perception for certain behaviors. For this purpog, he identi ed
meaningful optical variables in the perceptual data. For example, he conjectured that in he case
of a pilot landing a plane, the meaningful variable is the optical center of expansion bthe pilot's
visual eld. This variable is meaningful since it indicates the direction of the glide and helps the
pilot adjust the landing behavior.

Based on these studies of meaningful optical variables J.J. Gibson built his ownheory of
perception and coined the terma ordance to refer to the action possibilities that objects o er
to an organism, situated in an environment. For instance, a horizontal and rgid surface a ords
walk-ability, a small object below a certain weight a ords throw-ability , etc.. The environment is
full of things that have di erent a ordances for the organism acting in it.

E.J. Gibson studied the mechanisms oflearning of a ordances in child development. She
considered learning as a perceptual process and named her theory as \perceptual learning". She
claimed that learning is \discovering distinctive features andinvariant properties of things and
events" [2], \discovering the information that speci es an a ordance" [3]. She de ned this method
as \narrowing down from a vast manifold of (perceptual) information to t he minimal, optimal
information that speci es the a ordance of an event, object, or layout" [3]. E .J. Gibson suggested
that babies use exploratory activities, such as mouthing, reaching, shaking to @n this perceptual
data, and these activities bring about \information about changes in the world that the action pro-
duces" [2]. As development proceeds, exploratory activities become performatoryna controlled,
executed with a goal.

1Throughout this document, we use the term \primitive behaviors" t o refer to a set of pre-coded motor
signals, which is known as \actions" in some contexts.



This role of a ordances in human development and learning makes it a useful concept to be
also used in robot development and learning.

1.2 A ordance-related research in robotics

The concept of a ordances is highly related to robotics and in uenced studies in this eld. The
parallelism between the theory of a ordances and reactive/behavior-based roboticshas already
been pointed out [4].

Recently, the relation between the concept of a ordances and robotics has started to & ex-
plicitly discussed. Developmental robotics[5] treats a ordances as a higher level concept, which a
developing cognitive agent learns about by interacting with its environment [§. There are studies
that exploit how a ordances re ect to learning [7, 8], tool-use [9], or decision-making [10]. The
studies that focus on learning mainly tackles two major aspects. In one aspecg ordance learning
is referred to as the learning of consequences of a certain action in a given situati¢6, 8, 9]. In the
other, studies focus on the learning of invariant properties of environments th&aa ord a certain
action [7], [11], [12]. Studies in this latter group also relate these proerties to the consequences
of applying an action, but these are in terms of internal values of the agent, raher than changes
in the environment.

In [6], Fitzpatrick et al. study learning of object a ordances in a developmental framework.
The main vision they set forth is that a robot can learn about what it can do with an object only
by acting on it, “playing' with it, and observing the e ects in the environment. In the study, after
applying each of its actions on di erent objects several times, the robot learnsabout the roll-ability
a ordance of these objects, by observing the changes in the environment during the applation
of the actions. In this study, no association between the visual features of the lgjects and their
a ordances are established, giving no room for the generalization of the a ordanceknowledge for
novel objects.

In [13], the traversability of the environment including simple objects like boxes, cylinders and
spheres was learned. In that study, rst, the features relevant for the traversabilty a ordance
were extracted, and then classi ers were trained to predict whether a given scene is traveable
or not. The training of the classi ers were done using success/fail labels on the #@ining data.
Our current study extends this work by discovering the actual change a behavior produces in the
environment (rather than labeling the training data as success/fail), and using this information to
achieve goal-directed behaviors.

2 FORMALIZING AFFORDANCES FOR ROBOT CON-
TROL

After J.J. Gibson, there has been a number of studies attempting to clarify the meamg of the
term aordances and to formalize it. Turvey [14] proposed a formalization, where he de ned
a ordances as \dispositional properties" in the environment, which combine with properties of the
animal interacting with it. Sto regen criticized Turvey's formalism because it attached a ordances
to the environment [15]. He de ned a ordances as properties of the animal-environmensystem
that can be attached neither to the environment nor to the animal. Chemero [16] promsed that
\a ordances are relations between the abilities of organisms and features of thenvironment" and
can be represented as \A ords- (feature, ability)", where is the a orded behavior.

Steedman formalized a ordances in terms of object-schemas [17], where object schesnare
de ned in relation to the events and actions that they are involved in. The di erent act ions that
are associated with a particular kind of object constitute the A ordance-set of that object schema.

Although these prior formalizations provide a good framework for discusgin, they can not
be applied to robotics directly, and are not su cient in this respect. In order to b e able to use
a ordances in robot control and learning, it is rst essential to clarify the dierent, sometimes
contradictory, views around the concept.



