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Abstract

Intelligent assistive robots have recently taken their r¢ steps toward entering

domestic scenarios. It is thus expected that they perform sks which are often
considered rather simple for humans. However, for a robot teach human-like
performance diverse subtasks need to be accomplished inasrtb satisfactorily

complete a given task. These subtasks include perceptiomderstanding of the
environment, learning strategies, knowledge represenian, awareness of its own
state, and manipulation of the environment.

An open challenging issue is the time required by a robot to astomously learn
a new task. A strategy to speed up this apprenticeship periofibr autonomous
robots is the integration of parent-like trainers to sca otl the learning. In this
regard, a trainer guides the robot to enhance the task perfmance in the same
manner as caregivers may support infants in the accomplislemt of a given task.
In this thesis, we focus on these learning approaches, spaadly on interactive
reinforcement learning to perform a domestic task. We use t-like advice to
explore two set-ups: agent-agent and human-agent interaan.

First, we investigate agent-agent interactive reinforcenmd learning. We use an
arti cial agent as a parent-like trainer. The arti cial agent is previously trained
by autonomous reinforcement learning and afterward becosée trainer of other
agents. This interactive scenario allows us to experimentithy the interplay of
parameters like the probability of receiving feedback anché consistency of feed-
back. We show that the consistency of feedback deserves s$aleattention since
small variations on this parameter may considerably a ecthe learner's perfor-
mance. Moreover, we introduce the concept of contextual ardances which allows
to reduce the state-action space by avoiding failed-stateise., to avoid a group of
states from which it is not possible to reach the goal-statef @ task. By avoiding
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failed-states, the learner-agent is able to collect sigrm@antly more reward. The ex-
periments also focus on the internal representation of knésdge in trainer-agents
to improve the understanding of what the properties of a gooteacher are. We
show that using a polymath agent, i.e., an agent with more disbuted knowledge

among the states, it is possible to o er better advice to leaer-agents compared
to specialized agents.

Thereafter, we study human-agent interactive reinforcenm¢ learning. Initially,
experiments are performed with human parent-like advice g uni-modal speech
guidance. The experimental set-up considers the use of diest auditory sensors
to compare how they a ect the consistency of advice and thedening performance.
We observe that an impoverished speech recognition systemayrstill help interac-
tive reinforcement learning agents, although not to the saenextent as in the ideal
case of agent-agent interaction. Afterward, we perform an pgriment including
audiovisual parent-like advice. The set-up takes into acoat the integration of
multi-modal cues in order to combine them into a single piead consistent advice
for the learner-agent. Additionally, we utilize contextuala ordances to modulate
the advice given to the robot to avoid failed-states and to esctively speed up the
learning process. Multi-modal feedback produces more cakent levels of advice
allowing learner-agents to bene t from this in order to obtan more reward and to
gain it faster.

This thesis contributes to knowledge in terms of studying # interplay of multi-
modal interactive feedback and contextual a ordances. Ovall, we investigate
which parameters in uence the interactive reinforcemenglarning process and show
that the apprenticeship of reinforcement learning agentsao be sped up by means
of interactive parent-like advice, multi-modal feedbackand a ordances-driven en-
vironmental models.
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Zusammenfassung

Intelligente Assistenzroboter werden vermehrt in hauslleen Umgebungen
eingesetzt, wo sie entsprechende Aufgaben ubernehmen, @reMenschen einfach
umzusetzen sind. Um eineahnliche Performanz mit einem Raieo zu erreichen, ist
es hau g netig, Teilaufgaben zu de nieren. Diese beinhaén die Perzeption, sowie
das Wissen und Verstehen der Umwelt, Lernstrategien, Wisseaprasentationen,

das Bewusstsein wber den eigenen Zustand und Handlungsnelgkeiten in der

jeweiligen Umgebung.

Das Erlernen autonomen Handelns hinsichtlich einer spezexl Aufgabe durch
einen Roboter ist bis heute ein nicht vollstandig gelest® Problem. Eine megliche
unterstutzende Lernstrategie far autonome Roboter ist ds Bereitstellen eines
sogenannten \Lehrers" oder \Trainers", dessen Rolle es jstlen Roboter in der
Ausfehrung einer Aufgabe anzuleiten, ahnlich wie Eltern iben Kindern beim
Erlernen von Fahigkeiten helfen. In der vorliegenden Disdation konzentrieren
wir uns daher auf genau solche Lernszenarien, insbesondaué das interaktive,
versiarkende Lernen (\interactive reinforcement learmg”, IRL) zur Ausfahrung
von hauslichen Aufgaben. Wir verwenden das 0.g. Lehrerpriizzur Untersuchung
von zwei Fallstudien: die Agenten-Agenten-Interaktion und Mnsch-Agenten-
Interaktion.

Als Erstes untersuchen wir die Agenten-Agenten-Interaktion ider verstarkenden
Lernstrategie (IRL). Ein kanstlicher Agent dient dabei alsLehrer, welcher zuvor
mit der \reinforcement"-Methode trainiert wurde um autonome Aufgaben erfdllen
zu kennen. Dieses Wissen wird dann auf den anderen Agenten estragen.
Diese Art der Interaktion erlaubt die Untersuchung des Zusamemspiels von
Parametern wie z.B. der Wahrscheinlichkeit ein Feedback zrhalten oder dessen
Zuverlassigkeit. Wir zeigen, dass die Bestandigkeit bzwZulassigkeit von Feedback
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eine entscheidende Rolle spielt, da schon kleine Variatem Ein uss auf die
Lernperformanz haben. Wir fahren au erdem das Konzept von dntextuellen
A ordanzen ein, die es erlauben den Zustands-Aktions-Raum dth das Vermeiden
von sogenannten \failed states” zu minimieren. Dies sind Atande von denen aus
es unmeglich ist, weitere sinnvolle Handlungen zu generer. Diese Reduktion
des Aktionsraumes hat einen signi kant positiven Ein uss afi die verwendete
Lernmethode far den Lehrer. Unsere Experimente konzentrien sich auch auf
die internen Reprasentationen des Agenten um ein verbests Verstandnis uber
die wichtigen Eigenschaften eines guten Lehrers zu gewinn&Vir zeigen, dass das
Einsetzen eines sogenannten \polymath"-Agenten, d.h. ein &gt mit verteiltem
Wissen wber seinen Zustandsraum, zu einer Verbesserung veélinweisen in
Lernszenarien spezialisierter Agenten fuhrt.

Desweiteren erforschen wir die IRL Strategie far die MenkeAgenten Interaktion.
Die Experimente beinhalten das Erteilen von Ratschlagenwie es far uns
Menschen wublich ist, wobei uni-modale Sprachsignale veesnwdet werden. Der
experimentelle Aufbau enthalt verschiedene auditive Seagen, um deren E ekt auf
die Zuverlassigkeit der erteilten Hinweise im Hinblick auf @& Lernperformanz zu
vergleichen. Unsere Beobachtungen haben dabei gezeigt,sdeshon ein einfaches
Spracherkennungssystem ein IRL-Szenario unterstatzemimn, allerdings nicht im
selben Umfang wie im idealen Fall der Agenten-Agenten-Interatn. Darauf
aufbauend zeigen wir Experimente, die audio-visuelle Hinise verwenden. Das
Szenario beschreibt die Integration von multi-modalen Stiuli zur Bereitstellung
konsistenter Ratschilage far den lernenden Agenten. Wir varenden au erdem
kontextuelle A ordanzen zur Modulierung von Hinweisen far één Roboter, was
zur Vermeidung von genannten \failed states” fahrt und danit zur Beschleunigung
des Lernverfahrens. Das multi-modale Feedback fahrt zuresr heheren Kon denz
gegebener Ratschlage, was dafur sorgt, dass der lerneniigent seine Belohnung
erh@hen und diese schneller erhalten kann.

Diese Arbeit leistet einen Beitrag zum Wissen uwber das Zusanemspiel
zwischen multi-modalem interaktivem Feedback und kontexellen A ordanzen.
Zusammengefa t untersuchen wir den Ein uss von Parameterim IRL und zeigen,
dass das Erlernen von Fahigkeiten autonomer Agenten durcht@raktives Handeln,
multi-modales Feedback und mit Hilfe von durch A ordanzen beshriebenen
Umgebungsmodellen erheblich verbessert werden kann.
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Chapter 1

Introduction

1.1 Motivation

There has been considerable progress in robotics in the lgsars allowing robots to
successfully contribute to our society. We can nd them fronindustrial contexts,
where they are well established, to domestic environmentahere their presence
Is steadily rising. A reasonable concern is then: How well raed are assistive
robots to be social actors in daily-life home environments ithe near future.

Big challenges in robotics involve to work with service andsaistive robots in home
environments and develop plausible robot domestic applitans. The underlying
intention is the development of highly interactive intellgent robots to perform
tasks in new and complex environments while being able to acipate and resolve
con ictual situations that may lead to mistakes or incomplée performance.

Intelligent robots operating around people should be ableotknow where they
are located, detect users, learn and recognize faces, leaew objects, understand
action-object opportunities, and furthermore, they showl learn to behave coopera-
tive in domestic scenarios. In order to accomplish these cphax tasks successfully,
robots have to deal with many challenges such as perceptigrattern recognition,

navigation, and object manipulation, all of that in varying environmental condi-

tions. Such challenges can only be addressed if the robot stamtly acquires and

learns new skills, either autonomously or from parent-likgainers.

This thesis principally targets bio-inspired developmel learning and psycholog-
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Chapter 1. Introduction

ically motivated learning approaches within the context ohome applications for
a domestic cleaning scenario. These methods are inspiredhmyv humans develop
knowledge through interactions with their environment.

1.2 Problem Statement and Research Questions

Reinforcement Learning (RL) is a learning approach suppatl by behavioral psy-
chology where an agent, e.g., an infant or a robot, interactsith its environment
trying to nd an optimal policy to perform a particular task. In every time step,
the agent performs an action reaching a new state and, sonmés, may obtain
either a reward or a punishment. The agent tries to maximizehe obtained reward
by choosing the best action in a given state (Sutton and Barfd 998).

One RL problem, that still remains open, is the time spent by mRL agent during
learning. It often requires excessive time to nd a proper gizy (Knox and Stone,
2009), mainly due to a large and complex state action spaceiainleads to excessive
computational costs. To overcome this issue, sometimes ar. Rgent may be
guided by a trainer in order to help the agent to nish the taskmore rapidly,
like parents assisting their children. In this regard, whennteracting with their
caregivers, infants are subject to di erent environmentalstimuli which can be
present in various modalities. Nevertheless, when more mditlas are considered,
issues can also emerge regarding the interpretation andegration of multi-modal
information, especially when multiple sources are con igtg or being ambiguous,
e.g., yielding low con dence levels| (Ozasa et al., 2012). Ascansequence, the
advice to follow may not be clear and may be misunderstood, @hence, may lead
the apprentice agent to a decreased performance when safvantask (Cruz et al.,
2016a).

In this thesis, we explore approaches aiming to speed up thd Rnethod, such
as interactive feedback using both agent-agent and humagent interaction, com-
plemented by the use of contextual a ordances, which are a mgralization of the
a ordance concept (Gibson, 1979), as a way to model possildetions in the en-
vironment. Therefore, the main research question can be std as: Can RL be
sped up by using parent-like advice and a ordance-driven environmental models?
A subset of supplementary research questions arise in orderanswer the main one
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1.3. Research Methodology

—» 3UREOHP VWDWHPHQW

L 5HYLHZ DQG DQ@DO\VLV RI
H[LVWLQJ DSS[URDFKHYV

L 6HW XS RI WKH

HISHULPHQWDO VFKHPH

L 5HVXOW YHULILFDWLRQ
DQG DQDO\VLV

L S5HSRUW RI U}

Figure 1.1: Five steps carried out into the scienti c method.

and to obtain a better understanding of interactive reinfacement learning (IRL):

How can an aordance-based model of the environment supporhe IRL
framework?

What constitutes a good teacher-agent when considering imtel knowledge
representation and interaction parameters?

How bene cial is uni- and multi-modal advice during the appreticeship pro-
cess?

These questions will be addressed in this document one by ongh the aim of

answering the main research question. In the context of a roblearning a new
task with an advisor suggesting actions in order to completbe task successfully,
we hypothesize that a concrete range of advice level is negéde obtain a good
performance by the robot. The advice level is measured in tas of the probability

of feedback and the robot performance in terms of the collect reward and number
of actions to nish the task.

