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ABSTRACT

FORMATION OF ADJECTIVE, NOUN AND VERB CONCEPTS THROUGH
AFFORDANCES

Yuruten, Onur
M.S., Department of Computer Engineering

Supervisor . Asst. Prof. Dr. Sinan Kalkan

Co-Supervisor : Assoc. Prof. Dr. Erol Sahin

June 2012, 75 pages

In this thesis, we study the development of linguistic cgisdcorresponding to a subset of
nouns, verbs and adjectives) on a humanoid robot. To acesimiblis goal, we use ar-
dances, a notion rst proposed by J.J. Gibson to describedtktien possibilities oered to
an agent by the environment. Using theoaedances formalization framework of Sahin et al.,
we have implemented a learning system on a humanoid robablaathed the required data
from the sensorimotor experiences of the robot. The systerdeveloped (1) can learn verb,
adjective and noun concepts, (2) represent them in ternisings of prototypes and depen-
dencies based on ardances, (3) can accurately recognize the concept of rdjetts and

events, and (4) can be used for tasks such as goal emulatiom@lti step planning.
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SIFAT, NESNE VE FIL KAVRAMLARININ SA GLARLIK YOLUYLA OLUSUMU

Yuruten, Onur
Yiksek Lisans, Bilgisayar Muhendisligi Bolumu
Tez YoOneticisi 2 Yrd. Dog. Dr. Sinan Kalkan
Ortak Tez Yoneticisi : Dog. Dr. Erol Sahin

Haziran 2012, 75 sayfa

Bu tezde insans bir robot izerinde dil kavramlar (nesiteje s fat) gelistirme problemi
uzerinde cal s Im str. Bu amaca ulasmak icin J.tlbsGn taraf ndan ortam n ajana sundugu
hareket olas | klar n tan mlamak i¢in ortaya at lagsal k kri iizerinden hareket edilmistir.
Sahin et.al.' n saglarl k icin ortaya koydugu formadizyon cercevesinde, bir insans robot
tizerinde bir dgrenme sistemi gelistiriimis ve geialdriler bu robotun duyu-motor deneyim-

leri Uizerinden toplanm st r. Gelistirilen sistem (4l Fs fat ve nesne kavramlar n dgrenebilmekte,
(2) Bu kavramlar, saglarl klara dayal prototip ve bag dizilimleri seklinde ifade ede-
bilmekte, (3) gorilmemis veriler sunuldugunda dilgk isabetli, ve (4) hedef dykiinme gibi

uygulamalarda kullan labilmektedir.

Anahtar Kelimeler: Kavran@grenme, Genelleménsans Robot, Hedef Emulasyonu
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CHAPTER 1

INTRODUCTION

In this section, we describe the problem of interest, angk g¢tee contributions provided in

this thesis.

1.1 Problem De nition

In near future, robots are expected to be part of our daiy léquiring seamless communica-
tion with humans using natural language. This requires abetrto comprehend and utilize
language structures such as nouns, verbs, adjectivestbadwatc. In order to tackle this
ambitious challenge, robots should have the capabilityetagive its environment, to gener-
alize from their sensorimotor interaction and also to comitate about what they perceive
and cognize. To have human-like perceptual and cognitiiéies a robot should be able
(i) to relate its symbols or symbolic representations tontsrnal and external sensorimotor
datdexperiences, i.e., it should be able to addtesssymbol grounding problefb], and (ii)

to conceptualize over raw sensorimotor experiences t@valdtract, compact and general

representations. In this thesis, we address these twasissue

The current study was carried out within the ROSSI projektd6e objective of which is the
development of concepts mediated by verbs and nouns in & t@lemable simple forms of
communication with humans. For example, in order to cartyaosimple command such as
“push the cup”, the robot needs to understand what it meaf@ugh” an object, as well as
what a “cup” is. As shown in Figure 1.1(a), there are sevemisybehaviors) for pushing a
cup, for which reason it is not suitable to link a verb with aghe behavior. Furthermore, as

exempli ed in Figure 1.1(b), one can name many objects ap™,cwhereas it is di cult to



nd out a common pattern solely from their appearances. @notiher hand, cups do share
some common properties; for instance, all cups can be ll@gd some liquid. This suggests
that we, as humans, conceptualize the world around us hzindjlthe functional information

we infer from our experiences in addition to appearancess;Té robot should be able to tap

such critical information from its environment in order twgaire an understanding of natural

language used by humans.

(b)

Figure 1.1:(a) Di erent behaviors through which one can push an obj@jtCups with a
high variance of perceptual features.

1.2 Proposed Approach

We use iCub, a child-like humanoid platform for demonstigithe emergence of some noun,
adjective and verb concepts. Towards this end, iCub intenaith di erent objects in its
environment with a xed set of behaviors. From these inttoas, it forms categoriésover
the behaviors (corresponding to verb concepts) and overttjeets (based on what theyard
and how they look, corresponding to noun and adjective quereWith a prototype-based
representation proposed by Atil et al. [7] and Dag et al. {8, construct representations
for these categories over behaviors and objects, whicleddfscorrespond to verb, noun and

adjective concepts.

1 We de ne conceptas the representation that describes a category



Our approach towards verbs is to link a verb with aref rather than a single behavior (as
shown in Figure 1.1(a)). For this reason, we generalize bgbeaviors based on their ects
and call these generalizations “verb concepts”. For exampé propose that the robot can
represent the verb “to push” by a string like (in a simpli eetting where the perceptual state
of the environment is represented by the 3D positiyg(and the orientation { of the object

asxyz):

00+0, which means an increase) (in the z-coordinate of the object's position and no change
(O) in other feature elements, which represent the other ptiepeof the object. There may
be several behaviors for the robot for achieving thea00+00000and we suggest that all

of them can correspond to the verb “to push”.

As for adjectives and nouns, in this thesis, we address omislybaet of them. The subset
of adjectives that we address in this thesis is based on wWijatts a ord. For example, a
ball a ords rolling whereas a box does notaad it, and with the set of aordances an object
a ords and does not ard, we form categories over objects and construct reptaisens
from these categories to form adjective concepts. On therdtand, the subset of nouns
that we address in this thesis is based on the appearance objécts: by directly taking
the perceptual features from the object, we form categaies the objects and construct

representations from these categories to form noun coscept

Based on the views of J. J. Gibson (who see perception as ticegs of discovering what
the environment aords [9]) and E. J. Gibson (who seeadances as an important tool in
nding out the invariance and invariant representationsha environment [10]), we base
our approach on ardances and for this end, we make use of therdance formalization
framework of Sahin et al. [11], which was also employed inwweks of Atil et al.[7] and

Dag et al.[8].

1.3 Contributions

Corresponding to the issues mentioned in Section 1.1,lk&g presents the following con-

tributions:

2 We de nee ectof a behavior as what the behavior changes in the environment



The works of Dag [8] and At | [7] had shown thaerb concepts andbjectcategories
can be derived by utilizing aordances in dierent computational models. Extending
these, we present a system that not only can leatmandadjectivecategories, which
correspond to the object categories of Dag [8] and At | [k, &an also conceptualize

them over prototypical representations (just like verbs).

In forming object categories, Dag and At | used a vectordach object that included
the enumerations of ects obtained by applying each behavior to the object. We in-
stead provide a probability estimate for each possiblecefor each applied behav-
ior. With these estimates, we are able to access the exipéibiavior information and
enhance the representation power ocbalances. Our observations show that this ap-
proach allows an ecient way to capture many-to-one and one-to-many mappifgs o
entity-behavior-eect relations. With this, accurate representations ofctislgs and

nouns can be obtained.

We claim that some adjectives include functional informatabout the entities in the
environment. We verify our claim by showing that@dance-based adjective learn-
ing outperforms simple appearance-based adjective feainiterms of both average

prediction and novel adjective predictions.

We show that verb concepts can beagently utilized in multi-step planning. Specif-
ically, by obtaining the string representations that dbscthe changes induced by
behaviors in the perceptual vectors describing the enwiemi, we can discard the
inconsistent features in distance calculations for mou@te and computationally
cheaper planning. We demonstrate the superiority of ourcggh by comparing it

with non-prototype representations. Our ndings functemevidences for the advan-
tage of Prototype-Based view of concepts over Exemplae@agew of concepts (See

Section 2.2.1).

The work presented in this thesis has appeared in the falppublications:

Onur Yuraten, Kadir F. Uyan k, Yigit Cal skan, Asil Ken Bozcuoglu, Erol Sahin and
Sinan Kalkan, Learning Adjectives and Nouns fromakdances on the iCub Humanoid

Robot. 12th International Conference on Adaptive Behav{g012).
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Sinan Kalkan, Nilgiin Dag, Onur Yuriten, Anna M. Borghddgrol Sahin, Verb Con-

cepts from A ordances. Journal of Interaction Studies, Under Revision.

Kadir F. Uyan k, Yigit Cal skan, Asil Kaan Bozcuoglu, riir Yuruten, Sinan Kalkan
and Erol Sahin. Learning Social Ardances and Using Them for Planning. IERBJ
International Conference on Intelligent Robots and Systédetober 7-12, 2012, Sub-

mitted.

Kadir F. Uyan k, Onur Yuriten, Sinan Kalkan ad Erol Sahliowards Context-aware
Adjective Learning. ICRA 2012 Workshop: The Future of HRlavihg the way to

next generation of HRI.

1.4 Outline of the Thesis

In Chapter 2 (Background and Literature Survey), we pretbenliterature that surrounds our
work of interest. We rstly mention literature that coveniguage concepts and sensorimotor
experiences in elds of philosophy, neuroscience, and ldgveental robotics. Then, we shift
towards more specialized literature based oordances. Speci cally, we focus on the notion
of a ordances, its dierent versions of formalization and applications. We stitbe works
that link a ordances with concepts. We nally investigate on the leagrtechniques that are

relevant to our approach.

In Chapter 3 (Methods), we describe the software (netwaticiire, software architecture,
feature extraction methods) and hardware (the iCub hurdapiatform, VisualEyez VZ4000
and Kinect) used in our setup. Then, we lay out our stratedgriming noun, adjective and

verb concepts and explain the rationale in linking them \&itbrdances.

In chapter 4 (Experiments and Results), we show the learmeckpts. We rigorously analyze
our strategy with general performance éiences against basic learning schemes, testing how
robust the system reacts to novel data, and measuring poedaccuracies varying number of
features. As a nal remark, we show that the composition ¢ibas through learned concepts

yield a useful planning scheme in goal emulation.

Finally, in chapter 5 (Discussions and Conclusions), weldis on the outcomes of our ex-

periments for an overall evaluation of our work and pointtbiet possible directions in which

5



this thesis can be improved.



CHAPTER 2

BACKGROUND AND LITERATURE SURVEY

In this chapter, we present the relevant literature.

2.1 Developmental and Cognitive Robotics

Developmental robotics is a new branch in robotics thatiredpom the developmental psy-
chology. The eld assumes that the cognitive structuresrgma the wake of physical and
social interactions [12]. There are some standard priesiphd methodologies being estab-
lished. For example, Stoytchev mentions ve principlesnedy, veri cation, embodiment,
subjectivity, grounding andincremental development[13]. These principles can be sum-

marized as follows:

Veri cation: This principle lies at the heart of developmental robotiiading all other
principles. It states that an Arti cial Intelligence (Alystem must only work on propo-

sitions and knowledge that it can itself produce and verify.