Observer
[| perspective

/
a7 Agent

Environmental _»
perspective perspective

Figure 1. Three perspectives to view a ordances. In this hymthetical scene (adapted
from Erich Rome's slide depicting a similar scene), the (rolot) dog is interacting with a
ball,and this interaction is being observed by a human(oid)who is invisible to the dog.

2.1 Three Perspectives of A ordances

One major axis of discussions on a ordances is on where to place them. In some dissims,
a ordances are placed in the environment as extended properties that are perceivable kihe agent,
whereas in others, a ordances are said to be a properties of the organism-eneinment system. We
believe that the source of the confusion is due to the existence of three { not one! { perggtives
to view a ordances. In most discussions, authors, including J.J. Gibson himselfpften pose their
arguments from di erent perspectives, neglecting to explicitly mention the perspective that they
are using.

The three di erent perspectives of a ordances can be described using the scene in Figure 1.
In this scene, a dog is interacting with the ball, and this interaction is being obgrved by a human
who is not part of the dog-ball system. Here, the dog is said to have thegentrole, whereas the
human is said to have theobserverrole. We denote the ball as theenvironment. We propose that
the a ordances in this ecology can be seen from three di erent perspectivesagent environmental,
and observerperspectives.

2.1.1 Agent perspective

In this perspective, the agent interacts with environment and discovers the a adances in its ecol-
ogy. The a ordance relationships reside within the agent interacting in the environment through
his own behaviors. In Figure 1, the dog would \say": \I have push-ability a o rdance", upon seeing
the ball. This view is the most essential one to be explored for using a ordancesi robotics.

2.1.2 Environmental perspective

The view of a ordances through this perspective attaches a ordances over the enviroment as
extended properties that are perceivable by the agents. In our scene, when queried to lisil of
its a ordances, the ball would say: \I o er, push-ability (to a dog), throw-abil ity (to a human),

..". In most of the discussions of a ordances, including some of J.J. Gibson'®wn, this view is
implicitly used, causing much of the existing confusion.

2.1.3 Observer perspective

The third view of a ordances, which we call the observer perspectiveis used when the interaction
of an agent with the environment is observed by a third party. In our scene, the hunan would say:
\There is push-ability a ordance" in the dog-ball system.



2.2 An A ordance Formalization for Robotics

In this section we present a new formalization of a ordances for robot contrd and learning. For
our motivation of using the concept in robotics, we consider the agent perspectivéo be the most
relevant, and the formalization is presented from this perspective. A completeaccount of the
formalization generalized also for the other perspectives can be found in [18]

In [18], we proposed a formalization for the a ordance concept, targeted spedally to be used
in robot control and learning. This formalization partially builds on Chem ero's formalization [16]
suggesting that a ordances are relations within the agent-environment system.It, however, di ers
in that these relations can be re ected onto the agent and can be represented. In [19]t was
proposed that an a ordance can be represented as affentity, action, outcome) triple, and the
learning of a ordances corresponds to the learning of bilateral relations between thee components
of this representation. Our formalization also builds on this view but extends it in several ways.

Our formalization is based on relation instances of the form € ect, (entity, behavior)), meaning
that there exists a potential to generate a certaine ect when the behavioris applied on the entity
by the agent. These relation instances are acquired through the interaction ofte agent with its
environment. The term entity denotes the environmental aspect of the relation instead ofeatures
or object as generally used. It represents the state of the environment (including the perceptual
state of the agent) as perceived by the agent. Thdehaviorrepresents the physical embodiment of
the interaction of the agent with the environment, and e ect is the result of such an interaction.
More speci cally, a certain behavior applied on a certain entity should produce a certaine ect,
i.e. a certain perceivable change in the environment, or in the state of the ageén For instance,
the lift-ability a ordance implicitly assumes that, when the lift behavior is applied on astone it
produces the e ectlifted, meaning that the stonés position, as perceived by the agent, is elevated.

A single (e ect, (entity, behavior) relation instance is acquired through a single interaction
with the environment. But this single instance does not constitute an a ordance relation by
itself, since it does not have any predictive ability over future interactions. A ordances should be
relations with predictive abilities. This is achieved by building equivalence classs, of which there
are four.

2.2.1 Entity Equivalence

The class ofentities which support the generation of the samee ect upon the application of a
certain behavioris called anentity equivalence class For instance, our robot can achieve the e ect
lifted, by applying the lift behavior on ablack-can or a blue-can These relation instances can then
be joined together as:

blue-can

(lifted; ( black-can

;lift))
This relation can then be compacted by a mechanism that operates on the class to pdoice the
(perceptual) invariants of the entity equivalence class as:

(lifted; (< *-can>; lift))

where <*-can> denotes the derived invariants of the entity equivalence class.