1.3 Research Methodology

The presented research can be divided into ve main steps lekon the scienti c
method (see Fig] 1]1), as described by Nola and Sankey (2014):

5



Chapter 1. Introduction

Problem statement: As stated in the previous section, RL redges excessive
time to nd a proper policy. Moreover, by using IRL, if more malalities
are considered, issues can also emerge regarding the imetgtion and inte-
gration of multi-modal information, especially when mulgple sources are in
con ict or ambiguous.

Review and analysis of existing approaches: A comprehemsieview of the
theoretical framework and recent research has been carriedt. Since this
was a four-year research project, new approaches have eradrduring the
time that this thesis has been developed in and have also besurveyed.
As a result, a detailed overview of useful approaches and thdiiological
and psychological representations has been obtained désiag all methods
which are used in our project.

Set up the experimental scheme: The methods found in the preus step
have been integrated into a common robotic scenario, inclingy parent-like
advice to speed up the acquisition of the knowledge on how tenform a
domestic task. In this regard, di erent kinds of parent-lile trainers have
been used to evaluate the learner-agent performance.

Results veri cation and analysis: The results on achievinthe goal of com-
pleting the domestic task have been evaluated systematityal To this end,
the collected rewards of di erent learner-agents have beersed to assess the
convergence point and speed of convergence.

Report results: All the obtained results have been reportechtough dif-
ferent scienti ¢ publications in high-impact conferencesnd journals. Ad-
ditionally, this thesis itself also represents a way to repbthe nal ob-
tained results. In terms of code, all the routines developediring this re-
search project are available in a git repository. For furthredetails, refer to
https://git.informatik.uni-hamburg.de/cruz/IRL.

1.4 Novelty and Contribution of the Work

This work presents methods, experimental set-ups, and ndvesults on interactive
reinforcement learning. The main contribution to the stateof the art of IRL can
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be summarized in the following points:

Study of interaction parameters. Learning is dissimilarly a ected when
trainers with di erent interaction characteristics are used. We study the
probability of receiving feedback, consistency of feedda@nd learner-agent's
obedience. The consistency of feedback deserves specinéibn, given
that even very few mistakes in the advice given by trainers ngdead to a
considerably worse learning process.

Investigation of impact of di erent internal representations on | RL.
We contribute to a better understanding of the impact of di @ent internal
representations of the knowledge on the performance of IRResults sug-
gest that using polymath agents (agents with more distribigd knowledge
among the states) as trainers bene ts the learning processalding to greater
collected reward and faster convergence in comparison toesfalized agents.

Extension toward contextual a ordances. The classic idea of a or-
dances relates objects, actions, and e ects. We have introcked the concept
of contextual a ordances to model the actions in the enviroment taking into
consideration an additional variable for the state of the ant leading to a
more accurate representation of a ordances.

Interplay of interactive feedback and contextual a ordances. By us-
ing IRL along with contextual a ordances, learners take adantage of parent-
like trainer knowledge and a better understanding of the emonment. Thus,
the learner is able to collect a greater reward and for this neerges more
rapidly. Both approaches have not been utilized altogethen the RL frame-
work.

Analysis of e ects of uni- and multi-modal advice on IRL. Results
show that multi-modal stimuli bene t learners using RL in canparison to
uni-modal signals. Moreover, multi-modal advice modulateby contextual
a ordances enables to collect greater and faster reward iromparison to
autonomous RL and non-a ordances IRL.

Finally, from a more general view, the main contribution of tis work is to show
that learning of RL agents can be sped up by using parent-likevice, multi-modal
feedback, and a ordance-driven environmental models. Alhe aforementioned ap-
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Chapter 1. Introduction

proaches help individually, but, the combined use of themaels to greater bene ts
on the performance of IRL. All these results are described arakplained during
this thesis by means of di erent experimental set-ups.

1.5 Structure of the Thesis

The present document is organized into four main parts, eaabne of them is
described as follows:

I. Preamble and Basids: After a brief introduction to the prol@m and the way
to address it, we present the state of the art and a robotic seario which

will be utilized in the course of this work.

1. This is the current chapter which brie y describes what
motivates this thesis, states the problem along with de nig the main
research questions, and shows the methodology utilized tddxess the
problem. It also presents a brief description of the main nelties and
contributions.

2. [Theoretical Framework and Related Approaches: The statd the art is
presented from four di erent perspectives, all of them retad and used
during the development of the work. Initially, we present tle RL frame-
work and its components as well as the learning techniquesilited to
solve Markovian decision processes. Subsequently, we shbe main
elements of arti cial neural networks, including learningand training
methods. Consecutively, we present the a ordance concepbi the
classic perspective to the current use in robotics and agerntrol. Fi-

nally, we survey the main methods in IRL in autonomous agenthow-
ing the main problems of the classic RL approach and de ning érent
kinds of IRL.

3. [Robotic Cleaning-table Scenarjo: This chapter de nes aothestic sce
nario for a robotic agent. The scenario consists of a robotastding in
front of a table with the aim of cleaning it. The proposed scemio is
described as a Markovian decision process, and actions,teta transi-
tions, and a reward function are de ned. The scenario desption is
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an important section in this document since all proposed miebds are
assessed throughout this scenario. The task is initiallydened by an
agent autonomously and afterward, a second agent learns theme task
assisted by an external trainer, either arti cial or human.

Il. Agent-Agent Interactive Reinforcement Learning: The semnd part of the
document presents a general proof of concept for the propdsmethods in
the sense of an arti cial agent trained autonomously to aftebecoming itself

into a parent-like trainer. An arti cial trainer-agent enables to better control
some experimental variables as well as repeat the appresstip process more
quickly. Moreover, it presents the basis to subsequentlytnoduce a human
parent-like trainer in the next part.

4. [Interactive Feedback and Contextual A ordances: It is intoduced the
concept of contextual a ordance to model the actions in therwiron-
ment. This is linked with the rst research question: How can an
a ordance-based model of the environment support the IRL framework?
Contextual a ordances are implemented by an arti cial neual network
and then combined with IRL using an arti cial parent-like trainer. Fur-
thermore, we allow a decreasing frequency of feedback overd in order
to mimic human-agent interactive scenarios. Our results sk that IRL
using a ordances benets the learner-agent performance iterms of
collected reward and executed actions on each episode.

5. [In‘'uence of Di erent Trainer Types on Learner-Agent$: Ths chapter is
directly related to the second research questioWVvhat constitutes a good

teacher-agent? We investigate what characteristics are relevant for an
agent to become a good teacher. To this end, the frequency eédlback
and the consistency of feedback, as well as the learner-atgeobedience
are analyzed. The obtained results show that even using a pwiath
trainer-agent with a low probability of feedback and high cesistency of
feedback as an advisor, a learner-agent may learn in few eulss.

I1l. Human-Agent Interactive Reinforcement Learningl: In thethird part of the
thesis, the IRL is presented as an approach using human patdike trainers
this time, at rst with uni-modal auditory guidance only and then with
multi-modal audiovisual feedback. In this regard, this pdrof the document
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shifts our approach closer to naturalistic scenarios, cadsring multi-modal
stimuli complemented by an a ordance-driven approach late

6. [Speech Guidance Using a Domain-specic Language: We shadue t

IRL approach working with human parent-like trainers. To déver in-
structions or guidance we use an automatic speech recogoitisystem
through di erent kinds of microphones in order to evaluate bw the
hardware con guration a ects the speech recognition and esequently
the guidance for a learner-agent. We also perform experinterwith
environmental noise created by keeping an arbitrary distae from the
input sensors. Our results show that the speech-driven IRLpproach
improves the learner-agent performance in terms of the perfed ac-
tions over each episode.

7. [Multi-modal Feedback Using Audiovisual Sensory Inputs: Wextend
the speech-driven IRL approach in order to incorporate mutmodal

guidance which is related to the third and last posed resedrguestion:
How bene cial is uni- and multi-modal advice during the apprenticeship
process? We use audiovisual feedback identifying the advice assaeid
with the sensory input incorporating a con dence value. Whersing
multi-modal signals, it is necessary to deal with inconsiehcies of the
inputs, therefore, we propose a mathematical transformain to relate
the likeness level considering congruent and incongruemnsory inputs.
Afterward, we complement this multi-modal integration modéwith an
a ordance-driven approach to modulate the advice sent to # learner-
agent. Our best results are obtained by using multi-modal formation
with contextual a ordances during the apprenticeship proess.

IV. Closing The fourth and last part of the document presentshe nal conclu-
sions as well as appendices with additional material whiclk related to this
research but not directly utilized to address the posed remeh questions.

8. [Conclusionk: In this chapter, we summarize the main ideamsights,
and methods described throughout the thesis. After analyzinthe ob-
tained results, we develop the main conclusions and the cabuted
knowledge to the state of the art in IRL. Moreover, this chaptr dis-
cusses the open issues, describes limitations of the pragmbsodel, and
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gives the main directions in order to address future improveents.

A. Contextual A ordances with an Associative Neural Architectug: This
rst appendix shows an alternative method to learn contextal a or-
dances using an associative neural network. The robotic segio is
based on the aforementioned domestic scenario with slighdjastments.
The obtained results show that the self-organized architece is able
to learn the contextual a ordances in the proposed scenari@apidly by
mapping the network inputs into a complex-domain output.

B. [State Transitions of the Cleaning-table Scenarjo: The send appendix

shows more details of the search space in the robotic cleagitable
task. States and transitions are shown by means of nodes andges
respectively in a state machine.

C. [Published Contributions Originating from this Thesi$: This appendix
lists the scienti ¢ publications produced during the rese&h for the
present thesis. Publications include journal articles, cderence, and
workshops papers.
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Chapter 2

Theoretical Framework and
Related Approaches

2.1 Reinforcement Learning and Interaction

Learning is the process of acquiring knowledge, abilitiebghavior, or principles
through study, experience, or education, and as such, it i:e of the foundations
of intelligence, either human or arti cial (Russell and Noryg, 1995%). To use an
approach that includes learning is appropriate when full kwledge of the environ-
ment is not available at the moment of designing a solution (Kthell, [1997). It is

by learning that systems are provided with autonomy.

Reinforcement Learning (RL) (Sutton and Barto, 1998) is a kid of learning that
allows autonomous agents to learn using feedback receiveahi the environment
(Szepesvari, 2010; Busoniu et al/, 2010; Rieser and Lem@)11). The basic idea
is inspired by nature itself, based on the manner that peoplend animals learn
(Niv| 2009). RL is based on trying actions and observing whatdppens in the
environment. If actions lead to better situations, there ishe tendency of applying
such behavior again, otherwise, the tendency is to avoid $udehavior in the
future. Therefore, the problem is reduced to learn how to st optimal actions
to be performed in each situation to reach a given goal (Riegsand Lemon,|2011).

Aims may be expressed by a function (of reward) which assignsiamerical value
to each action performed by the agent from a particular situgon. Positive values
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Onn U O

Figure 2.1: An RL agent must associate what actions to select in each staie

order to maximize the collected reward.

indicate to the agent that the just performed action is good red negative values
indicate a bad action (Mitchel|, 1997). Moreover, each pafmed action leads the
agent to a variation of the current state.

RL implies to acquire new knowledge to improve the performar of an agent
interacting with its environment. However, the agent is not 6ld what actions to
take. The agent has to discover by itself what actions lead tmore reward by
trial and error (Marsland, |2015%). Hence, the agent has to assate situations (or
states) with actions which maximize:

2

ro+ ry+ ro+ i (2.1)

wherer; is the reward in episode and 2 [0; 1) the discount factor, a parameter
that indicates how in uential future actions are. Fig.[2.1 dgicts such a situation
for the three rst episodes.

2.1.1 First Insights

One of the rstideas which are related to RL is what Aristotle alled the contiguity
law. The philosopher expressed his idea as \things that oacoear each other in
time or space are readily associated”. The contiguity law isne of the laws of
association proposed by Aristotle around the year 350 B.C. @&ken, 1916).