EmbodimentThis principle simply states that to be able to verify anyamied knowl-
edge, a cognitive agent must be able to do physical actiomcéjeghe agent must be
embodied. As such, the robots obviously are good candidatbe cognitive agents.
This principle originates from the ideas that reject thaditag of Good-Old fashioned
Al, where the systems would be disembodied and existed asqmaies.

Grounding This principle states that there must exist some axionraies for the
veri cation procedure. Thus, with grounding, what congt#s a successful veri cation

can be determined. As discussed in Section 2.2.2, many #ggmée¢he grounding is

7



achieved with sensorimotor experiences.

Subjectivity With close connections to sensorimotor experiences, fiineiple of sub-
jectivity states that the understanding and representatidhe world is subject to the
cognitive agent's history of experience. Since, along vgitime external events, the
experiences are governed and limited by the sensor and roapabilities, it is only

natural to see that this representation is unigue to theitbogagent.

Incremental DevelopmentThis principle states that the level of complexity for per-
ception, action and understanding can not emerge all at bateevelop step by step.
Stoytchev [13] exempli es this by remarking that one carnydehrn to walk after learn-

ing how to crawl, and learn to read after learning to recogymzlividual letters.

Some studies demonstrate these in some practical applisatiich as pressing the doorbells
[14] and odd-one-out game [15]. In the study of Sukhoy e{#d], a robot is programmed
with three di erent exploration strategies (random, stimulus-driveth @mcertainity driven)
to learn to press on buttons. The second and third stratayielsed incremental utilization
of previous experiences and, intriguingly, performed mbetter than random exploration.
In the study of Sinapov et al. [15], the objects are categdriwith respect to the responses
acquired by interacting a robot with them (the same one Widl)[ These two studies present
an important exempli cation of the importance in acquirifignctional properties through

sensorimotor experiences.

Apart from these examples, the last decade has seen mamaapps for cognitive and devel-
opmental learning architecture [1, 16], which deal withriéag high level abstractions. Some
of them even go further and demonstrate their study on wediain psychological phenom-
ena. For example, Haazebroek et al. [1] propose an arahigectlled HITEC that utilizes
the inferences from cognitive psychology to simulate tha@i E ect. This architecture is
composed of levels of Task, Feature and Sensory-Motor tioaide feedback to each other
(Figure 2.1). These levels are composed of codes that aignéesto provide feedback to ei-
ther excite or inhibit activities of interconnected leveldis architecture strongly resembles

to a neural network system. Incidentally, they also provtuizimplementation in terms of

1 The Simon Eect is a psychological phenomenon rst reported by Simon Afdf [17]. According to
their study, the location of the stimulus ects the reaction times. Although this location might belavant
in some tasks, this suggests that the neural architectureribrain links symbols (stimulus) with sensorimotor
experiences that produce responses



arti cial neural networks.
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Figure 2.1: The HITEC model. Figure taken from [1].

Some of these studies are closely related with our focussnhbsis, i.e., language grounding.
Glenberg and Gallese [2] propose a theory that emphasizdsiting goal-oriented actions
for language learning. In this theory, Glenberg and Galésmunt for language acquisition
(speci cally verbs and nouns), comprehension and produactiThey do so by describing a
modi ed version of HMOSAIC [18] called Action-based Langie (ABL), the hierarchical
version of a theory of motor control development (MOSAIC])1%o the extent of adding a
neural circuitry to process the speech within action ptediand controller modules (Figure
2.2). The feedback signals processed for these moduleghatsd be fed to those circuitries.
The theory implies that language function is obtained bylatipg the neural circuitry that
studies for goal-related action. They support this archite through some psychological
evidences for human brain. For example, according to tHeevations, the controller for
articulating a certain word overlaps with the controlleattgenerates the action related with
that word. The observations showed that human infants lésrwords easier when they
are shown some action primitives that are related with thered words. As a conceptual
example, the authors provide a simple interaction schenmezendnfather asks his infant child

to give a cup. Not having already grounded the word “give& ¢hild would only start to
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understand his father's request when he observes that the: \give” is associated with a
series of arm motions and grasp and release sequences. Uittesr fargue and cite that
speech controllers are used to prime and activate the ajgtejpction controllers for action
generation. All of these ndings suggest that language khbe grounded within actions.

This theory can be implemented as an architecture for legrfair robots.

Basic motor repertoire in motor cortex
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Predictors Predictors Predictors Predictors

Y
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X N
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Action
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Speech :._. adeccaaa Gain Environment
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Copy |

1

Drink/“Drink’ s I

Controllers
Bodily Actions | /

& Perceptions

Action

Physical
Environment

Figure 2.2: The ABL model of [2], exemplifying how a verbBrink in this context) can be
understood.

2.2 Concepts

In this section, we summarize the studies and the approaelaed to concepts.

2.2.1 Theories of Concept

There are three main views on how concepts can be learnegreisented [20, 21, 22, 23]:

The Classical, or Rule-based, View

In this view (see, e.g., [24]), categories are exact witlstdhoundaries; i.e., an examplar

is a member of a category or not a member of a category; theoaviagueness involved.
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The members of the category share common properties (likeLORV as colour and
LONG as appearance) and the membership for the categorgésl lwm satisfying the
common properties of the category, established as rules ¢blour of examplar=

YELLOW " appearance of examplar LONG).

The Prototype-based View

In this view, the membership for the categories is con dehased (e.g., [22]) and the
boundaries are not tight. Categories are represented byotgpe” stimuli (the stimuli
best representing the category), which are used for judgfiagnembership of other
items. The representation of the prototype is mostly basedtatistical regularities
(i.e., the frequency distribution of the features) [25]r Erample, the APPLE concept

can be represented by:

8
g colour RED, YELLOW or GREEN respectively

50%, 25% and 25% of the cases

APPLE=
§ shape 6

The Exemplar-based View

In this view, concepts are represented by the exemplarseafdtegory stored in mem-
ory (e.g., [26]). An item is classi ed as a member of a catggbit is similar to one

of the stored exemplars of the category. For example, theL&ER®ncept can be rep-

8 9
APPLE= gé ..c \)::é

Although the exemplar-based view is in accordance with sexperimental results, it

resented by:

falls short in explaining several ndings (see [20] for aiew and discussion).

Although it is widely believed that the classical view is adibpted by human cognition, there
are contradicting evidences about whether humans usetype) exemplars or rules for
representing concepts [27, 28, 29]. It might be even thadlifoerent tasks (e.g., inferencing
or classi cation), we might be using derent types of representations [30], making a hybrid
representation appealing [31]. Overall, how we representepts is still an open issue [32,
33].
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2.2.2 Symbol Grounding, Concepts and Language

Perhaps one of the biggest challenge in arti cial inteltige is the symbol grounding problem
[5]. Harnad [34] argued that the gap between the symbols @erds) and their meanings
cannot be closed by an external programmer and that the $yrsibould be grounded in the
sensory projection®f the objects and the events in the environment. Othenitiseould
be like, as he puts it, learning Chinese from the Chineseod@ty. These observations are
critical in the sense that there are uncountable numberpdicagions that robots are expected
to undertake, each of which would require an authentic wtdieding and formulation of the
environment. Addressing the establishment of requiredosjizations by external means is
hence not only intractable, but also meaningless. Althddgimad's approach to intelligence
as asymbol grounding probleras initiated a great deal of debate, it received a lot of gupp
from the community [35, 36, 37, 38]. Now, it is widely acceptbat language, for example,
should be grounded in the sensorimotor experiences of gen@m [39, 40, 41, 42] (see
[43] for a review), and that processing of a word triggerseamuires the neural circuitry in
the brain corresponding to its sensorimotor experiencenmg or simulation [44, 45] (see
[37] for a review); in other words, comprehension of wordbkisly to involve or require the

simulation of the meaning represented by the correspormingept.

Regarding this problem, there are further clues discovirdélde eld of neuroscience. Riz-
zolatti et al.'s discovery of mirron neuron system is suchegample [46]. Located on the
F5 area of the monkey brain, this group of neurons act botmwalimeaction is generated and
observed. Like with the Action-Based Language architec{@t discussed in Section 2.1,
this nding of mirror neuron is extensively studied and iziild. Some go further to argue that
this is an evidence for the “collective consciousness” [4Xit there is at least a consensus
that mirror neurons serve to construct a shared groundingesorimotor representations
[48, 49]. Still, the way our own brains resolve the symbolugrding problem remains as a

mystery to be resolved.

The symbol grounding problem in the scope of noun learnirggldegen studied by many. For
example, Yu and Ballard [50] proposed a system that colemgsiences of images alongside
speech. After speech processing and object detection¢cteby@d nouns inside the given
speech are related using a generative correspondence.ru@abbnetto et al. [51] presented

a system that splits a given image into regions and nds agropapping between regions
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and nouns inside the given dictionary using a probabiliséoslation mode similar to a ma-
chine translation problem. On another side, Saunders €f5al. suggested an interactive
approach to learn lexical semantics by demonstrating homgant can use heuristics to learn
simple shapes which are presented by a tutor with unresdrggpeech. Their method matches
perceptual changes in robot's sensors with the spoken wandgrains k-nearest neighbor
algorithm in order to learn the names of shapes. In similadies, Cangelosi et al. [43, 53]
use neural networks to link words with behaviours of roboid #he extracted visual features.
Nol [54] used the tactile information retrieved from toudensors for categorizing objects.
Similarly, Sinapov [55] categorized objects using propeigtive as well as auditory signals
that the robot experiences while interacting with the disjetn a prior study in KOVAN re-
search laboratory [56], which we extend in this thesis, atgiCub) explored the aordances
of the objects with a xed repertoire of behaviors and thejeots were grouped based on

what they aorded.

As for the “verb concepts', the literature has attributerbseo individual behaviors [57, 58,
59] without generalization considerations. Similar to Rsdolph et al. [60] proposed relat-
ing behaviors to their eects although for a dierent purpose. They suggested that behaviors
be represented in terms of theirects, i.e., changes in features extracted from the environ-
ment prior to and after behavior execution. They used theipgsal for learning a complex
mapping between the hit point and the target point of a thrbalh and they did not pur-
sue generalization over behaviors oreets nor did they relate their representations to “verb
concepts'. [61] have also studied generalization over WWers based on their eects in the
context of imitation; in their conceptual proposal, thegicled that a robot should use the
equivalance of the eacts of behaviors for imitating a human performing an bedrarather

than performing geometrical transformations between therént embodiments.

Since concepts and language are tightly linked, we also iorestudies directly relating
words (i.e., symbols) to the sensorimotor data and refeRialB, 62, 63, 64] for reviews
on other computational erts as well as the importance of action and perception idével-

opment of language, and how and why language should be gedundction and perception.