In this particular example, <*-can> means \cans of any color" that can belifted upon the
application of lift behavior. Such invariants, create a general relationship, enabling the robot to
predict the e ect of the lift behavior applied on a novel object, like agreen-can Such a capability
0 ers great exibility to a robot. When in need, the robot can search and nd entiti es that would
support a desired a ordance.

2.2.2 Behavior Equivalence

Maintaining a fair treatment of the action aspect of a ordances, the same equalence concept can
be generalized to thebehavioras well.

For instance, our robot can lift a can using its lift-with-right-hand behavior. However, if the
same e ect can be achieved with itslift-with-left-hand behavior, then these two behaviors are said
to be behaviorally equivalent This can be represented in our current formalism as:



lift-with-right-hand

(lfted; (<*-can> e vith-left-hand )

One can join these into
(lifted; (< *-can>; < lift-with-*-hand >))

where < lift-with-*-hand > denotes the invariants of the behavior equivalence clads

Similar to the entity equivalence the use ofbehavioral equivalencewill bring in a exibility for
the agent. For instance, a humanoid robot which lifted a can with one of its ams, loses its ability
to lift another can. However, through behavioral equivalencet can immediately have a \change of
plan" and accomplish lifting using its other hand.

2.2.3 Aordance Equivalence

Taking the discussion one step further, we come to the concept o ordance equivalence A or-
dances like traversability, are obtainable by \walking across a road" or \swimming across a river"

as
(<road >;< walk >)

traverse : )
( d (<river >;< swim >)

)

That is, a desired e ect can be accomplished through di erent (entity, behavior) relations.

2.2.4 E ect Equivalence

The concepts of entity, behavior and a ordance equivalence classes implicitly reliedrmthe assump-
tion that the agent, somehow, hase ect equivalence For instance, applying the lift behavior on a
blue-canwould generate the e ect of \a blue blob rising in view". If the robot applies the same
behavior to a red-can, then the generated e ect will be \a red blob rising in view". If the robot
wants to join the two relation instances learned from these experiments, it ha to know whether
the two e ects are equivalent or not. In this sense, all the three equivalences rely onhe existence
of e ect equivalenceclasses.

Finally, based on the discussion presented above, we propose a formal de nitiasf an a ordance
as follows.

Denition 1.  An aordance is an acquired relation between a certain<e ect> and a certain
< (entity, behavior) > tuple such that when the agent applies éentity, behavior) within < (entity,
behavior)>, an e ect within <e ect> is generated. This can be represented as:

(<eect>;< ( entity, behavior)>):

This de nition explicitly states that an a ordance is a relation between equivalence classes
rather than a relation instance between ane ect and a (entity, behavior).

3 DISCUSSION OF THE FORMALISM AND ITS IMPLI-
CATIONS TO ROBOTICS

We believe that the proposed formalism lays out a good framework over wich the concept of
a ordance can be utilized for robot control and learning. Below, we discuss the rajor aspects of
a ordances as proposed within the formalism, and the corresponding implicatios towards robot
control. In the next section, we report some results obtained from experimentswith robots and
link them to the discussions presented in this section.

2|n robotics, behaviors are often considered to be atomic units, and the invariants of a group of behaviors
can sound meaningless. However, if one implements behaviors as a seif parameters whose values determine
the interaction, then invariants of behaviors can be discovered on th ese parameters, similar to the discovery
of invariants in entity equivalence classes.



A ordances (agent perspective) are relations that reside inside the agent. This @im can
be seen to go against the common view of a ordances which places a ordances in the auq-
environment system. However, we are interested in how the relations within he agent-environment
system are viewed from the robot's perspective and we argue that these agesnvironment relations
can be internalized by the robot as explicit relations. At a rst glance, this claim can be seen to go
against the common view of a ordances in Ecological Psychology which places @dances in the
agent-environment system, rather than in the agent or in the environment alone.However, we argue
that representing these relationships explicitly inside the agent does not contradict he existence
of these relations within the agent-environment system. We are interested irhow the relations
within the agent-environment system are viewed from the robot's perspectie. We argue that these
agent-environment relations can be internalized by the robot as explicit (thoudh not necessarily
symbolic) relations and can enable robots to perceive, learn, and act within theirenvironment
using a ordances.

A ordances encode \general relations" pertaining to the agent-environment interaction, such
as: balls are rollable. Naturally, exceptions to these general relations, suchs \the-red-ball-on-my-
table is not rollable (since it is glued to the table)" do exist. However, unlike a ordance relations,
these \speci c relations" possess little, if any, predictive help over other cases The proposed
formalization, di erent from the existing formalizations, explicitly st ates that an a ordance is a
relation that exists between equivalence classes, rather than a relation instanceand embodies
power to generalize into novel situations.