One other important idea for the conception of RL is the clags conditioning also
known as Pavlovian conditioning or stimulus-response lgang (Pavlov, 1927).
Pavlov observed that when putting food in front of dogs, thewtarted to salivate,
but also observed a similar response to other stimuli as segithe person who
brought the food. Therefore, he experimented by ringing a besach time he fed
the dogs. Afterward, Pavlov rang the bell without feeding thedogs. The dogs
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2.1. Reinforcement Learning and Interaction

started to salivate regardless of the presence of food. Thudogs were giving a
response (salivation) to a stimulus (the bell). Learning bgonditioning is based on
stimulus-response rules, which means that Pavlov's dogs deno decisions, they
simply salivated because the ring of the bell reminded thent the food.

If we take into consideration that taken actions have consegnces, the learning
iIs not only through stimulus-response associations anyngor This is known as
instrumental or operational conditioning (Thorndike, 191). Thorndike examined
cats trying to escape from a box. The needed time to get out wasonitored as
the learning metric and showed a decreasing learning curw&ith his experiments,
Thorndike was able to establish that animals cannot only lea stimulus-response
relations, but also arbitrary behavior based on such stimul

Later on, Rescorla and Wagner (1972) introduced the erromglen learning princi-
ple, i.e., the update of an association value is proportioht the di erence between
the prediction and observed values. Le$; be a state andV(s;) the association
value in the states; at time t, then we may callsi.; the next state andV (Si+1)
the predicted value associated to the next state. The updat# the predicted value
can be described as:

VAs:)  V(s)+ [V(se1)  V(s)] (2.2)

with  being a small positive value called learning rate/ (si+1) V(st) the pre-
diction error, and V{s,) the updated association value in the states, at time t.
Eq. (2.2) constitutes an example of a temporal-di erence é&ning method given
that the update is done based on the di erenc&/(si+1) V(st) corresponding to
two estimations at di erent time steps.

2.1.2 Elements of Reinforcement Learning
Additionally to the agent itself and the environment, four man elements in RL
tasks can be identi ed (Sutton and Barto,/ 1998; Rieser and lpeon, 2011):

The control policy.

The reward function.

The value function.
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Optionally, a model of the environment.

Each of these elements will be explained in the following ssdctions.

2.1.2.1 Policy

The control policy de nes the way the agent behaves at every ament. It is a
correspondence between the state the agent is in and the acis that can be taken
in such a state. Moreover, it resembles the stimulus-respg association from

psychology.

In some occasions, the policy may be a function or a table, ither occasions more
complex approaches are necessary, such as arti cial neuratworks (Szepes\ari,

2010). The policy is the core of RL in the sense that it is enobgo determine the

agent's behavior.

2.1.2.2 Reward Function

The reward function de nes the objective of an RL problem. Itestablishes a
correspondence between each state of the environment (oatstaction pair) and
a value which indicates the desirability of every state. Thenly aim of an agent
during the learning process is to maximize the overall resed reward. In other
words, the reward function de nes what events are good or bddr the agent in
terms of the aim, being the only way to indicate it |(Mitchell,1997).

In biological systems, the reward may be related to pleasuend pain which are
also associated with the level of the dopamine neurotrangter in the brain (Niv,
2009). Obviously, the function is external to the agent andherefore it cannot be
modi ed by it.

2.1.2.3 Value Function

Alternatively, to the policy, the agent may also learn a funabn which indicates
how good each state is with respect to the aim, the so-calledlue function. On
the one hand, the reward function says what it is good in an imediate sense, on
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the other hand, the value function indicates what it is gooddr the whole task
execution (Busoniu et al., 2010).

The value of a state is the total amount of reward that an agentan expect
to accumulate in the future starting from that state. Reward are given by the
environment whereas values must be estimated from sequenoéobservations that
an agent accumulates through the operation.

2.1.2.4 Model of the Environment

The model is something that imitates or mimics the behaviorfahe environment.
For instance, given a state and an action, the model might pdect the result of
the next state and the next reward. Models are used to plan sie the action
to perform can be decided considering possible future sitians before they have
actually occurred.

One way to model the environment is by the use of a ordances (dene et all,
2017; Min et al,,| 2016). In fact, a ordances allow anticipahg the e ect of an
action which is performed by the agent in the environment. Tis model will be
presented further in Sec| 2]2 since it represents a fundantedrpart of the performed
experiments.

2.1.3 The Reinforcement Learning Framework

RL is a learning method which allows an apprentice agent toden from interactions

with the environment to reach an aim. The interaction is conhuous, namely, the
agent selects actions and the environment responds to thes#ions presenting new
situations to the agent. Furthermore, the environment serslnumerical rewards
that the agent attempts to maximize over time (Russell and Natig, [1995).

At each instant t, the apprentice agent receives some representation of thats of
the environments; 2 S, whereS is the set of possible states. In that stats;, the
agent selects an actiom, 2 A(s;), where A(s;) is the set of available actions irs;.
Afterward, as consequence of the performed action, the agerteives a numeric
reward ri.; 2 R and transits to a new states;,; (Sutton and Barto, 1998). Fig.
2.2 shows the classic RL framework where an agent $n performs an actiona;
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Figure 2.2: The classic reinforcement learning loop between the agentcathe
environment. Figure adapted from (Sutton and Barto, 1998).

in the environment which takes the agent to a new stats;.; besides obtaining a
reward r.q .

Each time, the agent updates the association between statasd selection prob-
abilities of every possible action. This association is nad policy and denoted
by with ((s;;a) being the probability of performing actiona; in state s;. RL
methods specify how the agent should change the policy as aul of its experi-
ence. Basically, the problem is to approximate a function : S! A whereS is
the set of states andA the set of actions. The agent aims to maximize the amount
of total reward obtained during the execution.

2.1.4 Markov Decision Processes

Markov Decision Processes (MDPs) are the base of RL tasks.dn MDP, transi-
tions and rewards depend only on the current state and the seted action by the
agent (Putermarn,| 1994). In other words, a Markov state contas all the informa-
tion related to the dynamics of a task, i.e., once the currendtate is known, the
history of transitions that led the agent to that position isirrelevant in terms of
the decision-making problem.

An MDP is characterized by the 4-tuple< S; A; ;r> where:
S is a nite set of states,
A is a set of actions,
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is the transition function :S A! S, and,
r is the reward functionr :S A! R.

As aforementioned, at each timd, the agent perceives the current state;, 2 S
and selects the actiors; 2 A to perform it. The environment returns the reward
re = r(s;a) and the agent transits to the states,.; = (S;a). The functions
r and depend only on the current state and action, i.e., it is a pr@ss with no
memory.

To formalize the problem we should consider that the agent wts to learn the
policy : S ! A which, from a states;, produces the greatest accumulated
reward over time (Rieser and Lemdr], 2011). Therefore, we cartend Eq. {2.2)
as follows:

rye + Mg + 2 T + 00 = "l =V (st) (2.3)
i=0
whereV (s;) is the accumulated reward by following the policy from an initial
states; and is a constant (0 < 1) which determines the relative importance
of immediate rewards with respect to the future rewards. If =0, then the agent
is short-sighted and maximizes only the immediate reward$t ! 1 the agentis
more foresighted and takes more the future rewards into acod.

2.1.5 Action Selection Methods

An agent choosing actions usually has to deal with the expldran/exploitation

trade-o problem, that is, the available information depems on the previously
performed actions and as such the agent has to explore theiaatspace o setting
the already explored good actions with others that it neverted (Marsland, 2015).

The agent needs a strategy to choose actions to perform in avgn state. In
the following, we review di erent alternatives to implemen such action selection
strategies.
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2.1.5.1 Greedy Method

The greedy method selects always the actiom which reports the greatest value
from a states;. However, it is risky because by exploiting good actions, ideed
at the beginning of the learning process, the agent could gstuck in local min-
ima and not consider potentially better actions|(Szepesw 2010). Formally, the
probability P(s;;a) of selecting an actiona in a state s; is de ned as follows:

8
2 1 ifa= argmax Q(s;a)
P(sia) = _ a2Als) (24)
0 otherwise

2.1.5.2 -Greedy Method

The -greedy method explores more in comparison to a greedy pwlido achieve
this, it utilizes an exploration factor , randomly chosen from a uniform distribu-
tion. Thus, the probability P(s;; a) of selection actiona in state s; can be formally
de ned as:

8
2 1 if a= argmax Q(s; &)
P(St, a) = S aj2A(st) (25)
otherwise

However, a drawback of this method is that iQ(s; a;) >> Q (s; &) then actions
a; and a, have the same probability of being chosen at the moment of dgpation

(Szepesvari, 2010). When comparing the greedy strategy Wit -greedy strategies,
it is observed that the greedy strategy may quickly get stuckr a local minimum

while the -greedy strategies in general converge to greater rewardu{en and

Barto, [1998).

2.1.5.3 Softmax Method

The softmax method uses a parametélr (so-called temperature) to determine the
level of exploration. On the one hand, i ! 1 , then all the available actions are
equally likely. On the other hand, if T ! 0, then the softmax method becomes

20



2.1. Reinforcement Learning and Interaction

greedy (Szepes\ari, 2010). The probability (s;; @) of selecting actiona from state
s; is formally de ned as follows:

eQsti)=T

P(s;;a) = P —=
a2A eQ(St,al)—T

(2.6)

Generally, T is reduced over time to benet the convergence. Neverthelessot
always it is easy to de neT because it depends on the order of magnitude of
Q(s;a). Moreover, it is dicult to state whether -greedy or softmax performs
better since this may depend on other task-related factornd the set parameters
(Sutton and Barto, |1998).

2.1.6 Temporal-Di erence Learning

Actions are selected according to a policy, which in psychology is called a set of
stimulus-response rules or associations Kornblum et|al.990). Thus, the value of
taking an action a in a state s under a policy is denotedq (s;a) which is also

called the action-value function for a policy .

In essence, to solve an RL problem means to nd a policy that bects the highest
reward possible over the long run (Mitchell, 1997). If therexists at least one policy
which is better or equal than all others this is called an optial policy. Optimal
policies are denoted by and share the same optimal action-value function which
Is denoted byg and de ned as:

g (s;a) =max g (s;a) (2.7)

This optimal action-value function can be solved through te Bellman optimality
equation forq as follows:

X
a(siad=  psis;ar(s;as)+ maxq (sial)] (2.8)

s0
wheres is the current state, a is the taken action,s® is the next state reached by
performing actiona in the state s, and a° are possible actions that could be taken
in s% In the equation, p represents the probability of reaching the state® given
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that the current state is s and the selected action is, andr is the received reward
for performing actiona in the state s to reach the states®.

For solving Eq. (2.8) diverse learning methods exist. Algahim 2.1 shows a general
learning method with an iterative update ofQ(s;a) based on temporal-di erence
learning (Busoniu et al.; 2010). Following, we revise two tiese iterative methods.

Algorithm 2.1.  General algorithm of temporal-di erence learning.
1: Initialize Q(s; @) arbitrarily

2: for (each episodelo
3: Choose an actiorg

4 repeat

5 Take action a

6: Observe rewardri,; and next state ;41
7 Choose an actiorg;1

8 Update Q(s; &)

9 St Stn

10: & Qi

11: until s is terminal

12: end for

2.1.6.1 On-policy Method SARSA

In the SARSA method, the update ofQ(s;; &) depends on the 5-tuple< sy; &; ry;

St+1; &+1 >, Which gave rise to the name SARSA (state, action, reward, $&
action). SARSA is an on-policy algorithm because it learns drfollows the action
selection policy (based on the value®(s;; &)) at the same time. Furthermore, the
value Q(s;; &) is updated using the valueQ(s;+1 ; &1 ) of the next action a;+; that

the agent will perform in the next iteration (Mitchell, 1997%).