Cangelosi et al. [43] presents a review of their earliergiiad using multi-layer neural net-
works) on (i) the multi-agent modeling of grounding and laage development, using simu-

lated agents that discover labels, or words, for edible amdadible food while navigating in
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a limited environment [53], (ii) the transfer of symbol graling, using one simulated teacher
(agent) and one simulated learner (agent) that learn neavimk based on the symbolic rep-
resentations of the previously learned behaviors [65] @édgnguage comprehension in a
humanoid robot, where the robot learns to associate wortisitsibehaviors and the objects
in the environment. Similarly, in an earlier study, Cangeknd Parisi [66] use a neural net-
work for linking nouns to two dierent objects (a vertical bar and a horizontal bar) and verbs

to two di erent behaviors (pushing and pulling).

Another study on linking language with sensorimotor daff] fiemonstrates emergence of
symbols (to be linked with language) by interpreting theaators of a dynamical system
(namely, a chaotic neural network) to @rent symbols and the transitions between the at-
tractors to symbolic manipulation. For a similar goal, &e¢t al. [68] demonstrates (using a
robot and software simulation) the Recruitment Theory afdusage, which claims that organ-
isms try di erent cognitive or motor abilities for communication rstéadapt and develop

those that lead to successful communication.

As mentioned by Nehaniv et al. [62], although there exist pomtional modeling eorts for
the emergence of symbols or words for nouns, the emergeribe sfymbolic representations
for verbs is still mostly untouched (except for a study of @elnsi [43]). Moreover, although
highly promising, the eorts for grounding nouns and verbs mostly do not tackle theeis
of generalization over entities or behaviors for reprdaasgrthe concepts or the symbols (e.g.,
[39, 53, 66]), which is, in fact, the most essential reasarhving concepts in a cognitive

system.

2.3 A ordances

A ordances, a concept introduced by J. J. Gibson [9¢r® a promising solution towards
symbol grounding since it ties perception, action and laggunaturally. J. J. Gibson de ned

a ordances as the action possibilitiesened by objects to an agent: Firstly, he argued that
organisms infer possible actions that can be applied ontaigesbject directly and without
any mental calculation. In addition, he stated that, whilganisms process such possible
actions, they only take into account relevant perceptutd,dahich is called as perceptual

economy. Finally, Gibson indicated that@dances are relative, and it is neither de ned by
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the habitat nor by the organism alone but through their auisons with the habitat.

Based on Gibson's ideas and observations, Sahin et alfqirhplized a ordances as a triplet

(see, e.g., [69, 70, 71] for similar formalizations):

(0; b; f); (2.1)

behavior

nti ly

(a) A one-to-one mapping over entity, behav{b) Generalization of relations over ects  (c) Generalization of relation over entities
ior and e ect spaces

Figure 2.3: The depiction of the ardance formalization framework. The verb concepts can
be obtained via generalizations of@dance relations over the ects (as in Figure 2.3(b)
and the noun and adjectives concepts can be obtained viaagjeatons over entities (as in
Figure 2.3(c))..

For example, a behaviolwjs; that produces an ect fjisieq ON an object, forms an aor-
dance relation&yp; biift; fiittea). Throughout this thesis, we use the words object and entity
interchangably. Note that an agent would require more dh sakations on dierent objects

and behaviours to learn more generabedance relations.

During the last decade, this and similar formalization apph of a ordances proved to be
very practical with successful applications to domainshsas navigation [72, 73], manip-
ulation [3, 74, 75, 76, 77], conceptualization and langug@e 79], planning [3], imitation
and emulation [3, 69, 79], tool use [70, 80, 81] and vision][Anotable one with a notion
of a ordances similar to ours is presented by Montesano et a).8[82 Using the data ob-
tained from the interactions with the environment, theystarct a Bayesian network where
the correlations between actions, entities andats are probabilistically mapped. Such an

architecture allows action, entity and ect information to be separately queried (given the
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other two information) and used in various tasks, such akegoalation.

The usage of aordances are reported to be extensible towards taking at@dthuman-
robot interactions. In some related studiesp@ances (called “interpersonal @dances”)
that emerge from coordinated joint actions of two robotsiavestigated [84, 85]; e.g., two
robots learning the interpersonal@dance of lifting a Table which, otherwise, is not liftable
by either of them. This study signi cant in the sense thatitbman is seen as part of the envi-
ronment (with no special status) and uses the very samevvarkeo learn social aordances

as the physical eordances of objects.

2.4 Curse of Dimensionality and Feature Selection

One of the biggest challenges in analyzing data in machiaxileg, data mining etc. is the
curse of dimensionality, rst pointed out by Richard Bellmin his book ‘Adaptive control
processes: A guided touf86]. In short, it is the problem that arise when the numbgr o
feature dimensions increase and cause the data pointsambesparse. As such, the compar-
ison and clustering of data will yield undesired similasti To be able to produce meaningful

groupings of data, a good design approach must handle taisoptmenon.

Many attempted to solve this problem e.g. by exploring omovar exploitations the density
information [87], applying signal processing techniquike Wwavelet transform [88], and so
forth. Steinbach et al. [89] thoroughly review the curse iofiehsionality and the attempt to
overcome this problem in the domain of document classiarai Incidentally, they mention
aboutconcept based clustering his study on document classi cations, where the feature
vectors are only used to form some high-level conceptualrinétion and the clustering is
performed on the so-called concept space. In contrast teiewr their notion ofconceptds
dominated with rather non-linguistic, domain related tagsh asArt or Finance and their
approach seems to be forming a higher level of feature v&ctor another study [16], a
version of Slow Feature Analysis (SFA) is used to detect ibaal features that slowly change
over time and through this process, some few abstract sgatiporal are obtained. The
methodology presented here is very practical for the ralayiplications where the robot's

environment is endowed with a continuous stream of its auisons with objects and people.
Dividing the feature set into logical subsets is anotheraggh to handle the curse of di-
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Visibility + Position+ Shape
features

el

Figure 2.4: The hierarchical clustering described by Udwal.e[3], which groups the infor-
mation derived from interacting with the environment inteeet categories. In this study, the
e ect categories that have small sizes are discarded autathati

mensionality. These subsets would be separately analymedustering and in most cases
play role in a stage of hierarchical clustering. For rol®tpplications, this logical sub-
sets might correspond to dérent sensor modalities. One good example is in presented by
Haazebroek et al. [1], where with the remark that primaténbpeocesses dierent features
across dierent cortical maps, derent perceptual modalities and evenetient dimensions

are clustered and represented inatient sensory maps. As another instance, [4] separates
the data into four subsets, and processed them accordisigiyae, color, spoken words, and
robot's posture (see Figure 2.6). In a similar manner, [J§laclustering on two subsets of
data, namely proprioceptive and auditory feedback. As g rdevant that adopts the same
computational framework of ardances as we do, [3] applies a hierarchical clustering al-
gorithm that rst clusters the data within three feature ruinels (visibility, distance, shape)
using X-means algorithm [90] and then takes the cartesiadyat of these clusters to obtain
all-channel clusters (see Figure 2.4). In most cases of mathodologies, one must also
de ne a measure to handle the fusion of these clusters afifeaubsets, and in some cases,

to discard the irrelevant cluster combinations.
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As an alternative approach, there are some discriminatieihoals to analyze and preprocess
the data into a better separable state, usually by weigltirgiminating features. Kira and
Rendell's relief [91] and its extension (reliefF) by Konaoke [92] are the two of the some
successful instances to accomplish this task, where tharésaare weighted according to
their discriminative power. These algorithms are usefsbah the sense that they can be
applied to cases where some features show dependency totbaghthus, allowing inclusion

of redundant features for enhance expressivity.

While some unsupervised feature weighting algorithms eaéable, literature instances sur-
veyed so far do not have a generic usage. The study of Friqali §03] concentrates on
such an unsupervised feature discrimination methods fag@database categorization with
dividing the set of features into logical subsets. The deign of such subsets are specic
to the image categorization domain and still involves sonugréct supervision. Zeng [94]
also proposes an unsupervised technique, formulatingstitare selection in clustering as an

optimization problem.

2.5 Support Vector Machine for Supervised Learning

In his book calledStatistical Learning Theor}@5], Vapnik introduced Support Vector Ma-
chines as methods for statistical classi cation and regiogsanalysis. While originally pro-
posed as a purely linear classi er, as depicted in FiguretBéalgorithm can also rst map
the data into a high-dimensional feature space where ineally separable, then nd the

hyperplanes that optimally separate data withedent labels.

Figure 2.5: Using kernel functions, the space can be tram&fd such that the mapped data
is linearly separable. Then, the optimally separating hylpaee can be calculated.
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As a powerful supervised learning technique, SVMs are ssfally applied studies related
with robotics [3, 7, 8, 56, 73, 79, 78]. In our work, we have & to use the SVM imple-
mentation of LIbSVM [96], an open source library that inasddi erent kernels and options

(n-fold cross validation, probability estimates) for Sagp/ector Machines.

2.6 Self Organizing Maps

A self organizing map (SOM) [97], or Kohonen Map, is an unsui@ed neural network
technique. It employs a competitive learning among nodassfttm a m-by-n grid topology.
For every version of self-organizing map, it is typical t@dethe input to the map, which
results in selection of the node with the closest weighterélvinner node) according to some
distance function (activation function) and modi catiohtbe weight of the said node and its
neighbors according to an update function. With this natilve self-organizing maps are the
examples for incremental learning. This simple procedsirepeated with the whole training
set for a predetermined number of epochs. Since the initddihts for the nodes are given
randomly, Self-Organizing Maps and all other variants &oelsastic processes. Therefore,

the algorithm may nd di erent clusters at each run, requiring

The map topology, activation function and update functioras vary by design choice. An
extension (Growing Self Organizing Map [98]) addressedatltwmatic determination of the
size of the map by tuning a parameter called spread factothé&ualgorithms inspired from

SOM include Neural Gas algorithms [99].

The variations of Self Organizing Maps are successfulliagpvithin robot learning archi-
tectures with a vast variety of features. For example, Clasget al. [4] proposes a model
with four interconnecting SOMs that deal with pattern redtign process in auditory, shape,
colour, and posture information (Figure 2.6). Sinapov atayt8hev [15] implement SOMs
for proprioceptive and auditory sensor feedback to assosi@nsory feedback with the ap-
plied behavior on various objects. Similarly, Natale et H00] utilizes Self-Organizing

Maps on tactile sensor information to capture the simiegibetween various objects.

When analyzing data with multiple number of classes, camveal supervised techniques
such as SVM may fail to yield accurate classi cations. To roeene this di cult issue,

inspiring from the studies in robotics [4, 15, 100], we haliesen to implement SOMs.
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Figure 2.6: The learning architecture proposed by Morsé. & The grids of grey balls
conceptually represent self-organizing maps and eachhbgiiéis a node (unit).
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CHAPTER 3

SETUP AND METHODS

In this chapter, we explain the methodological details ansystem and the underlying setup.

3.1 Setup

In this section, we describe the hardware and softwaregpiatf used in the thesis.

3.1.1 The iCub Humanoid Platform

iCub [101] is a fully open source humanoid robot designedctmnitive and developmental

robotics research (see Figure 3.1). It has the dimensioas3ds years of child, and has 53
degrees of freedom distributed on its legs, torso, and ()@t and hands. While there are
di erent versions of this platform, ours is endowed with foned tbrque sensors on its arms

and tactile sensors on its hands.