A ordances are acquired relations. The acquisition aspect is an essential pragrty of the for-
malization, yet the method of acquisition is irrelevant. Here, acquisition is used as an umbrella
term to denote di erent processes that lead to the development of a ordances in agents inclding,
but not limited to, evolution, learning and trial-and-error based design. In some dicussions, a or-
dances have also been classi ed based on the process of acquisition leading to: innaterdances
[20] that are acquired by the species that the organism belongs to through evolidn; learned af-
fordances [2] that are acquired by the interaction of the organism with its ewironment during its
life-time; and designed a ordances [4] that are \acquired" by the robot through a trial-and-error
design phase. The formalism implies that in order to have robots acquire a odances within their
environment, rst, relation instances that pertain to the interaction of the robot with its envi-
ronment need to be populated, and then these relation instances should be merged into ations
through the formation of equivalence classes.

A ordances provide a framework for the cognitive development of an agent. Simér to E. Gib-
son's account of the role of a ordances in human development (see Sec. 1), a robot catart its
development from unintentional primitive behaviors®. The robot can rst execute these primitive
behaviors randomly, but as the development proceeds, it can discover the changes it can cassi
tently create in the environment, and associate these changes with the behavisrit executed and
the situations the behaviors are executed in. This will lead to a stage where theabot can execute
these primitive behaviors purposefully, to achieve a goal. The stage of di®vering the changes
it can create corresponds to forminge ect equivalence classesn the formalization. Associating
these changes with behaviors, and the necessary situations, corresponds to linkirgect equiva-
lence classeswith entity equivalence classesnd behavior equivalence classesWe will present an
implementation of this development scheme in the next section.

A ordances provide a framework for symbol formation. The problem of how synbols are
related to the raw sensory-motor data of an agent, also known as the symib@rounding problem,
still attracts considerable research focus. In the proposed formalism, theategorization of raw
sensory-motor perceptions into equivalence classes can be considered as a symhwh&tion process.
We would like to point out that the formation of equivalence classes are itertwined with the
formation of relations. In this sense, the formation of symbols is notan isolated process from the
formation of a ordance relations. Instead, as also argued in [21], theseysnbols would be \formed
in relation to the experience of agents, through their perceptual/motor apparatuses, in their world
and linked to their goals and actions".

A ordances provide support for planning. Classical planning systems work with gerators
which consist of three main components: pre-condition, action, and e ect. We argue that the

3The term \primitive behavior" is interchangeable with \action", whic  h is more common in some
contexts.



proposed formalism creates relations that can also be used as operators fdanning. An a ordance

relation is indexed by its e ect and include tuples which store how that particular e ect can be

achieved. For instance, the<entity> and <behavior> components in the proposed formalism,
can be considered to correspond to the pre-condition and action components in classigaanning

systems.

4 REALIZATION OF THE FORMALISM ON A ROBOT

Similar to E.J. Gibson's account of the role of a ordances in human development §ee Sec. 2), the
proposed formalism provides a framework where a robot starts its developant from unintentional
primitive behaviors. The robot can rst execute these primitive behaviors randomly, but as the
development proceeds, it can discover the changes it can consistently create in the envinment, and
associate these changes with the behaviors it executed and the situations the behavs are executed
in. This will lead to a stage where the robot can execute these primitive behavis purposefully,
to achieve a goal. The stage of discovering the changes it can create corresponds forming
e ect equivalence classesn the formalization. Associating these changes with behaviors, and the
necessary situations, corresponds to linkinge ect equivalence classeswith behavior equivalence
classesand entity equivalence classesWe present an implementation of this development scheme
in the rest of this paper.

The process consists of three steps: interaction, learning, and execution. In the intaction
step the robot collectsrelation instances by executing its primitive behaviors one at a time, in a
certain environment. It perceives and records the environment before executing a behawi, and
after executing it. In the learning phase it derives generica ordance relations, using the set of
collectedrelation instances. This requires forming entity equivalence classeand e ect equivalence
classesfrom the relation instances of a speci c behavior, and connecting them in ana ordance
relation. In the execution phase the robot uses the learned ordance relations to achieve goal-
directed behaviors. Perceiving the current environment provides a description of theentity. Using
this entity and the learned a ordance relations e ect> , <(entity, behavior)> ), the robot can
then choose and execute thebehavior which will result in the desired e ect that will make the
robot achieve its goal.

Before going into the details and the implementation of interaction, learning and execution
phases, we present the robotic and simulation platform used in this study, and e structures of
the entity and the e ect representations.

4.1 Robotic and simulation platform

The robotic platform used in this study is Kurt3D, which is a medium-sized, di erent ial drive
mobile robot, equipped with a 3D laser range nder*. The 3D laser scanner is based on a SICK
LMS 200 2D laser scanner, rotated vertically with an RC-servo motor. It has a horizontal range of
180 and a vertical range of approximately 180. The scanner is capable of taking full resolution
(720 720) range image in approximately 45 seconds. The robot also has encoders ortibsides,
which makes dead-reckoning possible.