The on-policy method SARSA solves the Eq.[ (4.8) consideringansitions from
state-action pair to state-action pair instead of transitons from state to state only
(Rummery and Niranjan,|1994). Every state-action value candupdated using

the following Eq. (2.9):

Q(s;a)  Q(sa)+ [rea + Q(Swa;ans) Qs a)] (2.9)
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2.1.6.2 O -policy Method Q-learning

The Q-learning method is an o -policy algorithm because itdarns the action
selection policy independently of the actions performed ltlge agent. The update of
the valueQ(s;; &) is carried out utilizing the value max; as,., )y Q(St+1 ; @), although
the agent might perform a di erent action in the next iteration (Mitchell, 1997).
Therefore, state-action values are updated according toehEq. (2.10) (Watkins,
1989;| Watkins and Dayan, 1992):

Q(si;a)  Q(si;a)+ [ree + maX)Q(sm;a) Q(st; &)l (2.10)

a2 A(st+1

Sutton and Barto (1998) carried out a task-oriented compason between SARSA
and Q-learning. They used a grid world called cli walking. e task consisted
of reaching a goal position, going through intermediate st@s receiving a negative
reward of 1 for each. In case that the agent stepped into a forbidden rieg (the

so-called cli ), the agent received a negative reward of 100 and it must restart

the task. Results showed the RL agent using SARSA to learn therlger but

safer path, keeping itself away from the cli, while the RL agnt using Q-learning
learned the shorter and riskier path.

2.1.7 Learning and Behavior

To autonomously explore the environment is one of the rst deeloping behaviors
for a human. An infant is constantly exploring its surroundiigs and learning from
it most of the time without the need of a trainer to instruct it on how to perform
a task.

Learning in humans and animals has been widely studied in megcience yielding
a better understanding of how the brain can acquire new cogine skills. We
currently know that RL is associated with cognitive memory ad decision-making
in animals' and humans' brains in terms of how behavior is germated (Niv, 2009).
Fig. [2.3 shows how the brain interacts with the world and prosses the sensory
inputs to generate motor actions. In general, computationaneuroscience has
interpreted data and used abstract and formal theories to I to understand
about functions in the brain.
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Figure 2.3. The brain-world interactive framework. The brain processesen-
sory information from the world using cognitive memory and ecision-making to
perform motor actions which are previously processed in theain.

RL is, therefore, a method used to address optimal decisiomaking, attempting
to maximize collected reward and minimize the punishment ev time. It is a
mechanism utilized by humans and in robotic agents. In dewgmental learning,
it plays an important role since it allows infants to learn tliough exploration of the
environment and connects experiences with pleasant fegiénwhich are associated
with higher levels of dopamine in the brain|(Wise et al;, 197&ershman and Niy,
2015).

The frontal cortex is known to play an important role in plannng and decision-
making (Payzan-LeNestour et al., 2013). Moreover, neuropsiplogy has shown
the role of the basal ganglia and the frontal cortex in mammin reinforcement
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2.1. Reinforcement Learning and Interaction

learning (Wimmer et al!,|2012). Based on neuroscience evidenthe basal ganglia
can be modeled by an actor-critic version of temporal di erece learning ((Rivest
et al.,|2004). RL has been shown in infant studies (Hammerend Eppinger, 2012;
Deak et al|,/ 2014) and in robotics| (Kober et al.,, 2013; Kormbsv et al|, 2013)
to be successful in terms of acquiring new skills, mappinguations to actions

(Cangelosi and Schlesinger, 2015).

In developmental robotics ((Cangelosi and Schlesinger, &Z)1di erent tasks such

as navigation, grasping, vision, speech recognition, andtpern recognition among

others, can be tackled by di erent machine learning paradigs, like supervised,
unsupervised or reinforcement learning (Bishop, 2011; Rex and Lemon, 2011). In
this thesis, we focus mainly on cognitive memory and decistmnaking which is the

central part in Fig. 2.3, but, we also include some ideas abosénsory processing
to complement the decision-making process. In our approactihe autonomous

agents are provided with no previous knowledge on how to penfn tasks and they

can learn only by making decisions when interacting with thenvironment and

through the reward obtained. Therefore, the learning pross is carried out with

RL.

2.1.8 Interactive Reinforcement Learning in Autonomous
Agents

As aforementioned, RL is a plausible method to develop goaikected action strate-
gies. During an episode, an agent explores the state spacthwithe environment,
selecting random actions which bring the agent into a new g& Over time, the
agent learns the value of the states in terms of future rewardr reward proximity,
and how to get to states with higher values to reach the targeby performing
actions (Weber et al., 2008).

To learn a task autonomously, an RL agent has to interact witlits environment in
order to collect enough knowledge about the intended task.LFhas demonstrated
to be a very useful learning approach; nevertheless, on soooeasions, it is imprac-
tical to leave the agent to only learn autonomously, mainly ge to time restrictions
or in other words, the excessive time spent during the leang process|(Knox and
Stone, 20009), mainly due to large and complex state spacesiethlead to excessive
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Figure 2.4: Interactive reinforcement learning extension including ra external

trainer. The trainer provides interactive feedback over th policy to the agent.

computational costs to nd a suitable policy (Ammar et al., 2@2). Therefore,
we aim to nd a way to accelerate the learning process. Thergedi erent ap-
proaches that attempt to speed up RL. Among them, interactiveeinforcement
learning (IRL) involves an external trainer who provides sme instructions on how
to improve the decision-making|(Suay and Chernova, 2011; i&ou et all,|2013).

Fig. [2.4 shows a general view of the IRL approach where an extal trainer is
added to the learning process to communicate feedback to tlearner-agent. Fig.
[2.5 shows a typical human-robot interaction where a robot &sssisted in its learning
by a human parent-like trainer who sometimes delivers adwcon what action to
perform in order to complete the task faster.

In domestic and natural environments, adaptive agent behaw is needed, utilizing
approaches used by humans and animals. IRL allows to speedthp apprentice-
ship process by using a parent-like advisor to support thedeing by delivering
useful advice in selected episodes. This allows to reduce gearch space and thus
to learn the task faster in comparison to an agent exploringufly autonomously
(Suay and Chernova, 2011; Cruz et al., 2015). In this regarthe parent-like teacher
guides the learning robot, enhancing its performance in theame manner as ex-
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2.1. Reinforcement Learning and Interaction

Figure 2.5: A scenario with human-robot interaction where the apprentie robot
is supported by a parent-like trainer to complete the task.

ternal caregivers may support infants in the accomplishmenf a given task, with
the provided support frequently decreasing over time. Thigaching technique has

become known as parental sca olding (Breazeal and Vebhsqm, 1998; Ugur et al.,

2015),

When working autonomously, the next action is selected by chsing the best
known action at the moment, represented by the highest staiaction pair, but
IRL speeds up the learning process by including the externadlvice in the appren-
ticeship loop. When using IRL, an action is interactively emmuraged by a trainer

with a priori knowledge about the desired goal (Thomaz et al200%; Thomaz and
Breazeal, 2006; Knox et al|, 2013b).

Early research on IRL (Lir},[ 1991) shows that external guidare plays an important

role in learning tasks, performed by both humans and robotkeading to a decrease
of the time needed for learning. Furthermore, in large spasavhere a complete
search through the whole search space is not possible, thaiter may lead the

apprentice to explore more promising areas at early stages aell as help to avoid

getting stuck in suboptimal solutions.
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The external guidance can be implemented through di erent sategies of inter-
action between an agent and an external trainer for develom joint tasks, such
as learning by imitation (Bandera et al., 2012), demonstrain (Konidaris et al.,

2012; Rozo et al., 2013; Peters et al., 2013), and feedback@¢maz and Breazeal,
2006; Thomaz et al., 2005; Knox et al., 2013a).

In particular for learning by feedback two main approachesra distinguished: pol-
icy and reward shaping. Whereas in reward shaping an exterrtahiner is able to
evaluate how good or bad performed actions by the RL agent aféhomaz et al|,
2005;| Knox and Stone, 2012), in policy shaping the action grosed by the RL
agent can be replaced by a more suitable action chosen by thdegnal trainer
before it is executed |(Cederborg et all, 2015; Amir et al., 26l When the ex-
ternal trainer does not give feedback, acceptance of the ext a or reward r is
assumed. In both cases, an external trainer gives interagi feedback to the ap-
prentice agent to encourage it to perform certain actions ioertain states to reach
a better policy leading to faster performance. Novel stratégs can emerge from
mixing both, namely, the advice on performing the actiom and manipulating the
received rewardr as well.

Pilarski and Sutton (2012) propose that human training and lection methods
can be projected to a two-dimensional space in terms of thepicitness and the
bandwidth of the feedback signal. Explicitness refers to éhcontent of explicit
semantics in the signal with the reward (reward shaping) inre extreme and
the instruction (policy shaping) in the other extreme. Banaidth describes the
complexity of the signal being the case of reward the simptesne and the case
of instruction the most complex one including multisensorues and real-time
operation.

Fig. [2.6 shows the policy shaping approach in IRL through febeck, where in-
teraction from an external trainer is given during the robds action selection.
Manipulating actions is a way to tell the agent that what it is currently doing is
wrong and should be corrected in the future (Thomaz and Breaal, 2007). The
reward shaping approach is shown in Fig. 2.7. In this case, tleternal trainer
may modify the rewardr and send its own reward to the agent specifying how
good or how bad the latest performed actiom was. Examples of this approach
were developed by Thomaz and Breazeal (2006) and Knox and $£0(2012).
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Figure 2.6: Policy shaping feedback approach for interaction betweenrabotic
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Figure 2.7: Reward shaping feedback approach for interaction betweerr@botic
agent and an external trainer. In this case, the external ageis able to modify

the proposed reward.

In an IRL scenario it is desired to keep the rate of interactio with an external
trainer as low as possible; otherwise, with a high rate of ietaction, RL becomes
supervised learning. Also, the consistency or quality of theeedback should be
considered to determine whether learning is still improvmpgiven that the external
trainer could also make mistakes (Grith et al., 2013). Supprtive advice can be
obtained from diverse sources like expert and non-expertmans, arti cial agents
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with perfect knowledge about the task, or previously traing arti cial agents with
certain knowledge about the task. In this thesis, we use botiuman and arti cial
trainer-agents. The arti cial trainers are themselves preiously trained through
autonomous RL and afterward, they are used to provide advicghich has been
formerly used in other works. For instance, in (Cruz et al|, @4,/ 2016a) advice is
given based on an interaction probability and consistencyf eeedback. In Taylor's
works, the interaction is based on a maximal budget of adviand they studied
which moment is better to give advice during the training (Torey and Taylor,
2013; Taylor et al., 2014).

In the following section, we will review a ordances as an atnative method which
enables to speed up RL. We will introduce it into the IRL framwork in order to
allow a learner-agent to speed up the learning process wargkiwith both interactive
feedback and a ordances.

2.2 A ordances

A promising alternative method to improve RL convergence ggd by modeling
the actions in the environment is the use of a ordances (Wanet al., 2013), where
cognitive agents favor speci ¢ actions to be performed witBpeci ¢ objects. Af-
fordances represent neither agent nor object characteiist, but rather the char-
acteristics of the relationship between them (Gibson, 19Y.9A ordances limit the
number of meaningful actions in some states and can reducestbomputational
complexity of RL.

2.2.1 Gibson's Proposal

A ordances are often seen as opportunities for action of an egt (a person, an
animal, a robot, or an organism). The original concept comesom cognitive
psychology and was proposed by Gibson (1966, 1979) as:

\When the constant properties of constant objects are perceived (the
shape, size, color, texture, composition, motion, animation, and posi-
tion relative to other objects), the observer can go on to detect their
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a ordances. | have coined this word as a substitute for values, a term
which carries an old burden of philosophical meaning. | mean simply
what things furnish, for good or ill. What they a ord the observer, after
all, depends on their properties."”

For instance, a soccer ball and a skateboard are objects whia ord di erent
actions. An agent interacting with these objects may kick thesoccer ball or ride
the skateboard, whereas the agent may not do the opposite. tls consider another
example: a cup and a sofa a ord di erent actions to a person whis able to grasp
the cup and sit down on the sofa but cannot do it the other way aund. Thus,
an agent is able to determine some object a ordances, e.ghet caused e ect of
performing a speci ¢ action with an object.

In Gibson's book, many diverse examples are given but no coete, formal de ni-
tion is provided. Even nowadays, we nd marked di erences aong cognitive psy-
chologists about the formal de nition of a ordances (Hortonet al.,|2012; Chemero,
2011) and these discrepancies could even be stronger betwdem and arti cial
intelligence (Al) scientists (Sahin et all, 2007; Chemeroral Turvey, 2007).