3.1.2 Behaviors

The robot's behaviour repertoi® contains six behaviorshq(;:::;bs - Eq. 2.1): top-grasp
side-grasp push-left push-right push-forward pull. These behaviors were implemented
using the inverse kinematics and action primitives litgsuiavailable within the iCub software
repository. In pushing behaviors, the hand of iCub that iset to the object is selected
and moved towards the object, and then 20 centimeters teviheddesired direction. In

grasping behaviors, iCub moves its hand towards the objadtiuhits the object (the hit is
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perceived according to the tactile and force feedback)) theses the hand. Note that, in a

fully developmental learning architecture, the behavipemameters are also learned.

The behaviors are designed and implemented in a simpligtiter for the sake of the scope
of this thesis. Note that our experiments only covesubsetof possible behaviors. The

implications of this choice is brie y discussed in Chapter 5

T csgaa

Figure 3.1: The iCub Humanoid platform with a Kinect sendmide.

3.1.3 Yet Another Robotic Platform (YARP), Robotic Operating System (ROS) and
iCub Software

We use YARP [102, 103] to set up and maintain a network betvtleerparts of iCub, i.e.
arms, legs, head, torso (See Appendix B.1 for a brief overaeYARP). We have used the
software provided by iCub community which utilizes thiswetk infrasturcture and contains

motion control modules for arm, gaze and grasp.

We use ROS [104] to implement a service-oriented systemtwhas nodes that manage
perception, interface with iCub motion control and expenitroutine (See Appendix B.2 for

a brief overview for ROS).
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3.1.4 Perception

For perceiving the environment and establishing cooritinatvith the motion control, we

make use of various hardware and software platforms, agsfied in the following sections.

3.1.4.1 Kinect

iCub perceives the environment with a Kinect sensor (Fig@r& and 3.2). Originally devel-
opped for a commercial video game console, it is now also lywidsed within the robotics
and computer vision research. It features a depth sensoa@rRIGB camera; both with
640x480 resolution and 30 Hertz frame rate. The depth sexmwists of an infrared laser
projector combined with a monochrome CMOS sensor. It is miskthat Kinect performs

best in capturing visual data within 1 to 4 meters.

Figure 3.2: The Kinect sensor.

3.1.4.2 VisualEyez VZ4000

VisualEyez VZ4000 (Figure 3.3) is a high performance ramkt3D motion capture system.
It uses tiny LEDs as markers, providing a very good approfonafor de ning points in
the 3D space with practically no partial occlusion. The dewan capture motion within a
volume of 190 m. While some of the works held in our lab employs this use casework
simply uses this hardware for calibrating the coordinatesanf Kinect and iCub. To do so,

we place three LEDs on the coordinate frame of iCub and egdbet calibration algorithm
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Figure 3.3: The VisualEyez VZ4000 tracking device.

provided within the proprietary software for VZ4000.

3.1.4.3 Features for Objects and Eects

In order to simplify perceptual processing, we assumedi@ub's interaction workspace is
dominated by an interaction table. In this thesis, we havpleyed curvature and normal
esimation methods provided by PCL, an open source libreddg][1The table is assumed to

be planar and is segmented out as background.

Perception process starts with segmenting tabletop-ofifso raw point cloud input (Figure
3.4(b)). The segments are t with (PCA based) oriented baumdboxes (Figure 3.4(c))
and identi ed (Figure 3.4(d)) so that the sensory informatabout objects can be separately
queried by other software modules (learning, visualizgtiplanning etc.). Bounding box
identi cation algorithm checks the volumetric intersectibetween two consecutive frames,
and checks the dimension-wise similarity between an utiiéenbox and the boxes from

previous frame or the boxes that have already been identirgd that particular frame.

Boxes are also ltered out if they are bigger than a certaneghold which might indicate
a case where a human or robot hand comes into the scene. Atdhareentity (object) is

represented by an oriented bounding box and a point-claiderthis box.
After these processes, the following features are extlacteepresent an objeot(Eq. 2.1):
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Perception

4 N (a) raw

(b) clustered

- -

Figure 3.4: Snapshots fromiz ROS visualization tool. The per-

ception system eciently detects and displays the objects on tH§ ©rented bounding boxed

table. iCub is represented by primitive shapes which beso
useful if the 3D points corresponding to the robot body is o
Itered out.

(d) identi ed

Surface features:surface normals (azimuth and zenith angles), principavatures
(min and max), and shape index. They are represented asia B&iogram in addition

to the minimum, maximum, mean, standard deviation and negignformation.

Spatial featuresbounding box pose (X, y, z, theta), bounding box dimensiang, ),

and object presence.

Object Presence:A binary feature for whether an object exists in the sceneis Th

information is especially useful when an object disappeéies an interaction.

Note that there are both high-level and low-level featunesur set.

For the e ect information, we take the derence between the feature vectors of an entity

before and after the behavior is applied.

Furthermore, we have added the language feature. This Eceeté feature that is the enu-

meration that ranges within the number of uniquely obseevegtt. See Section 3.4.1 for
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further explanation on the utilization of this feature.

Perception & Feature Extraction
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Figure 3.5: Overview of the system. iCub perceives the enwirent and learns the af-
fordances. From the ardances learned from the perceptual data, adjectivei elasare
learned.

3.2 Data Collection

The robot interacted with a set of 35 objects of variable skamd sizes, which are assigned

the nouns “cylinder”, “ball”, “cup”, “box” (Fig. 3.6).

(c) balls (d) cylinders

Figure 3.6: The objects in our dataset.

iCub applies each behavioby on each objeat; and observes an ect fgj = oi0 0;, where
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oiO is the set of features extracted from the object after belaw; is applied. After each
interaction epoch, we give an appropriateeet labelEx 2 E to the observed esct fgj,
whereE can take valueMoved Left, Moved Right, Moved Forward Pulled , Grasped,
Knocked Disappeared orNo changé. Thus, we have a collection &;; b, Efjg g including

an e ect IabeIEgij for the e ect of applying each behavioby to each object;.

3.3 A ordance Learning

Using the e ect labelskE 2 E, we train a Support Vector Machine (SVM) classi er for each
behaviorb; to learn a mappindl, : O ! E from the initial representation of the objects
(i.e., O) to the e ect labels E). The trained SVMs can be then used to predict thece
(label) Eglk of a behaviorb, on a novel object, using the trained mappinhl ,,.. Before
training SVMs, we use ReliefF feature selection algoritl®] [and only use the features with

important contribution (weigh# 0) to training.

3.4 Category Learning

In this section, we discuss inferring categories usingrdances.

3.4.1 Verb Learning Model

In this section, we explain how the self-organizing map athm is modi ed and utilized to
meet our needs on learning concepts. We present the grouthdfdr e ects as a separate
feature, namely, théanguage feature With this feature, our approach depicts a learning
model similar to those of Glenberg [2] and Cangelosi et al. @ince SOM algorithm is

a stochastic process, we run it with multiple trials on theeanput. Then, all trials are

compared with the ground truth. The best trial is passed tmetéurther steps.

To have a quick convergence, all units are initialized withréque value in the language

feature, which ranges within the labels given foreets (1 forno change 2 for moved left

! Theno-changdabel means that the applied behavior could not generat@ataple change on the object.
For example, iCub cannot properly grasp objects largeritisdrand, hence, thgraspbehaviour on large objects
do not generate any change.
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Figure 3.7: The mechanism for ardance learning. We collect instances otets and give
them e ect labels. These labels are in turn used to train SVMs, goatately, forming eect

clusters.
and so forth). Methodologies similar to this are sometimedsrred agpriming in related

literature [106, 107, 108].

Considering that dierent activation and update functions can yieldedent performances,

we have tested the following alternative function sets:

Type-I A straightforward approach would be with an initial actiea function as:

A= (v w); 3.1
i=1

whereA refers to the resulting activity of each node in the majs the input vector,
andw; is the weight vector of node The node with the smalleg; is considered to
be the winning node givem When the winner node is determined, the nal activation

function is used to determine a multiplier to be used in weigitate:

. = exp —p- ¢ 3.2
Yi pgp—n (3.2)
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wherey; is the nal activation ofi!" node in the map,; is the distance from nodeto

the winning unit, andh is the total number of nodes in the map.

Type-II: The second alternative uses the standard Euclidian distan the initial acti-

vation function: y
X
A= v w) (3.3)
i=1

The variables are as explained in Equation 3.1. The naklattn is also modi ed as

5!

yi = exm?i : (3.4)

wheres, is the neighbourhood size, and the other variables are the sdth Equation

3.2.

Type-lll: The last alternative employs Minkowski distance in catinlg the winner

node with the following equation:

==

X0
A= v owij' o (3.9)
i=1
wheref is the number of features in the feature vector. The nalatidbn is as in the

Equation 3.4

Using one of the nal activation equations (Equation 3.2 guBtion 3.4), we obtaiy; and

change the weight of each node with the following equation:

wij = (Vi Wij)yi; (3.6)
where is the learning rate, empirically set to 0.1, angl is the weight ofi" node for jt"

feature.

In computing the distance between language and objectrpredeatures, we apply the dis-

crete distance, i.e., for a given input vectaend the weight vectaw; of nodei,

1 Vianguage, Wianguage
guag guag , (37)

WK/ AXK/C0

d(Vianguage V\)ianguag€3 = i
- 0 otherwise
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wherev|anguageandV\)ia”g“ageare the language values. Furthermore, the winner updateds m
i ed accordingly. Each node in the SOM keeps record of nundfénstances for each of the
di erent language enumerations. When the ndaecomes a winner, the language value in

its weight vector is updated as follows:

\Nianguage: arg Imaxcoun(vlanguage =1): (3.8)

This approach might be criticized in the sense that:

The enumeration we used in our experiments for the langurdigemation do not depict

the similarity between eects.

The advent of neighbourhood of nodes can be discarded.

Rather than directly giving the labels, the language festaan be provided as outputs from
any given state-of-the-art speech processing systemss spi@iech processing extension is

speci cally excluded for the sake of preserving the focusoope.

As to demonstrate the usefulness of language feature inrigren ect clusters, we have also
run the SOM algorithm on the dataset without the languageifeaUsing all of the options
presented iMmype-|Type-Il and Type-lll SOM, we take the highest prediction rate obtained
without the language feature. We abbreviate this type of S8Wype-0SOM. The results

are brie y compared in Section 4.2.1.

3.4.2 Adjective Learning Model

We train SVMs for learning the adjectives of objects fromiittee ordances (see Fig. 3.5).
We have six adjectives, i.eA = f'edgy- round, “short-"tall', “thin'-"thick g for which
we require three SVMs (one for each pair). We have the foligwivo alternative adjective

learning models:

Adjective learning with explicit behavior informatioAfg-AL):
In the rst adjective learning model, for learning adjeetha 2 A, we use the trained

SVMs for a ordances (i.eM y, in Sect. 2.3) to acquire 48-dimensionalspaceV 1 =

30



(B2 o BD i D 1o E), where Eibj is the con dence of behavioub; producing
e ectE; on the objecb. We train an SVM for learning the mappindl : v ! A
(See Figure 3.8 for the detailed sketch of this model).

-
' Behavior b0 | | Affordance
SVM . Vector vO
—
- 7
—» >
Behavior bl | | Affordance| |
SVM . Vector v1
—»
p THIN-THICK
_ SVM
] |
n n
. " ] SHORT-TALL
= " " sum
] ]
[ | T

ReliefF

Behavior b5 |
SVM .