Kurt3D is simulated in MACSIm[22], a physics-based simulator, built using ODE (Open Dy-
namics Engin€), an open-source physics engine (Fig. 2). The sensor and actuator models are
calibrated against their real counterparts.

4.2 Perceptual representation of  entities and e ects

The robot perceives its environment through its 3D scanner. It uses the range imags from the
scanner to extract a set of features which consists the robot's perception of the eironment.

The feature set is obtained in three steps as shown in Fig. 3. First, the images down-scaled to
a resolution of 360 360 pixels, reducing the noise. Then, it is split into uniform size rectangular
grids. Finally, for each grid, a number of distance and shape related featuresra extracted. The
distance related features are the closest, furthest, and mean distances within the igi. The shape

4URL: http://www.ais.fraunhofer.de/ARC/kurt3D/
SURL: http://ode.org/



Figure 2: A snapshot from MACSim showing the KURT3D robot facing a spherical object.
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Figure 3: Phases of perception. Distance and shape featurase extracted from the scanner
range image. Also three displacement values are extracteddm the encoders.

related features are computed from the normal vectors in the grid. The direction ofeach normal
vector is represented using two angles and , in latitude and longitude respectively and two
angular histograms are computed. The frequency values of these histograms are useslthe shape
related features.

The 360 360 pixel range image is divided into 30 30 =900 grids of 12 12 pixels, and the
angular histogram is divided into 18 intervals, so that total number of features computed over a
downscaled range image is 900 (3+2 18) = 35100 where 3 corresponds to the three distance
values (minimum, maximum, and mean) and the multiplication by 2 corresponds to the two angle
channels.

In our formalization entity is the state of the environment as perceived by the agent before
performing a behavior. In this study it is represented with the scanner features obtmed before
the execution of a primitive behavior by the robot.

In our formalization e ect is the perceivable change in the environment or in the state of
the agent, produced by performing a behavior. In this study, thee ect is represented with the
vectorial di erence between the scanner features obtained after and before the execution of a
primitive behavior of the robot, together with 3 more features extracted from the encoder values
that correspond to the change of the robot's position in the forward and kft-right directions, and
the change in its orientation. (Fig. 4)
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Figure 4: Representation of the entity and the e ect. Distance and shape features ex-
tracted from the scanner image, taken before the executionfoa primitive behavior, con-
stitute the entity. The di erence between the features extracted after the exeution of
the behavior and features extracted before the execution othe behavior constitute the
representation ofe ect, together with the displacement values extracted from the @icoders
(see Fig 3).

5 INTERACTION: COLLECTING RELATION INSTANCES

In the interaction phase the robot collects a ordance relation instances. Perceived entity and e ect
instances are linked together with the primitive behavior that was executed to producethe e ect.
The three constitute a relation instance. Fig. 4 depicts the extraction of these instances.

The robot has three primitive behaviors. These aremove-forward, turn-left, and turn-right .
The move-forward behavior drives the robot straight ahead that places the robot 5@m away from
its initial position, if the move is not obstructed by any obstacles. The turn-left, and turn-right
behaviors turns the robot in place for 45.

The interaction environment contains four types of simple objects:

rectangular boxes (1),
spherical objects (@ ),
cylindrical objects, either

{ in upright position ( ()

{ lying on the ground (),

Each trial is performed with a single object in the environment. The objects are placed randomly
within a proximity of 1m to the robot, in the frontal area spanning 180 . An example interaction
environment can be seen in Fig. 2 where a sphere is placed in front of the robotnlthis study a
total number of 3000 trials for each behavior were performed in the simwtor during the interaction

phase.

6 LEARNING: FORMING AFFORDANCE RELATIONS

The aim of the learning phase is to derivea ordance relations from the set of relation instances
collected in the interaction phase, through the formation of equivalence classedVithin the set of
relation instances of a behavior, similar e ects are grouped together to get more general descriptio



Figure 5: Interpretation of e ect classes obtained with unsupervised clustering for the
primitive behavior move-forward The upper image contains the distribution of object
positions in the interaction phase for the samples in the reslting 10 clusters. In the
enlarged pictures the types of objects can also be observedhe left image corresponds to
a cluster whose prototype e ect has a small value for \changen the forward direction".
It can be observed that in the samples which belong to this clster, the object was placed
in front of the robot, and it was close to the robot such that that the robot would come
in contact with the object during its forward motion. Moreov er, the majority of these
objects were boxes and upright cylinders, so that the robot motion would be blocked by
the object. The right image, on the other hand, corresponds ¢ a cluster whose prototype
e ect has a large change in the forward direction. This cluser contains interaction samples
in which the object was either far enough, such that the robotwould not get in contact
with the object, or it was on the path of the robot's motion but it was a sphere or a lying
cylinder, so that it would be rolled away without blocking th e motion. In the upper image,
it can also be observed that clusters were formed accordingotthe position of the object
being roughly on the right or the left of the robot.

of di erent kinds of e ects that behavior can create. This is achieved through the unsupenised
clustering of the e ect instances. This corresponds to obtaininge ect equivalence classes After
clustering, eache ect class is assigned are ect-id and the e ect prototype of the class is calculated.