Horton et al| (2012) distinguish three essential charactestics of an a ordance:
The existence of an a ordance is associated with the capab#s of an agent;

An a ordance exists regardless whether the agent is able to qgeive it or
not;

A ordances do not change, unlike necessities or goals of areat

2.2.2 Developmental Robotics Perspective

In developmental robotics, a ordances are aligned with bascognitive skills which
are acquired on top of previous skills by interacting with tb environment (Moldovan
et al|,2012). It is expected that domestic service robotsde, recognize, and ap-
ply some social norms in the same way as humans do. Commonlesk social
rules are learned by interaction and socialization with ottr agents of the group.
In this regard, an object can be used in a restricted manner hoonsidering all
its action opportunities but only socially accepted actiog. These constraints of
use are usually shaped by the group norms and are called fuootal a ordances
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(Awaad et al.,|2015) which also lead to a reduced action spacguch a human-like
behavior is an important issue in developmental robotics (§aud and Droniou,
2016).

In the literature we can nd di erent approaches for learnirng a ordances in robotics;
for instance, Lopez et. al address the imitation learning pblem using a ordance-
based action sequences (Lopes et al., 2007). Moldovan et (@012) extend the
a ordance model allowing the robot to work with a second obf using an en-
larged Bayesian network to represent a ordances.

Jamone et al. (2017) recently studied a ordances taking intconsideration three
main aspects from di erent areas: psychology, neurosciencand robotics. Fur-
thermore, Min et al! (2016) surveyed a ordance research pgularly in the eld
of developmental robotics showing interesting insights ohow a ordances could
serve as a basis to develop architectures and algorithmidnmiples within arti cial
cognitive systems. In the following subsection, we preseatformal computational
de nition based on the original concept of Gibson.

2.2.3 Formalization of the Model

A ordances have been particularly useful to establish relainships between actions
performed by an agent with available objects. They have beeiilized in a way to
represent object/action information (Cruz et al., 2016a)Montesano et al. (2008)
de ne an a ordance as the relationship between an object, aaction, and an e ect
as the 3-tuple which can be written as:

a ordance :=< object, action; e ect > (2.11)

Hence, it is possible to predict the e ect using objects and @ons as domain
variables, i.e.:

e ect = f (object action) (2.12)

Fig. [2.8 shows the relationship between the previous compot® where objects
are entities which the agent is able to interact with; actioa represent the behavior
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S~

Figure 2.8: A ordances as relations between objects, actions, and e ext Objects
are entities which the agent is able to interact with, actios represent the behavior
that can be performed with the objects, and e ects are the re#ts caused by
applying an action (Montesano et al., 2008).

Table 2.1: Uses of learned a ordances by utilizing bi-directional
mapping.

Input Output Functionality

(object, action) | e ect Predict e ect

(object, e ect) action | Action planning and recognition

(action, e ect) object | Object selection and recognition

or motor skills that can be performed with the objects; and tb e ects are the
results of an action involving an object|(Montesano et al.,aDg; At | et al., [2010).

It is also important to note that the object in Eq. (2.13) can dso be a place or a
location, for instance, a hill a ords climbing. From here owards, we employ the
term object to refer to the a ordance component but we consider also lotans.
Once aordances are recognized and learned through the cooments of the 3-
tuple, it is possible to establish bi-directional mappingsvith di erent purposes
(Lopes et al.,[200]7), as shown in Table 2.1.
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Figure 2.9: All the objects in the picture a ord to grasp. Nevertheless, i human
agent has no free hand in a particular moment, then the a ordace of graspability
is temporally unavailable in that state until the agent relases an object.

2.2.4 Implications for Agent Control

The use of a ordances in robotics allows to address much margeresting problems
by reducing the action space due to retrieved relevant infioration from the world or
environment, allowing to identify what actions are possilel for a robot to perform

(Sahin et al., 2007). Nevertheless, although the aforemeanhed formalized model

has been shown to be suitable for many scenarios, it does notlude context
information which allows anticipating e ects in all situations properly

etall, [201).

For instance, let us consider the following scenario in witicve are given a set of
objects which a ord to grasp (as do the ones shown in Fi§. 2.9)n case we have
an agent with both hands already occupied with objects, thethe agent cannot
grasp a new object. In other words, the a ordance of graspdity is temporarily
unavailable until the agent places one object back on the téb which in turn
modi es the context.

The fact of not considering the context leads the agent to fadssues at the moment
of deciding what actions to take. Therefore, to control the gent, in terms of the
performed actions with an object and trying to predict the cased e ect, presents
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a more complex task to the learner-agent. Later on in this ttsgs, we will de ne an
extension of the proposed model by Montesano et|al. (2008)take environmental
variables into account and enable the agent to better decideetween available
actions and the corresponding e ects.

2.3 Discussion

In this chapter, we have reviewed the main approaches reldtéo our work, which

will be used throughout this thesis. First, we have reviewede RL basics and the
IRL framework. In this thesis, we address a scenario modelasl a Markov decision
process using RL agents with temporal-di erence learningnspired by behavioral
approaches. Autonomous agents are provided with interacévadvice using the
IRL framework.

Afterward, we have reviewed a ordances as an alternative to odel the actions in
the environment. One alternative to implementing a ordanes is to use arti cial
neural networks in which actions and objects may be used aguts to anticipate
the e ect of such an action. With this, we conclude the reviewfahe theoretical
framework and the main related works.

In the following chapter, we introduce a robotic scenario aa Markov decision
process in which we test the proposed methods in di erent egpmental set-ups.
The set-ups are shown in an agent-agent IRL framework and arnan-agent IRL
framework.

35



Chapter 2. Theoretical Framework and Related Approaches

36



Chapter 3

Robotic Cleaning-table
Scenario

3.1 Introduction

With the aim of evaluating the proposed methods and answerintpe research

questions, we have designed a simulated domestic scenaoicused on cleaning a
table. We model the problem as a Markov decision process asci#ed in Sec.
[2.1.4. Therefore, the task can be learned by an agent if a détion of the states, the

actions, the transition function, and the reward function $ given. In this scenario,
we have included objects, locations, and actions. Initigil a robotic agent has a
spongeand is standing in front of a table, in particular in front of aspeci c area

of the table which is desired to be cleaned.

We implement the robotic home scenario with an agent interéiag with a parent-

like trainer to perform the cleaning task. The task of cleanig the table is performed
with the use of the robot's right arm. To successfully comple the cleaning task,
it is necessary to carry out additional subtasks such as intecting with objects
on the table. The trainer is able to advise the learner robotrowhat action to

perform next.

Initially, we implement the proposed scenario by using ageagent interaction and
later on we extend it to human-agent interaction. By using agnt-agent interaction
we attempt to mimic a real human-agent interaction as much apossible and
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at the same time, having an arti cial trainer-agent allows o better control the
experimental variables. By using human-agent interactiowe rst developed the
IRL scenario with automatic speech recognition only to guelan apprentice robot
in the achievement of a task and, afterward, we extend the apgach to incorporate
visual information and integrate it with audio as a more robat guidance during
the apprenticeship process.

3.2 Domestic Scenario

The scenario is motivated by the increasing presence of rabon home environ-
ments. For robots to reach human-like performance on chaliging tasks, they still

need to be boosted in order to satisfactorily complete a giveask. Therefore, the
proposed cleaning-table scenario shows a daily-based tagkch can be performed
by robots assisted by human trainers as advisors.

The proposed scenario comprises three locations, two oliggand seven actions.
The robot is assumed to be placed in front of a table in order tolean it. The
three locations de ned in the cleaning-table scenario are:

I. left, the left section of the table;
ii. right, the right section of the table;

lii. home an additional position that is the initial and nal positio n of the robot's
arm.

The scenario comprises two objects that the robot can manifate using its gripper.
The two objects are:

I. sponge used to clean both sections of the table. Thepongeis placed at the
home position while not being used by the robot;

ii. goblet initially placed in one of the sections of the table and, thefore, it must
be moved from one section to the other during cleaning in ondéo end the
task successfully.

In this thesis, the experiments are conducted using arti cleagents and simulated
robots. Fig. [3.] shows an example of the domestic scenario isienulated envi-
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Figure 3.1: The simulated domestic scenario with the NICO robot. Our scimee
is composed of two objects, 3 locations, and 7 action classes

ronment. In the gures, it is possible to observe the robot irfront of the table
with two objects: the gobletand the sponge

3.3 Markov Decision Process De nition

In our domestic task, transitions and rewards depend only otihe current state
and the chosen action by the agent, hence, we model the taskaesMDP problem.
The following section de nes the robot scenario as an MDP. Fowing the actions,
the states, the transitions, and the reward function are psented.

3.3.1 Actions

The robot can perform seven di erent actions. These actiomsay be chosen by the
robot autonomously or through advice given by either an artial trainer-agent
or a parent-like trainer using multi-modal feedback for audvisual advice.

Available actions are as follows:
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(i)

(ii)

(i)
(iv)
(V)
(vi)

(vii)

Table 3.1: List of de ned objects, locations, and actions for the
cleaning-table scenario.

Objects || Locations Actions
sponge left go <location>
goblet right get drop

home clean| abort

GET: allows the robot to pick up the object which is placed in the sae
location as its hand.

DROPallows the robot to put down the object held in its hand. The ofect
is placed in the location where the hand is.

GO HOMHoves the hand to thehome position.
GO LEFTmoves the hand to theleft position.
GO RIGHTmoves the hand to theright position.

CLEANallows the robot to clean the section of the table at the current hand
position if holding the sponge

ABORTenables to cancel the execution of the cleaning task at anyre and
return to the initial state.

Table [3.1 shows a summary of objects, locations, and actiode ned for this

domestic cleaning scenario. For instance, let us now suppahat the gobletis

located on theleft side of the table at the beginning. The initial position of tie

robot's hand is the locationhome and we want to nish with the hand free and

abovehomewith both sides of the table clean. In this context, an episais de ned

as one attempt to reach the goal. The following example shotee shortest episode

to complete this task successfullyget, go right, clean, go home, drop, go left, get,

go right, drop, go home, get, go left, clean, go home, drophe example shows,

for one initial situation, the shortest sequence of action® reach the nal state;

therefore, the minimum number of actions to complete the @aing-table task is
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3.3.2 States

To implement the described scenario we developed a state tiae with two nal
states; each state is represented by a state vector of fouriles. These variables
are:

i. handObject: the object which is currently in the robot's hand, i.e.,sponge,
goblet,or free;

ii. handPosition : the position of the robot's arm, i.e. left, right, or home

lii. gobletPosition : the position of the gobleton the table, i.e., left, right, or
home

iv. sideCondition[] : a 2-tuple with the current condition of every side of the
table surface, that is, whether the table location has alrely been cleaned or
not.

Therefore, the state vector at any timet is characterized as follows:

s; =< handObject; handP osition; gobletP osition; sideCondition[] > (3.1

At the beginning of each training episode, the robot's handsifree at the home
location, the spongeis also placed at thehome position, while the gobletis at
either the left or the right location, and both table sections arelirty. Therefore,
the initial state sy may be represented as:

sp =< free; home leftjright; [dirty ; dirty ] > (3.2)

To complete the task, the robot must clean both sections of éhtable by moving
the gobletfrom one section to the other during the process of cleaningfter the
robot has cleaned both sections, the task is nished when tlspongeis placed at
the home position and the robot is with the handfree. Therefore, the nal state
St can be represented as:

st =< free; home leftjright; [clean; clean] > (3.3)

41



Chapter 3. Robotic Cleaning-table Scenario

From certain states, the agent can perform non-reversiblecgons which lead to
a failed-state from where it is not possible anymore to congik the task. These
actions include getting an object when the robot's hand is capied, to lose either
the gobletor the spongedue to an incorrectdrop, or cleaning a section of the table
where thegobletis also placed on.

De nition 3.1. Failed-state: Let us consider the set of state§ and the set of
actionsA. Given one sequence of stateg = fS;; Si+1; St+2; 5 Shgwith s, 2 S and
one sequence of actions, = fa; a+1; &+2; 31 ag which leads to s with a 2 A.
Thens = f(s; 1;8 1) forO<i n. Now, let A(st) be the set of all possible ,
from a states; 2 S. If @ 52 A(St) which produces a 5j s 2 s with s the
nal state =) s is a failed-state.

For instance, let us assume that the robot's hand and thgobletare at the left lo-
cation and the robot has just performed the actiomget from the state s, = <free,
left, left, [dirty, dirty]> transiting to the next state si.; = <goblet,
left, left, [dirty, dirty]> according to the four previous state variables;
therefore now thegobletis held in its hand over theleft position. If the robot then
cleans theleft section of the table with thegobletin its hand instead of asponge
it may shatter the goblet hence, it is not feasible to nish the cleaning task from
the following state s, .