Affordance
Vector v5

Figure 3.8: The mechanism with explicit behavior informatfor adjective and noun learn-
ing. Each adjective and noun SVM classi er is fed with 48 divaienal a ordance vectors,
which is a concatenation of 8-dimensionaloadance estimate vectors obtained from each
behaviorwise SVM.

CYLINDER

Adjective learning without explicit behavior informati¢fg-AL):

In the second adjective learning model, for learning adjesta 2 A, we use the
trained SVMs for aordances to acquire aérdimensionala ordance vectory , =
(P(E1); ::5;p(Es)), where p(Ej) is the maximum SVM con dence of a behavioby
leading to the eectE; on objecto. FromV », we train an SVM for learning the mapping

M2:V,!A (See Figure 3.9 for the detailed sketch of this model).

For the sake of comprehending the dience between these two models, consider the follow-
ing example: Assume that the robot has only two behaviorsghatop-graspandside-grasp

(b1 andb, of our behavior repertoire). Consider a set of objects tbatains instances that
(a) can not be grasped by either behavior, (b) can be graspagddbying eithetb; or by, (c)

can only be grasped by applyifig and (d) can only be grasped by applyibg(the dataset
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used in our experiments contains such instances).ALgAL model, being a more discrim-
inative approach, can capture suchealiences. Hence, theoretically speaking, the rst model

provides a more specialized classi cation of objects.

After learning, iCub can predict the noun and adjective I a novel object (Fig. 4.2).

) =
Behavior b, | © |Affordance
SVM . | Vectory,
—
S
Behavior b, | © |Affordance
SVM . | Vector v, "
— =8
) =a
g5
] ] 2u
n u 8%
. u 25
- - <I
] u
] |
Behavior by Affordance
SVM Vector vg

CYLINDER

Figure 3.9: The mechanism with no explicit behavior infotioma for adjective and noun
learning. Each adjective and noun SVM classi er is fed withighensional aordance vec-
tors, where each dimension corresponds to the highestastiabtainable from the given
behaviorwise SVM. For example, If the highest estimate fgiven object from Push-left
SVM is 0.95 (ofmoved lefe ect), then the corresponding dimension in therance vector
would be set to 0.95.

3.4.3 Noun Learning Model

We trainone SVM for nounsN = f'ball', “cylinder’, "box’, "cup'g for which we have 413

instances. Similar to adjectives, we have two models:

Noun learning with explicit behavior informatiodfg-NL):
Similar to Ag-AL, we train an SVM for learning the mapping t : V; ! N (See
Figure 3.8 for a sketch of this model).

Noun learning without explicit behavior informatioAd-NL):

Similar to Ag-AL, we train an SVM for learning the mapping 2 : Vo ! N (See
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Figure 3.9 for a sketch of this model).

3.4.4 Conceptualization

In this section, we discuss obtaining string represematimf noun, adjective and verb con-
cepts. These string representation®ioa way to distinguish dierent nouns, adjectives and
verbs. See Algorithm 1 for a brief explanation of the procedapplied to obtain string rep-
resentations for verb concepts. Similar procedure is egpbr extracting adjective and noun
strings with small modi cations: For adjectives, the meartance space of ardance con-
dence values is fed into the algorithm. For noun string®, émtity (object) features are used

for the same means.

Algorithm 1 Derivation of String Representations
Require: The labels have been given forects.

for all E in the set of eect cluster€ do
- Compute the mean g of the change in each feature element
1 X

N if; (3.9)
f

2E

i E=

whereN is the cardinality of the sdif 2 Eg
- Compute the variange g of the change in each feature element
1 X

N, (& (3.10)

E

i E~

end for
- Apply Robust Neural Growing Gas (RGNG) algorithm [109] e tspace of
if Extracting e ect prototypeshen
- Manually assign the labels-", -, "0" and **' to the four clusters that emerge in the preus step.
else
- Manually assign the labels-", "0', and "*' to the three clusters that emerge in the prexdstep.

end if

3.4.4.1 E ect Prototype Extraction

In previous studies of KOVAN laboratory [7, 8], a process \@pplied to obtaire ect proto-
types which are essentially the condensed representatiomsrbfconceptsAfter obtaining
e ect clusters, we compute the mean and variance of eachdéateach eect cluster. Then,

we apply an unsupervised algorithm called Robust Growingrélesas [109] (see Appendix
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A) on the 2 space to nd out the distribution of these feature changes dbserve
that these values are naturally clustered into four categiowhich we inspect and comment
that they are eitheunchangedmean close to zero, small variancejnsistently increased
(positive mean, small variancejpnsistently decreasgaegative mean, small variance); and
inconsistently change(iarge variance). We denote these categories with thegsts, and

, respectively. We call the collection of these strings &ssthing representations of ect

prototypes

3.4.4.2 Adjective Prototypes

In this thesis, in addition to obtaining ect prototypes, we utilize this algorithm on analyzing
the dependencies between adjectives amuf@ances and produce prototype strings for ad-
jectives. To do so, for each adjective model, we rst manualisign vectors of ardances
described in section 3.4.¥ (, when analyzingA4g-AL andV » when analyzingd4s-AL ) into
adjective clusters. Then, similar to ect features in eect clusters, the con dence features in
adjective clusters are grouped according to their mean arnance values with the RGNG al-
gorithm. In contrast to eect features, we observe that the types of dependence lretaeb
adjective and the e=cts of the behaviors are naturally clustered into threegoates, namely,
Consistently SmallConstistently LargandHighly Variant We denote these categories with
, + and , respectively. With this application, we also verify the éiences between the
adjective models #8-AL and Ag-AL, which we brie y discussed in section 3.4.2. Since the
RGNG algorithm is a stochastic process, we run it with mldtipals on the same input. See

section 4.3.2 for the results.

3.5 Metrics and Evaluations

Firstly, using ground truth for each instance in our databage rst evaluate the accuracy
of the predictions for aordance, noun and adjective learners. Secondly, since thete
labels are represented byext prototypes, the similarity between aneet instance and the
predicted eect prototype is needed and we use a modi ed version of Malohla distance,
which is calculated by taking the meap, of rste ect clusterf; (if the rst E; is an e ect

instance, we take the ect instance asg;) and using the second ect cluster'stj mean g,
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and variance g;:

T

. — ;50 0 .
dmm(Ei; Ej) = Ei f;roto;Ej Sj:L E frJ)rroto;Ej ’ (3.11)

whereS; is the covariance matrix of the secondeet clusterEj. In computing the Maha-
lanobis distance, the features marked inconsistent in thitype are disregarded (denoted
by fgr;ot;gEi for the e ect prototypefprotgr; Of an e ect cluster;), as those correspond to an
unpredictablénconsistent change in the feature elements. To demoadtratusefulness of
this formulation, we also show the outcome of distance ¢aficun using pure Euclidian and
Mahalanobis distances of anect instance to the closest elements of clusters. We utilize

Euclidean distance as

v

de(fnew; Ei) = min (fr?ew fe?)z; (3.12)
n=1
whereN is the number of features extracted from the interactiorts faare the instances
of e ect clusterk;. The pure Mahalanobis distance is the same with our modiiethdce

except that it considers all features:

T
dom(Eis Ej) = E fproto;Ej Sjl E; fproto;Ej : (3.13)

We use the Equation 3.11 to demonstrate the Prototype-Basedof concepts, and com-
pare it with Exemplar-Based view of concepts by using Equa8.12 (Section 2.2.1 reviews
these views of concept) and demonstrate theiency of discarding inconsistent features by
comparing with Equation 3.13, which does not discard theséufes. Table 4.3 conveys our

empirical ndings regarding this comparisons.

To evaluate our models, we have also trained SVM classileas thap entity information di-

rectly onto adjective and noun labels (See Figure 3.10 fod#tailed sketch of these models):

Simple adjective learningSAAL):
In this adjective learning model, we leakh? : O ! A directly from the appearance

of the objects.
Simple noun learninggNL):
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Figure 3.10: The simple noun and adjective learner. Peaneépiformation are directly fed
to the SVM classi ers.

Similar to SAL, we train an SVM for learning the mappihgS : O I N directly from

the appearance of the objects.

Furthermore, we trained an SVM classi eBifnple verb learningVL)) that maps eect
information directly onto verb labels. Similar with the @dance learning scheme, we we
use ReliefF feature selection algorithm and only use theifea with important contribution

(weight> 0) to training.

3.6 Multi-Step Planning from Verb Concepts

In order to demonstrate the usefulness of concept learmiegexperimented on generating
composite behavior towards achieving a goal state, thanhisti-step planning. There are
some successful works [3, 76] that previously dealt withtirsieép planning with forward
chaining using aordances. Their approach on applying conceptualizestieinformation,
which is simply adding the mean value of the wholeset vector, corresponds to Exemplar-

Based view of concepts. We extend their approach with thergdef e ect prototypes as
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depicted in Figure 3.11, providing a way to experiment witbtBtype-Based view of con-
cepts. Since we trained SVMs for predicting theset of each behaviour on an object, iCub
can do forward chaining to nd the set of behaviours leadim@ goal state. Since the ect
labels are represented by ext prototypes, the similarity between the goal state (lwisc

an e ect instance) and the predictedest prototype is needed and we use The Mahalanobis

distance as described in Equation 3.11.

Initial State |IIII|II|I__

Predict-bI l—

Predicted
Future
State

Figure 3.11: A sketch of how the future states are calculakést, the current state of the
object is fed to the trained SVM for the each behaviour. Thempredicted eect's prototype
is determined by applying the Equation 3.11 for eachat prototype. The mean value of the
found e ect is added on the initial features, with the exception efiticonsistent features,
and the predicted future state is found. After this applicgatthe predicted future state can
be compared with other states; but the inconsistent featfrthe applied eect (denoted as
black columns in predicted after-state) is excluded froendbmparison calculations.

Planning toward achieving the goal is found using a breadthtree search. Starting with
the initial state, we construct a tree such that it contalhtha possible eect sequences
with lengthn (n is empirically chosen as 3). The plan is made as the goal ishedtwith
the predicted states after applying a sequence of behaviersgoal (see Figure 3.12 for a

rudimentary example).

Given the object, we can obtain from the trained SVMs the Wiela that can achieve a
desired e ect with the highest probability (see Figure 3.11). Thusob&in the behaviours

required for each step in the plannedeet sequence, forming a sequence of behaviours. If
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the obtained eect at any step in the behaviour sequence does not matchheixpectation,

then the planning restarts. The algorithm for multi-stegmping is sketched in Algorithm 2.

Algorithm 2 Multi-step planning algorithm
ecurrent perceivé)

Bseq uence fg

bwinner 1
Ewinner 1
level 1

fcurrenl €goal  Ecurrent

fdepthT hreshold 5 in our experiments res is empirically determinegl
while (level depthT hresholg™ (Kfourenk < Ginres) dO
Omin 1
for all Ej in Edo
b svmbestbehavidy; €.urent)
if modi edMahalanobighen
Aeurrent O feurrent; Ej)
else if pureMahalanobithen

deurrent dpm( feurrent Ej)

else
eurrent de( feurrent; Ej)
end if
if deurrent < dmin then
Omin  Geurrent
Bwinner by
Ewinner  E;j
end if
end for

level level+ 1

Bsequencef Bsequencébwinnerg
if modi edMahalanobighen
;0

€eurrent €urrent T f;rot

else

0Ewinner

€current €current T Ewinner

end if

feurrent €goal  €current
end while
apply BsequencOn the object

report success or failure.