Knowing the di erent kinds of e ects that a behavior can create, the robot should then discover
the distinctive features andinvariant properties of the environments in which these e ects are
created. This corresponds to obtainingentity equivalence classesThis has two aspects. Firstly,
the robot selects the features describing thentity which are distinctive in determining if a situation
will result in one e ect or another. This is achieved by applying a feature selection algorithm
over the entities, using the correspondinge ect-ids as their categories Next, the robot learns the
invariant properties of the entities that result in the same e ect upon the execution of a behavor.
This is achieved by training classi ers with the collected a ordance relation instances. A separate
classi er is trained for each behavior, using theentity (which now includes only the selected relevant
features) as the input, and the correspondinge ect-id of each instance as the target category.

In the rest of this section, we provide the details of the three steps in the learning phse. We
also present the results of applying these steps on the data collected in the interacth phase.
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Figure 6: Relevant grids in the range image representationdr three possible primitive

behaviors: turn-left, move-forward, and turn-right . Darkness is an indication of relevance.
It can be seen that only a small portion of all the grids are reévant for each behavior, and
most of the grids are completely white, indicating no relevance. Also, for turn-left and

turn-right actions, the grids on left and right, respectively, are morerelevant.

6.1 Forming e ect equivalence classes with clustering

A primitive behavior, when applied in di erent situations, creates di erent kinds o f e ects in the
environment. Recognizing these di erent kind of e ects is necessary if the robot is gmg to use
the behaviors goal-directedly.

For this purpose, for each behavior, the 3000e ect data collected in the interaction phase
were clustered using the k-means algorithm. The k parameter was experimentally seio 10.
The k-means algorithm was applied with normalized distances to avoid the dominabn of scanner
originated features over encoder originated features and shape related features ovestiince related
features.

Fig. 5 gives an interpretation of the results of clustering. After clustering, every e ect class is
assigned ane ect-id . The e ect prototype of a class is the mean of the individuale ects in that
class. The set of prototypes characterizes the di erent kinds of e ects each behavioproduces.

6.2 Selecting relevant features

The robot only needs the subset of features describing thentity which are important in determining
if a situation will result in one e ect or another. For this aim, we selected the relevant features in
the entity, using the correspondinge ect-ids as their labels. Selection of relevant features is done
using the ReliefF algorithm, originally proposed by Kira and Rendell [23]. This method aims to
estimate the weight of each feature in a feature set, based on its impact on th&arget category
of the samples. In ReliefF, the weight of any feature is increased, if it has siffar values for the
samples in the same category, and if it has di erent values for the samples in dierent categories.

To speed-up this feature-selection process, instead of using the complete set of interamti
samples, 50 samples from every class were randomly selected. We used the data-minioffvgare
WEKA [24] as an implementation of ReliefF.

In Fig. 6, the grids corresponding to the relevant features for each behavior ar given. It can
be observed that the grids to which selected attributes belong, di er for each behawr.

6.3 Linking e ects to entities

Support Vector Machines (SVMs) are trained to classifyentities (which now include only the 2000
most relevant features selected in the previous step) inte ect classes. We used the libSVM [25]
library as an implementation of SVMs. For each behavior, an SVM was trahed using the entities
as the inputs, and the correspondinge ect-ids of each instance as the target value. These SVM
classi ers are then used in the execution phase, to predict what kind ofe ect a behavior will
generate, given a perceptual representationdntity) of the current environment.

11



Figure 7. Flow of execution. The di erent possible e ects prototypes are sorted according
to the current desired e ect. The current perception of the environment is supplied to the

SVMs for each primitive behavior. The behavior, whose SVM pedicts an e ect that is

higher in the sorted list, is executed.

7 EXECUTION: GOAL-DIRECTED BEHAVIOR USING
AFFORDANCE RELATIONS

In this section we rst explain how we can achieve di erent behaviors using the sane a ordance

relations. Then we present three examples for such behaviors. Th&averse behavior uses the
\traversability" of the environment for navigation. The approach behavior makes the robot go
towards an object. The avoid behavior tries to avoid any contact with the objects to navigate in

the environment.