The scenario consists of 53 regular states, i.e.: the ageststill able to complete
the task successfully from these states. Some regular statere shown in Table
[3.2 where the initial state is labeled as state number 1 ande¢hnal states are the
numbers 52 and 53. The states between number 16 and 30, and stegtes between
31 and 45 are not shown since they are the same as the rst 15tssmapart from
the sideCondition which are flean; dirty] and [dirty; clean] respectively (for more
details, refer to Apendix/B).

3.3.3 Transition Function

From the initial state, the state vector is updated every tine after performing an
action according to the state transition table as shown in Tale [3.3. The table
shows the seven possible actions. For the actign <pos> there are three di erent
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Table 3.2: Regular states de ned for the cleaning-table scenario.

States labeled as 52 and 53 represent nal states once thekas

completed.
Number | handObject | handPosition | gobletPosition | sideCondition(]
1 free home
2 sponge
3 free
4 sponge left left
5 goblet
6 free right
7 sponge
8 free home [dirty, dirty]
9 sponge
10 free left
11 sponge right
12 free
13 sponge right
14 goblet
15 goblet home home
46 sponge right
a7 sponge left left
48 sponge home
49 sponge left [clean, clean]
50 sponge right right
51 sponge home
52 free home left
53 free home right
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Table 3.3: State vector transitions. After performing an action the

agent reaches either a new state or a failed-state, if the tat, the

agent starts another training episode from the initial stag so. In the

proposed scenario, the actiogo <pos> includes three di erent

possibilities, i.e.,go home, go leftand go right

Action State vector update
Get if handPos == home && handObj == gobletthen FAILED
if handPos == gobletPos&& handObj == spongethen FAILED
if handPos == homethen handObj = sponge
if handPos == gobletPosthen handObj = goblet
Drop if handPos == home && handObj == gobletthen FAILED
if handPos !=home && handObj == spongethen FAILED
otherwise handObj = free
Go <pos> | handPos = pos
if handObj == gobletthen gobletPos = pos
Clean if handPos == gobletPosthen FAILED
if handPos == homethen FAILED
if handObj == spongethen sideCond[handPos] =clean
Abort handPos =home
handObj = free
gobletPos = random(pos)
sideCond = [dirty]*jpog

possibilities, i.e.,go home, go leftand go right. In the current scenario, considering

the state vector features, the 53 regular states represemwd divergent paths to

two nal states.

Assuming that the gobletis on theleft side of the table at the beginning, there are

two feasible paths for reaching a nal state from the initial tate. The upper path

(Path A) consists of cleaning rst the empty side of the table ad then moving the

gobletin order to clean the second side. The lower path (Path B) wadilconsist
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of moving the goblet rst to the right side and cleaning thdeft, and after that
returning the gobletto its original side for cleaning the second one. In each case
a nal state is reached involving di erent numbers of internediate states. The
ending sequence of each path contains four states in whiclethobot returns its
hand to the home location and drops thesponge

Fig. [3.2 depicts a summarized illustration of the state trarisons to reach a nal
state assuming thegobletto be at the left position initially. It can be observed at
the initial state that both sides of the table aredirty and from there on the two
possible paths to nish the task. Internally, in our algorithm we do not usdeft or
right, but rather sidel and side2 wheresidel is the side of the table where the
gobletis at the beginning of an episode, and it is feasible to starteaning any side
of the table because both paths can lead to a nal, successkthte. The gure
also shows the number of intermediate states involved in dapath. In order to
visualize the whole search space, all the state transitiooan be seen in Appendix
Each path leads to a di erent number of transited states with in turn also leads
to a di erent accumulated reward (see Sec[ 3.3.4). As we aldastated above,
the shortest path is composed of 15 actions for reaching theal state through the
path A.

As de ned, the same transitions may be used in scaled-up sceoa with more
locations on the table in a larger grid, since the de nition btransitions includes
only the object held by the robot and the hand position in ref@nce to either the
home location or the gobletposition.

3.3.4 Reward Function

As long as the agent successfully nishes the task, a rewarduadjto 1 is given to it,
whereas a reward of 1 is given if a failed-state has been reached. Furthermorg, i
is given a small negative reward of 0:01 for each transition in order to discourage
longer paths and loops. Therefore, the reward function canebsummarized as
follows:
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Path A

/18 states 4 states I

Cleaning
left side

Left dirty /
Right clean

Left clean /
Right clean

Cleaning

@ht side

Left dirty /
Right dirty

Path B
(Ieaning \
1 state left side .
Cleaning
Left clean right side Left clean /
/ >

Right dirty Right clean

\26 slates 4 st'é";es j

Figure 3.2: Outline of state transitions in the de ned cleaning-table senario.

Two di erent paths are possible to reach a nal state. Each ptn implies a di erent
number of intermediate states which in uence the total amont of collected reward
during a learning episode. Path A comprises 23 states and B 8thtes. See more
details in Appendix@.

r(s) =

8
5 1 if sis the nal state
5 1 if sis a failed-state (3.4)

0:01 otherwise

3.4 Parent-like Advice

Although the robot is able to perform actions autonomously ulsg RL, by using
a parent-like trainer to advise the robot at specic steps abut what action to
perform next, we want to reduce the time required to learn theequence of actions
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3.4. Parent-like Advice

(b) Go left (c) Go right (d) Go home

(e) Get (f) Drop {g) Clean (h) Abort

Figure 3.3: Gestures used as advice in the robotic scenario. Red arro@present
the hand movement performed to advise the robot.

for nishing the task.

For our scenario, we de ne a set of possible advice classeatthan be given to
the robot by a trainer. The trainer can be either another premusly-trained ar-
ti cial agent or a human with knowledge about the task. When umg arti cial
trainer-agents, we assume the advice cues to be directly ebsble, however in the
case of a human parent-like trainer, they may use audiovisusignals to provide
interactive feedback to the learner-agent, therefore, da@dvice class has a spo-
ken representation in a domain-based language and a visuapresentation with
gestures from vision.

The advice can be delivered at any time with the following adee classesgo left,
go right, go home, get, drop, cleargnd abort. In the case of audio inputs, we use
33 voice commands belonging to the seven aforementionedssks. For example,
the instruction go right could also be stated ago to the right move (to the) right
or change (to the) right but all of them would belong to the same advice class.
In the case of visual inputs, we include seven gestures, eadlthem representing
an advice class. Additionally, since gesture labels are contously predicted from
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Chapter 3. Robotic Cleaning-table Scenario

Figure 3.4: An example of the simulated home scenario where agents penfior
the actions in the environment which is created in a robot siolator. The trainer-
agent to the left advises the learner-agent in selected sést what action to perform
next.

depth map video sequences, we add the lakstlll to indicate no advice at that
moment. Fig.[3.3 shows the gesture advice classes using RGBifdrmation from
a depth sensor.

The cleaning-table task is carried out by a robot in a simul&d environment using
the V-REP simulator (Rohmer et al|, 2013). All actions are pedrmed using only
one arm and one e ector. Fig.[3}4 shows an example of the domestobotic

scenario with two robotic agents where one agent, which habeady learned the
task by using autonomous RL, becomes the trainer of a secorabot. The second
agent performs the same task supported by the trainer-agentth selected advice
using the IRL framework. We did not focus on investigating grsping since the
main aim of this work is to learn the right sequence quickly. Nertheless, for
reaching the de ned locations we employed direct planningnd for grasping inverse
kinematics as a support for low-level control. Both appro&es are available in the
robot simulator (Rohmer et al}, 2013).
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3.5. Discussion

3.5 Discussion

In this chapter, we have presented a domestic robot scenarid’he scenario is
de ned as a Markov decision process with actions, states,dHransition function,

and the reward function. Moreover, in the IRL context, we ha® introduced the
parent-like advice in terms of auditory and visual feedbackrhe de ned simulated
scenario is used in the following chapters to investigate drent experimental set-

ups in order to test our proposed methods and compare the rétsubetween the
RL and IRL frameworks.

First, we will show an agent-agent IRL scenario with an arti eal agent, previously
trained by RL, being the trainer-agent. In this context, we mtroduce an a ordance-
driven model to avoid failed-states and we also explore thetérnal representation
of the knowledge in trainer-agents and the e ects by considag such di erent
representations. Moreover, we study the interplay of intaction parameters as
the probability of receiving feedback, the consistency oéédback, and the learner-
agent's obedience.

Subsequently, we will show a human-agent IRL scenario withulman parent-like

trainers advising the learner-agents. We perform experimis using as advice uni-
and multi-modal feedback cues in terms of audio and audiouisl signals respec-
tively.

49



Chapter 3. Robotic Cleaning-table Scenario

50



Part ||

Agent-Agent Interactive
Reinforcement Learning

51



52



Chapter 4

Interactive Feedback and
Contextual A ordances

4.1 Introduction

In robotics, there has been considerable progress in thetlgsars allowing robots
to be successful in diverse scenarios, from industrial emmnments where they are
nowadays established to domestic environments where thpiesence is still limited
(Tadele et al},|2014). In domestic environments, tasks ofteequire active parent-
like participation in order to execute the tasks more e ectiely. In particular,
in the simulated home scenario which we have proposed in ckep3, the agent
has to perform the task assisted by an external trainer givindi erent degrees of
guidance.

In this chapter, we present an IRL approach for the domesticask of cleaning a
table and compare three di erent learning methods using siatated robots: re-
inforcement learning (RL), RL with contextual a ordances b avoid failed-states,
and the previously trained robot serving as a trainer to a sead apprentice robot
in an interactive reinforcement learning (IRL) framework. The experimental set-
up is designed and performed in order to answer the rst reseh question of this
thesis: How can an a ordance-based model of the environmenipport the IRL
framework?

Contextual a ordances are a generalization of Gibson's amlance concept. The
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Chapter 4. Interactive Feedback and Contextual A ordances

latter has recently been used successfully in robotics (Hort et al), 2012; Min et al.,
2016; Jamone et all, 2017). As mentioned before, we are intéeesin introducing
contextual a ordances into the IRL framework in order to albw learner-agents
to speed up the overall learning process working with both teractive feedback
and a ordances. In this regard, contextual a ordances all to avoid failed-states
which enable the agent to complete the task in fewer episodé&e implement con-
textual a ordances with an arti cial neural network (ANN) to estimate either the
robot's next state or whether the a ordance is temporally uavailable. Although
the agent working autonomously must be able to complete theask with RL, the
learning process is expected to be slow and with a low rate ofcsess. We want to
show that working with RL and contextual a ordances, fewer ations are needed
and can reach higher rates of success.

Afterward, we test di erent levels of interaction and consitency of feedback to
show how they in uence the IRL performance. For good perforamce with IRL,
considering the level of consistency of feedback is essantsince inconsistencies
can cause considerable delay in the learning process. Ingeh we want to demon-
strate that interactive feedback provides an advantage fdearner-agents in most
of the learning cases.

4.2 Contextual A ordances

As stated, we are interested in reducing the needed actionsaof episode to reach a
reasonable performance in both approaches, RL and IRL. THi®comes especially
important when it is desired to work in real scenarios, becaa, while in simulated
environments it is feasible to run many episodes in a shorintie, in a real environ-
ment one cannot a ord to run excessive episodes until readlg a suitable policy.
To this aim, we use a ordances to reduce the number of actionsvolved in each
episode.