In cases where the robot can not reach to the object, thistseagthod should report failure.
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Figure 3.12: A simple depiction of how the planning is peried using the combinations of
e ects in the repertoire. At each step, the prediction blodcdeed in Figure 3.11 is applied
for each behaviour. Once a future state close enough to taielis obtained, the search is
terminated.

For such practical purposes, we have empirically deterthimexed distance threshold to
acknowledge successful planning, limited the search depéi to be 5, and provided novel

e ect instances which the robot can plan with at most 5 steps.

3.7 Methodology Summary

In this chapter, we have described the methodology we feltbwn this thesis. Equipped
with six di erent behaviors and a 3D range sensor, iCub interacts with &sent objects to
collect e ect information. The eect information is simply computed by taking the dirence

between the nal and the initial states of the environment.

Using this information, we rst proceed to learning verbumcand adjective categories. To do
so, we rsttrain SVM classi ers for aordance learning. Then, using the ndings, we proceed
to form a ordance vectors and train SVM classi ers to mapedance vector information to
appropriate adjective and noun labels. Since SVM methggois found to be not suitable

for learning verb categories, we use Self-Organizing masarn verb categories.
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We then proceed to conceptualize the learned categoriedo $0, we perform unsupervised
clustering on the mean and variance space of features froimadegory. With respect to
the outcome of the clustering, we label the features as s@msior inconsistent and form

prototype strings.

We evaluate our category learning via comparisons with i@arners and introducing novel
objects and eects. For evaluating our conceptualization scheme, weshsiv the outcomes
of novel e ect predictions. Then, we perform multi-step planning, reha target state of
the environment can be achieved through a proper sequermshafiors. We compare the
planning results with the methods that do not use prototypegs. The results and their

evaluations are explained in Chapter 4, i.e., ExperimemsResults.
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CHAPTER 4

EXPERIMENTS AND RESULTS

In this chapter, we evaluate our methods and present thés@sunoun, adjective and verb

concepts. We then demonstrate how verb concepts can berusrdti-step planning.

4.1 A ordance Learning Results

In our experiments, the SVM classi ers for each behavior eveained with 5-fold cross
validation, and were able to achieve accuracy values abb98% for predicting the eect
labels (i.e., what an object ards). As shown in Table 4.1, the variance values of k-fold
peformance for each behavior-wise SVM classi er are withireasonably small boundary.
This suggests that our learning methodologyers a good generalizability. Having obtained
such a result, we next discuss the results on category tepamd concept representation

results.

Table 4.1: Average, maximum and minimum prediction redaoltgach behavior with respect
to 5-fold cross validation.

Behavior Average| Maximum | Minimum
Rate Rate Rate
side-grasp 100% 100% 100%
top-grasp 90% 100% 85%
push-left 92% 100% 83%
push-right 96% 100% 85%
push-forward| 100% 100% 100%
pull 96% 100% 86%
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4.2 Verb Concepts

In this section, we evaluate our verb learning method.

4.2.1 Learning Verb Categories

The introduced language feature has played a great rolanmirig clusters. In comparison
with the ground truth, the accuraciesigipe-0SOM (without language)lype-ISOM, Type-I|
SOM, andType-lll SOM (which were described in Section 3.4.1) were 77.8 %,%0%0.9
% and 93.6%, respectively.

The prediction accuracy of the na've learner remained &%% for both with and without
reliefF preprocessing. Evidently, the number of instarmed the distribution of features
resulted in poor performance for multi-class learning VWM. From these results, we infer
that self-organizing map is a more suitable methodologyormfng e ect clusters for our

work.

4.2.2 Representing Verb Categories

In our methodology, the prototype extraction on verbs iy ®emsitive to the distribution of
the instances in each cluster. This is because as the nufmhesatassi ed instances increase,
the mean and variance values for each feature, which areimgedtotype extraction algo-
rithm, will also change. As such, we proceeded with the tesbtained with the predictions
of Type-Il SOM, which has the minimum number of misclassi ed instancése extracted
prototypes are shown in Table 4.2. In the Table, theats are noted as MRAoved Right,
ML: Moved Left, MF: Moved Forward P: Pulled , K: Knocked NC: No ChangeG:
Grasped, D: Disappeared. The labels 0, -+, * correspond to eect features witiNegligible
ChangeConsistent Decreas€onsistent Increasandinconsistent Changeespectively. The
outcomes of these prototypes are as expected: the feahatesonstitute the characteristics
of the given e ect label are clearly found a®nsistently change@* or -). Since there could
be no features extracted frodisappeared instances, the corresponding elds were padded
with zero. As such, its prototype is lled with Os (negligibthanges) with the exception of

object presence eld (consistently decreased)Ntn Changenstances, which are produced
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where the object of interest was unreachable for the robpetéorm complete action, the
e ect features are reported to be having either too small @sang inconsistent changes.
In Graspedinstances, since only the visual features were collectexlfdature distribution

resembled to thdlo Changeluster.

4.2.3 Interpreting Novel Interactions

Once the prototypes are obtained, it is straightforwardeterminine the novel eact instances
(using Equation 3.11). Since this equation works on the gharf features, it is independent
of the presented object. Table 4.3 summarizes the distafmeriation for the three example
cases shown in Figure 4.1. We see that owrat distance Equation provides accurate predic-
tions of e ects, unlike non-prototype based evaluations with purediéatobis and Euclidean
distances. Furthermore, the time adds up in a pure Euclidistemce scheme as the number

of e ect instances in each cluster increase.

4.3 Adjective Concepts

In this section, we analyze the results obtained througladjactive learning methodology.

4.3.1 Learning Adjective Categories

An important point is whether adjectives should includeliexpgbehaviour information (i.e.,
Aug-AL vs. Ag-AL). Theoretically, the performance of these models stiaanverge while
one-to-one, unique behavior-to-ect relations dominate the set of knownoadances. In
such cases, the behavior information would be redundanth©ather hand, with a behavior
repertoire that may pose many-to-oneset mappings, behavior information must be taken

into account to obtain more distinguishable adjectives.

The comparison between the érent adjective learning methods is displayed in Table 4.4,
which displays the average 5-fold cross-validation aatigea We see that thezA-AL model
performs better than AAL and SAL. The reason thatgAL is worse than the other methods
is eminent in Table 4.6, where we see thatatent adjective categories end up with similar

descriptor vectors, losing distinctiveness. On the otlerdh the Ag-AL model that has

43



144

Table 4.2:

The eect prototypes. The ects are abbreviated as explained in Section 4.2.2

E ect| Azimuth Zenith Curvature Shape Index Position| Orient.| Size Object

Name | Histograms (20)| Histograms (20)| Histograms | Histograms | (x-y-z) (x-y-z) | Presence

NC *000000000 0000000000 0000000000 0000000000 | 000 0 000 0
0000000000 0000000*00 00*0000000| 000000*000

MR —— —— 0000000000| **rkrQis ok * - 0
sk k() Kkkkkak() ) R

ML *r+0000 0**0**0000 0000000000| 00*0**0*0* 0-0 * 000 0
0O***Qrr** **0000*000 0*****0000 | **0000*00*

ME S sekkiek () )% 0000000000| **+Q*Qt+e 00 * 000 0
—— £000**000 QO*+**Q*** | **00000*+*

P N — Hekrrkk () ) O* 0000000000| ***Q*Q*+** +00 * 000 0
—— £000**000 QO*+**Q*** | **00000*+*

K *0***00000 *000000000 0000000000f 0000000000 | 00- * 00- 0
000000**0* 0000000000 000000000*| 0000000000

G 0000000000 0000000000 0000000000 0000000000 | 000 * 000 0
0000000000 0000000000 0000000000] 0000000000

D 0000000000 0000000000 0000000000 0000000000 | 000 0 000 -
0000000000 0000000000 0000000000; 0000000000




Table 4.3: Distances computed forext instances in Figure 4.1 using the Equation 3.11 ( rst
rows, abbreviated a#,n), Equation 3.12 (second rows, abbreviatedgsand Equation 3.13
(third rows, abbreviated ay, ). The label of the cluster with the smallest distance vaue i
given as the prediction to the novelect. The correct predictions are marked with bold green,
whereas false predictions are marked with italic red. Theces are abbreviated as explained

in Section 4.2.2

Figure NC MR ML MF P K G D

4.1(b) -dmm | 390.81| 146.24| 372.24| 389.21| 215.56| 215.50| 392.11| 410.31
4.1(b) -de 237.01| 236.89| 237.42| 237.24| 237.42| 237.42| 237.25| 236.84
4.1(b) -dpm | 392.16| 182.13| 386.92| 416.43| 241.06| 219.28| 395.04| 410.31
4.1(d) -dmm | 731.36| 494.18| 416.42| 340.71| 393.76| 358.06| 738.04| 790.41
4.1(d) -de 789.45| 789.08| 789.83| 789.49| 789.83| 789.83| 789.54| 788.84
4.1(d) -dpm | 732.98| 497.02| 417.18| 426.71| 423.17| 428.06| 741.11| 790.41
4.1(f) -dmm | 925.41| 577.51| 267.45| 328.75| 354.85| 354.74| 928.16| 947.51
4.1(f) - de 946.74| 946.42| 947.03| 946.66| 947.03| 947.03| 947.01| 946.21
4.1(f) -dpm | 929.37| 580.26| 291.77| 369.75| 373.37| 359.88| 929.94| 947.51

learned adjectives from the ardances of objects performs better than directly learSiAg

model.

4.3.2 Representing Adjective Categories

The Table 4.5 shows the prototypes of adjectives obtaineshwie model Ag-AL (M 1) is
used. The Table 4.6 shows the prototypes of adjectivesr@utaihen the model AAL (M 2)

is used.

Table 4.4: Average prediction results for the three adjeatiodels in Sect. 3.4.

Aug-AL | Ag-AL | SAL
M3 MZ | M3
Edgy-Round| 87% 72% | 89%
Short-Tall 93% 95% | 89%
Thin-Thick 95% 72% | 91%
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(e) Toy bone initial state (f) Toy bone nal state
Figure 4.1: Some novel instances foreets. The eect is simply the dierence of nal and

initial states of the given object. The noveleaxt predictions with dierent distance metrics

for these instances are conveyed on Table 4.3

These prototypes allow iCub to relate adjectives with whedim and cannot do with them. We
see from the Table what behaviours can consistently generaich e ects on which types
of objects (speci ed with their adjectives). For exampléthaa consistently large probability,
the robot would generateo changes ect onedgyor thick objects wheriop graspbehavior
was applied. Furthermore, ttghort andtall objects show a clear distinction in response
to pushing behaviorgdll objects have a high probability to k@ockedwhile short objects
simply get pushed).