7.1  Execution

In execution phase the robot uses the learned ordance relations to achieve goal-directed behaviors
with its simple primitive behaviors. Given the perceptual representation ofthe current environment
as anentity, the trained classi ers will predict an e ect-id which indicates the e ect class that the
behavior, for which the classi er was trained, will produce in this environment. By comparing the
e ect prototypes of the predicted classes with its desired e ect determined by its current goal, the
robot can select the behavior that will produce the most useful e ect in achieving its gal. The
control ow in the execution phase is shown in Fig. 7.

Specifying the current desired goal and sorting the e ect prototypes according to this deised
goal is what results in di erent behaviors. This goal speci cation and assigiing priorities to the
possible e ects can be done in di erent ways. The di erence between the current situatimm and
the desired goal gives us a description of thelesired e ect. We can then sort the e ect prototypes
according to their similarity to this desired e ect. Another possibility is to assign priorities to
certain e ect prototypes directly, by using a global evaluation criteria. The behaviors that will be
demonstrated in the next section use such a method. In the next section, we will presenthese
behaviors together with the criteria we used to evaluate the possible ects prototypes in achieving
these behaviors.
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(a) Traverse behavior (b) Avoid behavior

(c) Approach behavior

Figure 8: Three dierent behaviors achieved using the same lree primitive behaviors
and their learned a ordance relations. In (a), the robot wanders around perceiving the
traversability a ordance of the objects. When there is a sphere or a cylinder in a rollable
orientation on its way, the robot rolls it away and continues forward-motion. When there
is a box or a cylinder in non-rollable orientation on its way, the robot avoids it by turning
left or right. In (b), the robot displays a more typical obsta cle-avoidance behavior, where
it avoids all the objects, whether it is rollable or not. In (c), an example path where the
robot follows an object using its approach behavior is shown. The plus signs marks the
places that objects appear. The line shows the robot's path.
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7.2 Goal-directed Behaviors

7.2.1 Traverse

The traversability problem becomes a very interesting case for studying a ordancesvhen one does
not limit himself/herself with simple obstacle avoidance. The classic approak to traversability
treats all objects around as obstacles, where the robot tries to avoid makig any physical contact
with the environment, and only heading open-spaces to traverse. When such approaches aised,
the robot's response would be the same whether it encounters an unpenetrable wall @r balloon
that can be just pushed aside without any damage.

In our case, the environment is said to be traversable in a certain direction,fithe robot (moving
in that direction) is not enforced to stop as a result of contact with an obstacle. Thus, if the robot
can push an object (by rolling it away), that environment is said to be traversable even if the
object is on robot's path, and a collision occurs. This point of view is quit di erent from classical
object avoidance approaches where any collision with any object is avoided.

In our environment; rectangular boxes are non-traversable, spherical objects areraversable
since they could roll in all directions, cylindrical objects in upright position are non-traversable,
and cylindrical objects lying on the ground, may be traversable or non-traversal® depending on
their orientation relative to the robot.

If we want our robot to explore the environment using traversability, it s hould be able to drive
onto (by executing forward motion) traversable objects and open spaces but avdi(by turn-left or
turn-right ) non-traversable objects. This can be achieved by a speci ¢ ordering of the e ect clags.
In this case the most desired e ect is the forward displacement of the robot but without being
stopped by an object. This means that the highest priority should be given to the eect classes
whose prototypes have a forward-displacement value greater than a threshold. Then unst come
the e ect classes for the two turning motionsturn-right and turn-left. Lastly, as the most undesired
cases, the e ect classes of the forward motion whose prototypes have a forwkdisplacement value
smaller than the threshold should come, since this small value is an indication fothe motion's
being stopped by an obstacle, thus a non-traversable case.

We have tested thetraverse behavior by placing the robot in an environment randomly lled
with multiple traversable and non-traversable objects. The robot successfullyexplored the envi-
ronment and also used the traversability a ordance of the objects by rolling avay the traversable
objects on its way, and avoiding the non-traversable ones. One example path of theobot can be
seen in Fig. 8.

7.2.2 Approach

Approaching an object means going forward if the object is ahead, turning right ifthe object is
on the right, and turning left if the object is on the left. In this view, the most desired e ect
would be to see an appearance, or approach, of objects in the middle portion ohé 3D-scanning
eld. Remember that the 3D scan eld is a 30 30 grid in our representation of the e ect. We
selected the horizontally middle portion of this grid. For every e ect class, thes grids holds the
information about the change in the values of the features in the frontal regbn of the robot, when
the corresponding behavior is executed. The priority of an e ect class is assigned baseth the
sum of the change in the mean-distance features in these grids. Since the distance valuesinaller
when an object is close, the higher priorities are given given to those classestlvthe most negative
value of this sum. This way the e ect classes, which correspond to approaching orurning to an
object so that it is ahead, becomes higher in the sorted e ect list.