If an a ordance exists and the agent has awareness of it, thetaal, next step is
to determine if it is possible to utilize it considering the gent's current state. If
the a ordance is temporally unavailable, as shown in Fig. 2,9his does not mean
that the a ordance does not exist, to the contrary, the a ordance is still present
but it just cannot be used by the agent in that particular situation.
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4.2. Contextual A ordances

Kammer et al| (2011) proposed to consider the dynamics in thenvironment in

which the object was embedded rather than dynamic states ohé agent. The
awareness of this extra variable is called situated a ordaes (Kammer et al.,
2011). Even though a formal de nition was provided, neithempplications nor

results are shown in their work. Nevertheless, we use the saomcept to address
the problem when the agent's state is also dynamic. Thus, wegpose a model
where the current state of an agent is also considered for tleeects of an action

performed with an object, we call this contextual a ordance In this case, the
a ordances 3-tuple shown in Eq. [(2.11) is now extended to:

contextualA ordance :=< state; object, action; e ect > 4.1)

Now, to predict the e ect after performing an action, we consler the following
function:

e ect = f(state; object, action) (4.2)

For instance, given an agent performing the same actianwith the same object
o, but from a di erent agent's state s; 6 s,: when actiona is performed, di erent

e ects e; 6 e, could be generated, since the initial states; and s, are di erent. It

is unfeasible to establish di erences in the nal e ect wherwe utilize a ordances
to represent it, becauses; = (a;0) and e, = (a; 0). Hence, to deal with the current
statess; 6 s,, an agent must distinguish each case and learn them at the sam
time utilizing contextual a ordances de ned by e; = (s;;a;0) and e, = (Sp; a;0),
establishing clear di erences between the nal e ects.

Fig. shows the relationship between object, action, e gcand the agent's
current state. We use contextual a ordances to provide knolwdge about actions
that lead to undesirable or failed-states from which it is nopossible to reach
the goal. Therefore, the action space is reduced by avoiditigese states. In our
approach, the set of possible actions is Itered for every dm@that the agent is in.

At rst, we ran a classic RL algorithm to con rm that failed-states are not a
problem as such; they can be handled and controlled by givimgunishment (or
negative reward). In this case, the agent is discouraged taefgform that action
from the same state in the future. However, a more suitable stiegy is to consider
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Figure 4.1: Contextual a ordances as relations between state, objectactions,
and e ects. The state is the agent's current condition and derent e ects could
be produced for di erent occasions.

the use of a ordances which have been shown to improve the eengence speed
of learning algorithms (Koppula et al.,| 2013; Kober and Pets, |2012).

The contextual a ordance model allows us to determine befehand when it is
possible to apply an a ordance. Given the robotic scenarioedhed in Sec.[3, we
are able to set the presence of four di erent contextual a atances which allow
us to determine whether objects argraspable, droppable, movabley cleanable
according to the robot's current state.

4.3 Experimental Set-up

To carry out the experiments, rst, we used the classic RL appach to train a
robot for reaching the nal state. Afterward, we introduced ontextual a ordances
attempting to reduce the needed episodes to obtain a satisfary performance
in terms of collected reward and performed actions for readg the nal state.

Finally, a second agent was trained using IRL and receivingddback from the
previously trained robot that sometimes showed which actioto choose in a speci ¢
state. The detailed implementation of these methods is exphed in this section,
while the obtained results are shown in the following sectio
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4.3.1 Learning Contextual A ordances with a Neural
Architecture

The model with contextual a ordances enables us to predicthe e ects of speci c

actions by using a simpli ed arti cial neural network that |earns the relationship
of the states, the actions, and the objects. Contextual a atances are used in
both autonomous RL and IRL, i.e., the selected action eithdry the agent or the

parent-like trainer may be disallowed if the e ect of perfaming such an action

leads the agent to a failed-state.

It has been shown that a multilayer feedforward neural netwk with only one

hidden layer and a su cient number of neurons in this layer isable to approxi-

mate any continuous non-linear function with arbitrary preision (Cybenko, 1989;
Funahashi, 1989; Hornik et al., 1989). Therefore, to learn ¢relationship between
inputs and outputs when using contextual a ordances we impimented a multilayer
perceptron (MLP) which is a feedforward network with one hiden layer.

We encode all the variables as presented in Talle 4.1 where sieow a localist
data representation for objects, locations, side conditig, and actions. In side
conditions, lettersd and c represent the fact of beinglirty or clean for each part

of the table. Afterward, we use this representation to desigthe neural model
as shown in Fig[2.p. As input, we use vectors with 20 componerits order to

represent the information about the current state and the dmn as the a ordance

input. The current state is represented by the rst 13 compoents in the input

vector considering the data representation for the four vables that de ne a state,

i.e., hand object, hand position, goblet position, and sideondition. The output

corresponds to the e ect from contextual a ordances encodeas a vector with 13
components representing the next state. If the performed @an leads to a failed-
state, then all components of the output vector are equal toezo. The multi-layer

perceptron has 30 hidden neurons with a sigmoid transfer fation and the neurons
in the output layer use a linear transfer function. The numbeof neurons selected
in the hidden layer is empirically determined related to our cenario. We use
Nguyen-Widrow weight initialization (Nguyen and Widrow, 1990)and the second
order training method Levenberg-Marquardt Hagan and Menhgaf1994) for 100
epochs.
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Table 4.1: Representation of training data used for neural network
classi cation.

Data Representation

Objects Locations Side conditions

free [LOO]|| home| [100] | dd [1000]
sponge [ [010]| left | [010] | dc [0100]
goblet [ [00 1] right | [00 1] || cd [0010]
cc [000 1]

Actions

grasp |[[1000000]| goright| [0000100]
place |[0100000]| clean [0000010]
go home| [0010000]| abort [0000001]
goleft | [0001000Q0Q]

State(t+1)
0 1 2 3 4 5 6 7 8 9 10 11 12
| I | | | | | | |
OOOOOO0OO0OOO
handObject handPosition cupPosition sideCondition
Hidden Layer
30 hidden units
0 1 10 12 13 14 15 16 17 18 19
| | I I | | | I | T
OOEN 010 0000000
S o - State(t) Action(t)
=~ \
-~ ~ - X \
0 1 2 3 4 >~ .6 7 8 9 10 11 12
| I I | | | | | |
OOO0O0OO0OO0O0O0O
handObject handPosition cupPosition sideCondition

State(t)

Figure 4.2: Multi-layer perceptron architecture for future state predction. In
our scenario, the next state reached by the robotic agent regsents the a ordance
e ect.
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To obtain data, we initially used a previous run of autonomosi RL to collect ac-
tions that lead to failed-states. The total number of data saples is 371 instances
for the training of the multi-layer perceptron. The MLP is enployed as an asso-
ciative memory to map states, actions, and objects to the sabquent e ect, as in
Eq. (4.2). Therefore, the neural network is able to store nainly failed-states but
also transitions when an action leads to another valid stateThe neural network
training is carried out in an o ine fashion before the IRL exeution with the pre-
viously collected data. Information about failed-states my be gathered by others
sources as well, like the transition function or when the tiaer-agent is performing
autonomous reinforcement learning. Thus, to compare fajrin a ordance-driven
approach to other approaches, it is necessary to have infation about failed-
states rst, otherwise this must be learned in an online marer.

4.3.2 Interactive Reinforcement Learning Approach

Since RL is used, most of the time the robot performs actionsigmnomously by
exploring the environment unless guidance is delivered byd previously trained
robot which already has full knowledge on how to carry out theask. The appren-
tice robot takes advantage of this advice in these periods ding a learning episode
and performs the suggested actions trying to complete thedia with fewer actions.

In the learning algorithm, to solve equation Eq. [(2]8), we &w the robot to
perform actions considering transitions from state-actiopair to state-action pair
rather than transitions from state to state only. Therefore we implement the
on-policy method SARSA (Rummery and Niranjan, 1994) to updatevery state-
action value according to Eq. [(4B):

Q(si;a) Q(sa)+ [rss + Q(Swisans:) Qs a)] (4.3)

wheres; and si+; are the current and next state respectivelya, and a;+; are the
current and next action, Q(s; &) is the value of the state-action pair,ry; the
collected reward, is the learning rate and the discount factor. The parameters
used in Eq. [4.8) are empirically set to = 0:3 and = 0:9 considering values
2 (0;1). Furthermore, we use the-greedy method for action selection with = 0:1.
Therefore, 10% of the time the agent selects an exploratorgteon and 90% of the
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time the next action a; is determined as shown in Eq.[ (4]4):

a; = argmax Q(st; a) (4.4)
a2A

wheres; is the current state at timet, a is an action, andA corresponds to the set
of all actions. Algorithm[4.1 shows this action selection mkbd, whereas algorithm
presents the classic RL approach where it is used as a suline.

Using contextual a ordances we slightly modify the policy fothe action selection
shown in Eq. [4.4) as in the following expression:

a; = argmax Q(st; a) (4.5)

a2As

wheres; is the current state in timet, ais an action, andAg corresponds to a subset
of available actions in the current states;. The subset is determined based on the
contextual a ordances (see Eq.[(4]1) and Fig. 4,1). In this gard, it is possible to
anticipate the e ect of performing the action with an objectin a particular state.
Algorithm 4.3 shows the action selection method used duringlRwith contextual

a ordances where the subseA is created by observing the contextual a ordances
in each state and populated with the actions which return a Val next state value.

Algorithm 4.1. selectAction = method used in the classic reinforcement learn-

ing approach
Input: Agent's current state s;

Output:  Next action a; to perform
1. function selectAction (s;)

2 if rand(0;1) < then
3 a  choose any random actioa from A
4 else
5: a, argmaxQ(s;;a)
a2A
6 end if
7 return &
8: end function

We use theadvise method parameters |(Gri th et al.,| 2013) for interaction, i.e.,
probability of feedbackL and consistency of feedback. Algorithm #.4] shows the
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Algorithm 4.2. Classic reinforcement learning approach with the on-polic

method SARSA
1: Initialize Q(s; a) arbitrarily

2: for each episodalo
3: Choose an action usingy  selectAction(  s;)

4 repeat
5 Take action &
6 Observe rewardr+; and next state s+,
7 Choose an action usin@., selectAction(  S+1)
8 Q(s;a) Q(si;a)+ [res+ Q(Swisan:) Qs a)]
9 St St+1
10: at ai+1
11: until s is terminal
12: end for
Algorithm 4.3.  selectActionWithAffordances method used in the rein-

forcement learning with contextual a ordances approach
Input: Agent's current state s;

Output: Next action & to perform
1: function selectActionWithAffordances (st)
2: Create subsetAq

3 if rand(0;1) < then

4: a  choose any random actio from Ag
5 else

6 a  argmaxQ(s:;a)

) a2As
7: end if

8: return &
9: end function

method used when advice is required. The higher the values@fthe more often
a good advice is given. In this context, the best advice is abohed from the subset
of available actionsAs considering the highest state-action pair from the trainer
agent, whereas the worst action advised is also taken frofiy but considering the
lowest state-action pair. In Algorithm[4.4, we use the worst @vice instead of
random advice to distinguish it with an exploratory action.
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Algorithm 4.4. getAdvice method used in the interactive reinforcement learn-

ing approach with contextual a ordances

Input: Agent's current state s;
Output:  Next action a; to perform
1. function getAdvice (st)
Create subsetAg
if rand(0;1) < Cthen
a;  best advice fromAq
else

end if

2

3

4

5

6: a;  worst advice fromAg
-

8 return a;

9

: end function

Algorithm 4.5. Interactive reinforcement learning approach using contéxal

a ordances and interaction

1: Initialize Q(s;a) arbitrarily
2: for (each episodepo
3 Choose an action usingy  selectActionWithAffordances(

4 repeat

5 Take action &

6: Observe rewardr.; and next state s,

7 A1 selectActionWithAffordances( St+1)
8 if rand(0;1) < L then

9 Change actiona;;;  getAdvice( Si+1)

10: end if

11: Q(s;a) Q(si;a)+ [res+ Q(Swrsani) Qs a)]
12: St Stu

13: at A1

14: until s is terminal

15: end for

St)
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In our experiments we use the policy shaping method describie Sec.[2.1.B. Algo-
rithm 4.5 shows the IRL approach using contextual a ordanceand interaction by
means of the subroutineselectActionWithAffordances and getAdvice
shown in algorithms[4.B and 414 respectively. The conditiahstatement in line[8
of algorithm represents the fact that the external traier delivers advice and
changes the next actiora;.; by calling the methodgetAdvice where contextual
a ordances are used.

Each set-up was carried out 100 times using the obtained aage values for the
subsequent analysis. The Q-values were initialized randbnusing a uniform prob-
ability distribution between 0 and 1.