The comparison between the érent adjective learning methods is displayed in Table 4.4,
which displays the average 5-fold cross-validation aatesa We see that thesAAL model
performs better than AAL and SAL. The reason thatgAL is worse than the other methods
is eminent in Table 4.6, where we see thatatent adjective categories end up with similar

descriptor vectors, losing distinctiveness. On the otlerdh the Ag-AL model that has
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ROUND (86% )
TALL ( 75% ) EDGY (76% )
THIN (92% ) SHORT (80% )
THICK ( 59% )

CUP (0% ) BALL ( 0% )

BALL ( 1% ) CYLINDER ( 0% )

BOX ( 9% ) CUP (0% )
CYLINDER ( 87% ) BOX ( 99% )

Figure 4.2: After learning nouns and adjectives, iCub cderr® an object with its higher
level representations or understand what is meant if sysrlesentations are used by a human.

Table 4.5: The prototypes of adjectives for the modg+AL (M ). TG: Top Grasp, SG: Side
Grasp, PR: Push Right, PL: Push Left, PF: Push Forward, PIB:FRar each behavior, there
are eight eect categoriesa: Moved Right,b: Moved Left,c: Moved Forwardd: Pulled,e:
Knocked, f: No Changey: Graspedh: Disappeared.

Adjective TG SG PR PL PF PB
abcdefgh| abcdefgh| abcdefgh| abcdefgh| abcdefgh| abcdefgh

Edgy _____ Fee | e Kk _ *___**_+ _*__**_+ ___***_+ ___*++_+
Round _____ **k_ | oo +-- *___+*_+ _*__+*_+ ___**+_* ___**+_*
Short | ----- S S [ +-- S L I R Rt
Ta” _____ **x_ | _____ *%k_ *___+*_+ _*__+*_+ ___*++_* ___*++_*
Thln _____ *k_ | oo Kk _ *o ko4 R R oKk R B B
Thick | —---- R sk _ K___Hk_% _k__kk_% LKk Rk

a7



Table 4.6: The prototypes of adjectives for the modgid. (M 2). The e ects are abbrevi-
ated as explained in Section 4.2.2

Adjective | MR | ML | MF | P| K | NC | G| D
Edgy + +

Round + |+ |+
Short + |+ |+
Tall + + + | +
Thin + + + | + + + | +
Thick + | +

learned adjectives from the ardances of objects performs better than directly learSiAg

model.

4.3.3 Adjectives of Novel Entities

Table 4.7 shows the predicted adjectives from theedént models on novel objects. We
see that, for adjectived/ 1 is better in naming adjectives thamh2. For exampleM 2 mis-
classi es object-5 asdgy object-7 aghin and object-1 athick whereaM 1 correctly names
them. On some objects (e.g., object-3), where there argréisments between the models,
correctness cannot be evaluated due to the complexity aflifeet. If we look at the direct
mapping from objects' appearance to adjectivdsl), we see that it misclassi es object-7 as
round, object-6 agall and objects 2 and 8 &slgy Compared to the simple learner, our model

can predict the adjectives of novel objects with a highecigren.

4.4 Noun Concepts

In this section, we analyze the results obtained througmoun learning methodology.

4.4.1 Learning Noun Categories

For the three models trained on nouns (Sect. 3.4.3), we gefdllowing 5-fold cross-
validation accuracies: A-NL: 87.5%, Ag-NL: 78.1% and SNL: 94%. We see that, unlike the
case in adjectives, directly learning the mapping from apgece to nouns performs better

than using the aordances of objects. This suggests that therdances of the objects (used
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Table 4.7: Predicted adjectives for novel objects using &igint models (bold labels denote

correct classi cations).

Object

Ayg-AL Ag-AL SAL
ML M 2 M3

edgy (54 %) | edgy (89 %) | edgy (89 %)
short (97 %) | short (91 %) | short (55 %)
thin (59 %) thick (52 %) thin (52 %)
round (77 %) | round (90 %) | edgy (79 %)
short (77 %) | short (91 %) | short (42 %)
thin (89 %) thin (67 %) thin 67 %
edgy (63 %) | round (72 %) | edgy (64 %)
short (94 %) | short (92 %) | tall (67 %)
thin (96 %) thin (72 %) thin 84 %
round (84 %) | edgy (94 %) | round (77 %)
short (98 %) | short (% 87) | short (68%)
thick (91 %) thin (68 %) thin ( 62 %)
round (84 %) | edgy (81 %) | round (89 %)
short (97 %) | short (93 %) | short (67 %)
thick (95 %) | thick (59 %) | thick (58 %)
edgy (84 %) | edgy (79 %) | edgy (79 %)
short (98 %) | short (80 %) tall (45 %)
thin (92 %) thin (79 %) thick (62 %)
edgy (62 %) | edgy (52 %) | round ( 84 %)
short (98 %) | short (93 %) | short (54 %)
thick (78 %) | thin (53 %) | thick (68 %)
round (72 %) | round (69 %) | edgy (89 %)
short (98 %) | short (95 %) | short (67 %)
thick (79 %) | thick (64 %) | thick (52 %)
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in our experiments) are less descriptive for the noun lalvelbave used.

4.4.2 Representing Noun Categories

Although our functional noun learner performs worse in terof prediction, the extracted
prototypes provide a fair distinction between éient noun labels. Similar with the case in
verbs, we have chosen to pick the learning model with thedrtighediction rate to provide
the noun clusters (i.e., 4-NL). Table 4.8 shows the prototypes derived for noaug box,

cylinderandball.

4.4.3 Nouns of Novel Entities

Table 4.9 shows the results obtained on novel objects. Btii& case in adjectives, the simple
learner (SNL) signi cantly outperforms thesANL and Ag-NL models. Hence, we conclude

that the set of nouns (cup, cylinder, box, ball) we have areernbappearance-based.

4.5 Multi-Step Planning

In this section, we demonstrate (i) that verb concepts ang wseful in making multi-step
plans for reaching to a given target state, and (ii) thatqtype-based representation for con-

cepts is better than exemplar-based concept represenfaéie 2.2.1 for a review).

The multi-step planning results are provided in Figure #A® see that, using the verb con-
cepts presented in Table 4.2, iCub can successfully nd aesecp of e ect prototypes leading
to the target state. From these prototypes, iCub can chbedaetst behaviors yielding those

e ect prototypes.

In Figures 4.5 and 4.6, we provide the planning results wihesxamplar-based representation
is used for concepts. We see that planner could not produgepsequences of behavior to
achieve the given goals (the distance threshold was cdrtetaughout the experiments) As
such, planner could not produce proper sequences of betiaachieve the given goals (the

distance threshold was constant throughout the experghent
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Table 4.8: The noun strings. The labelst0and * correspond t€onsistently SmalConsistently LargandInconsistenfeatures.

Noun | Azimuth Zenith Curvature Shape Index | Position| Orient. | Size Object
Histograms (20)| Histograms (20) Histograms | Histograms | (X-y-z) (x-y-z) | Presence

Cup | 0000000000 000006-0000 0++0+**000 | 0000000000 | 000 0 000 +
0000000000 0000000000 0000000000 | ++00000000

Box | 000+++ 000+ +000000000 00000**000 | 00+0000000 | 000 0 000 +
0000000000 +0000+0000 0000000000 | 0+0+++0000

Cyl. | 0+0+000000 0000000000 00000**000 | 0000000000 | 000 0 000 +
0000000000 0000000000 0000000000 | ++0+00+000

Ball | 0000000000 000006-000 00000**000 | 000++00000 | 000 0 000 +
00+0000000 0+++ 000000 0000000000 | ++00000000




Table 4.9: Noun prediction for novel objects using 3 atient models. Bold labels denote
the correct classi cations with respect to the ground tristhe Table 4.7 for pictures of the
objects).

ID Ass-NL Ag-NL SNL

1 box (74 %) cylinder (42 %) box (97 %)

2 ball (83 %) ball (44 %) ball (97 %)

3 | cylinder (87 %) | cylinder (39 %) | cylinder (95 %)
4 box (94 %) cylinder (38 %) | cylinder (86 %)
5 box (89 %) cylinder (35 %) box (94 %)

6 cup (89 %) cylinder (44 %) box (46 %)
7 box (89 %) box (32 %) box (93 %)

8 cup (89 %) cylinder (44 %) cup (98 %)

PUSH FORWARD

(c) First Step (d) Second and Final Step

Figure 4.3: A sample execution of a multi step planning. tFtree start position (4.3(a)) and
nal position is shown (4.3(b)). The robot plans out and apbush right (4.3(c)) and push
forward (4.3(d) When a simple Euclidian distance is usedh susequence of behaviors could
not be planned).

52



() PREVIOUS STATE
@ CURRENT STATE
@ TARGET STATE

PREDICT

Figure 4.4: A multi-step planning trial with the modi ed Matanobis distance metric. The
behaviors are abbreviated BR (push-righ), PL (push-lef}, PF (push-forward, PB (pull),
TG (top-grasp, SG(side-grasp. The planner successfully terminates with a reasonabéllsm

sequence of behaviors executed. The trial is also visubliz€igure 4.3
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Figure 4.5: Multi-Step planning trial with pure mahalarsldiistance. The behaviors are
abbreviated aBR(push-righ), PL (push-lef}, PF (push-forward, PB (pull), TG (top-grasp,
SG (side-grasp. The initial and the target states for the objects are tineesaith the one
provided in planning in Figure 4.3. Since the distance datmns yield wrong results, the

search does not terminate with success.

54



Figure 4.6: Multi-Step planning trial with pure euclideaistednce. The behaviors are ab-
breviated a$R (push-righ), PL (push-lef}, PF (push-forward, PB (pull), TG (top-grasp,
SG (side-grasp. The initial and the target states for the objects are tineesaith the one
provided in planning in Figure 4.3. Since the distance datmns yield wrong results, the

search does not terminate with success.
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4.6 Computational Complexity

The critical analysis results in terms of computational ptaxity are obtained with the choice
of distance metric for multi-step planning. Even with a sienjpeoretical analysis, it is appar-
ent that using Equation 3.11 or 3.13 makes the system astingily faster than with using
Equation 3.12. This is since Equations 3.11 and 3.13 onljthesenean values of the cate-
gories. The run-time complexities for executions of Equai3.11 and 3.13 are(N jEj),
whereE is the set of all observed ects andN is the number of features extracted from the
interactions. The discarding of inconsistent featuresanake execution of Equation 3.11
faster than of Equation 3.13 with a constant factor. Howef/ap features are discarded with
respect to the prototypes, then the run-time complexitiesimg these equations are exactly
the same (this case did not occur within our experimentallt®s In contrast to g?e execu-

tion of these two equations, the run-time complexity for &pn 3.12 is (N JEj),
Ej E
wherejE;j denotes the number of instances in the& categonE;. Thus, the usage of pure

Euclidean distance signi cantly deteriorates the perfance of the system as the number of

instances increase. The discussion for computational eiypis nalized in Chapter 5.
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CHAPTER 5

DISCUSSION AND CONCLUSION

In this chapter, we provide an overall discussion about titeames and limitations of the

system, and sketch some possible future extensions.

In this work, we have shown how a humanoid robot can learneajutiscof a subset of verbs,
nouns and adjectives through its interactions with therenment. We have followed the

a ordance formalization framework of Sahin et al. [11], whielpresents aordances as a
triplet of entity, behavior and eect. We extended the previously used model to learn adgctiv
and noun (i.e., object) concepts in terms obedances. Our observations show that a subset of

nouns and adjectives can be inferred from and plausiblyesgmted in terms of ardances.