We have tried this approach behavior rst by placing objects to random places in front of the
robot. It was observed that the robot was able to make the correct decision ofoing ahead if the
object is in the front, turning right if the object is on the right, and turning left if the object is
on the left. Next we have simulated a slowly moving object in front of the robot, by placing the
object on random positions in front of the robot as the robot made its maes. An example path
of the object and the robot can be seen in Fig. 8.
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Figure 9: Three cases in which di erent goal-directed behavirs (traverse, avoid, approach)
make use of di erent primitive behaviors (move-forward, turn-right, turn-left) in the same
setting of the environment.

7.2.3 Avoid

As a third behavior a more traditional approach to the traversability pro blem was employed. The
rollability of certain objects was not taken into consideration and the robot tried to avoid contact
with any object in the environment. To achieve this behavior the priority of an e ect was assigned
in exactly the opposite way as it was in theapproach behavior. So the sorting of the e ect classes
was based on the sum of the change in the mean-distance features in the frontal regiof the
robot, which is the horizontally middle portion of the 30 30 grid in our representation of the
e ect. This way, the e ect classes which correspond to turning away from an object hat is ahead
becomes higher in the sorted list of e ects; and the e ect classes, which correspond tapproaching
or turning to an object so that it is ahead, becomes lowest in the sorted list of eects. But this
criteria was not enough to make the robot wander around, since it always tried toturn away from
objects (by executingturn-left or turn-right) even if they were very far away, and never executed
move-forward. So we disabled this sorting when there were no objects close in frbaf the robot,
and made the robot execute themove-forward behavior in these cases. The path of the robot with
this behavior is given in Fig. 8.

The three goal-directed behaviors were also realized on a real robot. The trainedontrollers
were transferred to a real KURT3D robot, and everyday objects like balls, tash bins, etc. were
placed in front of the robot to test the behaviors. The robot was able to peceive the traversability
of objects, so it rolled away the balls on its way, and avoided non-travershle objects like trash-bins.
The robot was also able to display theapproach and avoid behaviors as described in the previous
sections. Fig. 9 shows how the three goal-directed behaviors react in di erent envénments.

8 CONCLUSIONS AND FUTURE WORKS

The concept of a ordances can be utilized in creating robots that learn and develop through
interaction with the environment. In this paper, we presented a formalization of the concept to be
used in robot control and learning. We laid out the implications of this formalization, both for the
psychological/philosophical discussions around the concept, and for its roboticaniplementations.
We proposed that there are three perspectives to view a ordances, and much of the comfion
around the concept rises from the interchanging use of these. Building on and extending the
previous formalizations of the concept, we proposed that a ordances can be representeas a
relation between, e ect, entity, and behavior equivalence classesFormalizing a ordances not as
speci c relation instances, but as generic relations between equivalence classes givéem their
real power of generalizing to novel situations.

We pointed out that this formalization of a ordances has important impli cations for several
problems in robotics, including learning, development, symbol-grounding, and planning.We pre-
sented a study where a ordance relations, as in the formalization, are learnedrad used to achieve
purposeful behaviors.
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The presented study includes the implementation of a development scheme for an autonomous
robot, based on our formalization of the a ordance concept. In this scheme, the robot interacts
with its environment executing its primitive behaviors and collecting interaction samples. Based
on these experiences, the robot discovers the di ereng ects it can create in the environment, and
associates thesee ects with the primitive behaviorsand environmental situations (entities) that
resulted in the e ect. The robot then uses the learned relations to achieve more complekehaviors.
In our study, we used three primitive behaviors {urn-left, turn-right, and move-forward) and the
learned a ordance relations of these behaviors, to achieve three di erent goal-directed behaviors
(traverse, approach and avoid).

Since the robot learns thea ordance relations through its own experiences, specifying a goal
to the robot as a human outsider is not trivial. In this study we supplied an evauation criteria
according to which the robot assigned priorities to the learnede ect prototypes. Then the robot
executed the primitive behavior which would result in an e ect similar to the e ect prototype having
a higher priority. Di erent approaches to the goal-speci cation issue and emergence bdi erent
behaviors as a result of these, are considered for future work.

Learned a ordance relations of the form (< e ect>; < ( entity, behavior)>) provide a frame-
work for planning as well. Classical planning systems work with operatorswvhich consist of three
main components: pre-condition, action, and e ect. We argue that the proposed formalism creates
relations that can also be used as operators for planning. For instance, the entity> and < behav-
ior> components in the proposed formalism, can be considered to correspond to the preraition
and action components in classical planning systems. As future work, we planctuse the learned
a ordance relations to solve a planning problem.
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