Following the previous studies in KOVAN research Laborgtare represented these concepts
as strings, which clearly show the distinctions of elient concepts. Using prototypes, we
have been successful in eliminating irrelevant featuresofo conceptual representations.
Thus, our system has provided us some insight to redeemepnsbin dealing with high-
dimensional data. On the other hand, since our experimeatal@ady limited even within
the domain of robotics, we do not claim havingaved a generic and conclusive methodology
to overcome the Curse of Dimensionality. There is alwaysaréor improvement in this

aspect of our computational system.

Furthermore, we have used oureet prototypes to prove the superiority of Prototype-Based
view of concepts over Exemplar-Based view of concepts. Weathstrated this superiority
by rst examining novel interactions and then designing anusate forward chain planner

for goal emulation that uses ect prototypes.

We have proposed and tested two main adjective learningoapipes, one of which uses
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explicit behavior information and the other one does not.r &periments evaluated the
di erent representations (a more discriminative and a morergenespectively) and per-
formances obtained with these approaches. The usageooflance estimates and explicit

behavior information has shown a notable increase in reptagonal power and accuracy.

While we have successfully obtained proper representtionadjectives and nouns, it is
important to recall that these representations are sutgelse sensorimotor limitations of the
robot. These limitations are maintained by the number, &ykthe quality of the behaviors in
the action repertoire and the properties of the perceptuzystem. As such, there is always
a room for improvement in functional object categorizatidtor example, had we included
a behavior to try to Il objects with some liquid, theupsconcept would be much easier to
be formed and predicted. Thus, we see that, if any kind ofrsigien is to be applied in our
system, it must be closely related to the sensorimotor ckipesof the robot. In a similar
manner, we have presented a limited number of adjectivgsrémtical purposes. This set of
adjectives can be considerably extended as the behaviertoap is enriched and hence the
new e ects are observed. It should be noted once again that, hgweseonly tested our
system with asubsetof possible behaviors. We do not claim and prove that all beha are
applicable for our system. Further veri cations and, if pile, extensions might be required
to arrange our system for all kinds of behaviors. The metloggofor such veri cations is

itself an important problem.

The language feature has been a very relevant feature &mt® hence its inclusion yielded
clusters with close correspondance to ground truth. Itds abasonable to assert that this
inclusion reduced the level of supervision in the systemommes extent. While this is also
veri ed with various subsets of our features, this approaah be questioned for whether it
can be a permanent solution. After all, the dominance of fdlssure decreases while the

number of features increase.

Another issue to consider is the generalizability of ourhmdblogies. By reporting results
on novel data, we have implicitly shown that our categoryriesy methods are feasible for
generalizing. The proof for generalizability can be imgd\by providing extensive theoret-
ical analysis. Such analysis can be designed through, fimpbe, examining variations in
cross validation accuracy results, which is reported irtiSeet.1. The generalizability for

our methodology can be also tested by extending the systémadiditional tasks that utilize
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a ordances, e.g., tool use [70, 80, 81] or even learning grienihotor functions [69, 82, 83].
In related literature, such tasks are implemented and tegbtw be feasible for developmental

robotics.

In terms of time complexity, the bottleneck for our systeeslin the data collection procedure.
This is due to various constaints such as safety measumgdjaty of behaviors, and the need
for producing repetitive data. Application of Self-Orgzing Maps and Robust Growing
Neural Gas algorithms are the secondary bottlenecks. Fhied¢ause they are stochastic
algorithms (hence multiple runs were taken) and they irealrepetitive feeding of data. The
remaining tasks, such as category learning for nouns amattadis and multi step planning
were relatively cheap to execute. For example, with the midg&the built-in libraries for
SVM [96], the category learning for adjectives and noundatbe handled within a negligible
amount of time. One advantage for our system appears imdsstealculations: due to the
nature of distance equations mentioned in Chapter 3, ouersyperforms asymptotically

faster when the prototype-based view is adopted.

5.1 Future Work

In this thesis, we have obtained theeet information by simply taking dierences between
nal and initial states of objects. A critical improvemenbuld be processing the information
during the application of behaviors to obtain @dances in a continuous time scale. The
analysis of aordances in this manner may give way to obtilverbconcepts, where we can
nd further distinctions between features that changeedéntly over time, e.gslowlyversus

fast uniformlyversuswith uctuations

Another immediate improvement would be towards deterngifimther practical applications
for concepts. The odd-one-out task, for example, is a quitalde application to utilize noun
and adjective concepts. In this task, the robot would begnttesl a number of objects and
asked to nd out the object that does not belong to the grouméal by the rest. Using the
string representations, any number of given objects carobwared and grouped in an ad-
hoc manner. The larger the objects' concept repertoirentbee likely that the system can
nd the most odd object in a given scene. A further usage adéhmncepts would be relating

objects in a functional sequence. Working on extractingsgm@antics of sentences such as
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“Push the edgy box with thin cylinder”, our computational sebmay lead to an alternative

approach ofool a ordances

Figure 5.1: The proposed context-aware adjective learaysgem. iCub learns adjectives
based on the ardance predictions and contextual features.

The a ordance formalization framework also appears to be usefabnstructing a context-
aware adjective learning system. Given data consistingio$ jof objects available in a scene,
we developed a learning model that trains on therdances and spatial d@rences of objects
(see Figure 5.1). In this manner, the robot has succesdtdiyned adjective tags such as
relatively tall or short,relatively round or edgy andelativelythin or thick. Furthermore, this
model has performed surprisingly better than a baselimadedthat only trains on perceptual
di erences of the object pairs) on novel instances. As the dgrtuth for the evaluations
are derived from multiple human attendants, this kind oéesion to our work may establish
a more customizable learning system. As such, we can extendomputational system

towards addressing issues in human-robot interactiongmeh

A di erent direction could be towards the improvement of obtgirand processing of fea-
tures. Currently, the feature set consists of a mixture oélguextracted (e.g. position and
size) and preprocessed features (e.g. language featweg dfeater challenge, the system
could be designed such that all features are derived fromplow-level information. Then,
these features can be used to form second-order featurerveloht have more abstract se-
mantics. The architectures reviewed in Chapter 2 such imgatéations are possible, and are
plausible in the perspective of cognitive systems. In alainsiense, the proposed architecture
may be tested for whether it can produce meaningful resutesnvihe feature set is divided
according to sensor modalities, suchaaslitory, tactile, colour, shape pose Existing ap-

proaches hint that this methodology can also be quite usefalming concepts.
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APPENDIX A

USED LEARNING ALGORITHMS

In this appendix chapter, we depict and brie y comment onusage of known algorithms in

the literature.

A.1 Relief and ReliefF Algorithms

The Relief algorithm has been rst proposed by Kira and R#ifél#]. It is a feauture ranking
(i.e. discrimination) algorithm, whose use can be exterfdedeature selection. Briey, it
evaluates each input according to its distance to the dlogasg from the same clasadarest
hit) and from a di erent classr(earest migs This evaluation reveals to what extent does
the given input contribute to the characteristics that @s lits class. Its extension, ReliefF,
searches fok nearest neighbors from both same andedent classes to obtain nearest hits
and nearest misses, respectively. ReliefF can also ddahwéising data, by using estimation

methods. The pseudocode of Relief algorithm is sketchedgorthm 3.

These two algorithms are reported to be weak in noisy and-clakis data, which is veri ed
in our experiments. In our work, we have chosen to use thefRalnplementation of WEKA
[110], an open source software tool for knowledge analysik @& repertoire of very useful

machine learning algorithms.

A.2 Self Organizing Maps - SOM

First proposed by Kohonen [97], therefore sometimes calid€iohonen Maps, Self-Organizing

Maps (SOM) is an unsupervised variant of neural networkrétlyns. Its usage mainly lies
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Algorithm 3 The Pseudo-code for Relief
Require: Input setl

Require: Output vectoWW wherekWk = A
fora=1! Ado
W, O
end for
fori=1! mdo
R random(l )
H nearestHi(R)
M nearestMisgR)
fora=1! Ado
W, W, diff(aRH) m+diff(aRRM) m
end for

end for

on discretization of a input space. We utilize this algaritto address a multi-class learning

scheme, i.e., grouping the ect information into eect clusters.

In order to re ect our design choices, we have implemented aun version of SOM in

MATLAB [111]. This version of ours is sketched in Algorithm 4

A.3 Robust Growing Neural Gas - RGNG

Robust Growing Neural Gas is a variant of Neural Gas, whietbée y mentioned in Section
2.6. The algorithm was rst introduced in [109]. Just like BIQit employs a competitive
learning scheme, where each input is assigned to the nodsewheight vector is closest.
Meanwhile, it uses the Minimum Description Length critemich is an important concept

in information theory [112], to form new nodes until the optim number of nodes is found.

In this thesis, we utilized this algorithm to be able to cgnmeeaningful interpretations of
robot's interactions. We have used a MATLAB implementatadrthis algorithm (Courtesy

of llkay At |, who has also demonstrated the working of tHgoaithm [7]).
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Algorithm 4 The modi ed self-organizing maps
L randomPermutatiofi : ef fectCount

forall wi W do
v\)ianguage L
forall j, languagedo
Wij randon{0::1)
end for
end for
fore= 1! numberOfEpochdo
forn=1! numberOfinputslo
-V nextltem
- Compute the winner node according to the distance metigislsed in Section
3.4.1:
winner  arg maxdist(wi; v)
- Get the neighbourhood @finner, i.e. N W N neighbor $Wwinner)
- Update the winner node and its neighbours according totegddactions discussed
in Section 3.4.1:
for all wy, N do
Wy Wy + y;  dist(wy; V)
end for
end for

end for
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APPENDIX B

SOFTWARE PLATFORMS

In this appendix chapter, we review the software platforsedun our work.

B.1 YARP - Yet Another Robotic Platform

YARP [102] is an open source software that provides the négtwackbone of robotic sys-
tems. In a typical YARP network, there exists a single sereewhich all modules register
by unique port names. Message passing between YARP modelégoically done through

Bottle objects, which are essentially containers that caomodate multiple types of data.

YARP also supports online image viewing through a modulkedatarpView.

Nearly all known modules for iCub work with YARP to communrtieanformation. Therefore,

this platform is an indispensable feature for our system.

B.2 ROS

ROS [104] is an open source software that contains many lusigiorithms that range from

perception to motion control to be used in robotic applaadi

As put by Quigley et.al., ROS is not an operating system intritional sense of process
management and scheduling; rather, it provides a strutttommunications layer above the

host operating systems of a heterogenous compute cluster.

In contrast to YARP modules that communicate via ports, RQ8ules communicate on

topics that are to declared and accounted within the ceotnatrol module called roscore.
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ROS is especially useful in implementing a service-oridnggstem, which is, in author's

opinion, vital for any complex robotic system.

B.3 PCL - Point Cloud Library

PCL [105] is an open source library dedicated for processifgrmation on point clouds.
Most of the time, this point clouds contain distance and dimatte values received from the
camera. The library contains many useful algorithms fotuieaextraction as well, such as
principle curvature and surface normal estimations. @ailly a part of ROS [104], it is now

developed as a separate project.
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