4.4 Experimental Results

4.4.1 Training an Agent Using Classic RL

In this rst step, simulations are performed to train the rst agent with the SARSA
algorithm (see Eq. [(4.B)) using the reward function shown iq. (3.4). Due to
a large number of states, and since many of them are actuallgiled-states, the
agent needs more than 400 episodes of training to reach thealnstate at least
once in 100 attempts. Fig.[ 4]3 shows the average number of acs involved in
every episode until reaching the nal state with green cross. Here, the number
of actions is only shown when the nal state was reached; hendn the episodes
where no cross is shown, only failed-states were reached.the rst half of the
training the nal state was reached just a few times, but in tke last part the agent
becomes more successful and furthermore, in these casesecto 15 actions are
being performed which in fact is the minimal number of posdi actions.

The dashed green line shown in Fig. 4.3 with a di erent scale dhe y-axis repre-
sents the percentage of successful runs. This curve is cidted by a convolution
using 50 neighbors to make it smoother and we observe that thmtial percentage
of success is very low. Nevertheless, additional tests havewn that the curve
keeps growing, although it only reaches success rates of 35Phis clearly shows
the diculty in obtaining a stable behavior by RL and the corresponding long
training times. When comparing to previous work|(Cruz et al.2014), we have
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Figure 4.3: Average number of actions needed for reaching the nal staterf
classic RL (green) and RL with contextual a ordances (blue)ver 100 runs in
1000 episodes. For classic RL, the average number of actishown as a green
cross only if at least one run was successful. Dashed linesvgtihe rate of success
of runs that have reached the nal state, which is always 1 inie case of RL with
contextual a ordances since failed-states cannot be reaath anymore. The rate of
success was smoothed by a moving average with window size 50.

obtained a substantial improvement. By including a small rgative reward after
each performed action, the robot is encouraged to choose o paths towards
the nal state. This negative reward leads to faster convesnce and improved the
success rate considerably from previously 4% to the levebst to 35%.

The average collected reward over 100 runs in 1000 episodeshown in Fig.[4.4.

It is possible to see that the reward curve starts with valuesf -1 which mean that

in the beginning the robot fails the task immediately and upd 600 episodes later
is still failing most of the time. However, after 600 episode$e robot is able to

nish the task more regularly and thus increasing its collded reward.
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Figure 4.4: Average collected reward over 100 runs using classic RL in 000
episodes. The collected reward starts at -1 which means thebiot failed on per-
forming the cleaning task most of the time immediately. Fromthere onwards and
until approximately 600 episodes the robot still mostly fds the task and then
completes it more and more often.

4.4.2 Training an Agent Using RL with Contextual
A ordances

As mentioned in the previous subsection, excessive episodes required in order

to reach a stable system. Even though this is computationgllexpensive it would

be feasible in a simulated environment. Nevertheless, it widube unfeasible to

perform these quantities of episodes in a real scenario. Témre, we decided to
explore the benet of contextual a ordances which are implmented to reduce

the valid action space for the agent by avoiding failed-stas. Fig. shows
the number of actions in each episode with this set-up. Usindpis approach, we

manage to reduce the number of episodes considerably, ivee, need less than 100
episodes to obtain a stable behavior and an average numbermeiformed actions

close to the minimum.
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Figure 4.5: Average collected reward over 100 runs using RL with contexl

a ordances in 80 episodes. The collected reward starts adigy near to 0 since
in the beginning the robot does not have knowledge on how to f@m the task

but the nal average reward is much bigger than in the previosi case since no
failed-state is reached anymore.

Whereas in the classic RL method the probability of successssll low in the rst
episodes of training, in this set-up no episode ends in a &lstate because of the
use of contextual a ordances since an episode can only endemithe agent reaches
the nal state (see dashed blue line in Fig[ 4]3), which also pduces considerably
lower variation in comparison to the preceding method.

Fig. [4.5 shows the average collected reward over 100 runs ifyo80 episodes to
highlight the behavior in the rst part of the training. It ca n be seen that the
reward curve starts with values close to 0 (0:0024 in the rst episode) since in
the beginning, the robot needs many intermediate actions tihcompleting the

task but around 60 episodes later the robot is able to nish th task performing
a number of actions near to the minimum and increasing the aage collected
reward.
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4.4. Experimental Results

Figure 4.6: Average number of actions needed for reaching the nal staterf
RL with contextual a ordances approach (blue diamonds) andRL approach with
di erent probabilities of interaction L and a xed probability of consistencyC=1
over 100 runs. The agent takes advantage of probabilities miteraction as small
asL = 0:3 by reducing the total number of performed actions.

4.4.3 Training a Second Agent Using IRL with Contextual
A ordances

Once a rst agent has been trained, a second agent is trainedtkvan IRL approach

that allows manipulating selected actions as shown in Fig. &. In this method,

the external trainer that provides feedback is the trained gent which already has
knowledge about the task to be performed. Furthermore, we ba the interaction
model on theadvisemethod (Gri th et al., 2013) which uses two likelihoods, Cto

refer to the consistency of feedback which comes from an exi@ human agent,
and L to refer to the probability of receiving feedback, i.e., akelihood that an

external human agent delivers guidance at some point.

First, we tested diverse values foL. and C to investigate the in uence within the
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Figure 4.7: Average collected reward over 100 runs for RL with contextuaif-
fordances approach (blue line) and IRL approach with di emet probabilities of
interaction L and a xed probability of consistencyC = 1. After 50 episodes all
approaches reach a reward over 0.8.

learning process in terms of performed actions and colledteeward. Fig. [4.6
shows the average number of performed actions with2 [0:1;0:9] andC= 1. As
a reference, the number of performed actions with RL usingmextual a ordances
is shown with blue diamonds which is equivalent to have = 0. We can see that
even with a probability of feedback as small as = 0:3 the agent can improve its
performance, especially in the rst episodes. Moreover, Fi#.7 shows the average
collected reward by the agent over episodes for di erent uagés ofL .

Afterward, we explored the learning behavior with di erent \alues for the consis-
tency of feedbackC. The higher the consistency, the more accurate the advice
which means that fewer mistakes are made during the learniqocess. We also
use contextual a ordances but in this case, the worst guidae is advised as shown
in algorithm .4 and as a result, a bad advice is selected angpthe actions which
still do not lead to a failed-state.
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4.4. Experimental Results

Figure 4.8: Average number of actions needed for reaching the nal staterf
RL with contextual a ordances approach (blue diamonds) andRL approach with
di erent probabilities of consistencyC and a xed probability of interactions L =

0:5 over 100 runs. The agent takes advantage of probabilitie§ iateraction larger
than C = 0:5 by reducing the total number of performed actions as smalseRL
with contextual a ordances approach.

To investigate the consistency of feedbadk, we xed the average probability of
feedback toL = 0:5 and then performed experiments with di erent consistency
C 2[0:1;0:9]. Fig. depicts the results and also shows the number oftiaos
for RL with contextual a ordances which are equivalent to hae L =0 and C=0.

It is clear that a more consistent trainer leads to better radts or in this context
to perform fewer actions. However, even with a consistency ©f= 0:5 the agent
can improve its performance over time, especially in the bieging of the training.
Additionally, Fig. #.9]shows the average collected reward bia¢ agent over episodes
for di erent values of C.

Finally, we ran an additional experiment where we decreasetid probability of
feedbackL and therefore the contribution of advice over time to simuke the
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Figure 4.9: Average collected reward over 100 runs for RL with contextuaif-
fordances approach (blue line) and IRL approach with di emet probabilities of
consistencyC and a xed probability of interaction L = 0:5. The nal reward in
all cases is less than RL with contextual a ordances approacnevertheless with
probabilities of consistency over 0.5 is observed a similaehavior than a perfect
trainer.

fatigue of an external trainer to provide feedback during th whole learning process.
We made a reduction of the feedback after every episode as:

R (4.6)

starting from di erent initial values of L and with = 0:95 for all cases. Fig.
shows the average number of actions performed in evease. It is possible
to observe that as interaction is decreasing, the number oegormed actions in-
creases after the rst episodes where the agent explores rgotimal actions in the
absence of guidance. Nevertheless, after 25 episodes evéim avvery low amount
of interaction the agent is able to reduce the number of perimed actions due to
its own knowledge on how to perform the cleaning task.
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4.5. Discussion

Figure 4.10: Average number of actions needed for reaching the nal staterf
RL with a ordances approach (blue diamonds) and IRL approdt with di erent
initial probabilities of interaction L, and decreasing over time.

4.5 Discussion

In this chapter, three particular learning methods were rded to test the per-

formance. The rst method consisted of a robotic agent leamg to execute the
cleaning task in an autonomous fashion using classic RL. Thgent was not able to
learn the task before 400 episodes and still with a low sucseate which increased
slowly to 35% in episode number 1000. Furthermore, colledteeward decreased
in the rst 600 episodes because of the low success rate amzhirthere onwards it

increased to values around 0:4 showing that the agent was able to learn slowly.

In the second method using RL with a ordances, the robotic ant also learned
the task in an autonomous fashion but this time utilizing cotextual a ordances

to avoid failed-states. The agent mastered the task fasten icomparison to the
method used previously, reducing the number of actions nemtito complete the
task from 100 actions in the beginning to fewer than 20 actisrwithin 100 episodes.
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Furthermore, with this method collected reward was always gsitive, reaching
values over @B because the success rate, in this case, is always 100% asultref
the usage of contextual a ordances.

The third method consisted of IRL with a ordances, and in ths method, the
robotic agent which had previously learned to execute the $& became the trainer
of a second agent. In this scheme, the second robot was thertea-agent which
was advised in certain periods of the training process by ttieiner-agent which
had acquired knowledge on how to perform the cleaning task.

Training robotic agents with interactive feedback and comixtual a ordances pre-
sented an advantage over classic RL in terms of the number ofriormed actions
and collected reward. Even low levels of interaction showg@dogress in comparison
to RL working without an external trainer. Moreover, the agat was able to learn
the proposed cleaning task even when being misadvised oreigtg inconsistent
feedback in some time steps during the learning process.

The applicability of the proposed method in more realistic cenarios is an open
guestion to be addressed, therefore, we will transfer thegsent set-up to a human-
robot interaction scenario, where advice is given by humamainers who must not

necessarily be experts on developmental robotics or maahifearning. In this

regard, human advice can be interpreted as parental sca oty (Ugur et al., 2015)

and therefore it is interesting to investigate it in terms ofthe number of given

instructions and the frequency of these.

To transfer this scenario to real environments in a more plaible manner more
advanced architectures have to be developed consideringali erent modalities

(Farkes et al., 2012), e.g., the audio modality using a mi@aphone or the vision
modality using a depth sensor, to make it more realistic andhiegrate it in a

multi-modal system to control the robot interactively. This enables to get much
closer to real environments in which any human trainer evenitout a background

in robotics can teach a robot. This kind of set-up will be deegy developed and
described in chapter§|6 and] 7 within Pauit T]I] Human-Agent Inteactive Reinforce}
[ment Learning.
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4.5. Discussion

While this chapter has shown how an a ordance-based model,-salled contextual
a ordance, may benet the IRL framework as a tool to reduce tle search space
during the apprenticeship process, we have also investigdtparameters of interac-
tion as frequency and consistency of feedback. The followichapter will focus on
the features of trainer-agents and bring additional detaslabout agent-agent inter-
action to deeper discuss what makes a good teacher, consitlgthe parameters of
interaction and learner-agent's obedience. Subsequentily the following chapters,
we will focus on whether the theoretical, idealized paramets can be transferred
to human teachers.
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Chapter 5

In uence of Di erent Trainer
Types on Learner-Agents

5.1 Introduction

Interactive reinforcement learning (IRL) has become an ingtant apprentice-
ship approach to speed up convergence in classic reinforeatlearning problems
(Thomaz and Breazeal, 2007; Knox et al., 2018b; Taylor et ak014). In this re-
gard, a variant of IRL is policy shaping which uses a parenikk trainer to propose
the next action to be performed and by doing so reducing the aeh space by
advice. On some occasions, as shown in the previous chaptee trainer may
be another arti cial agent which in turn was trained using réenforcement learning
methods to afterward becoming an advisor for other learnegents.

In this chapter, we not only study this situation, i.e., utilizing arti cial trainer-
agents, but rather assessing teacher performance over fesaragents. Initially,
we look into the internal representation and visited state®f prospective advisor
agents in order to explore which features may be important tact as a good
trainer. Afterward, we compare the behavior of both the advia and the learner in
terms of the internal representation, visited states, andatlected rewards. Finally,
we evaluate the system interaction parameters along with ¢éhlearner behavior
in terms of learner-agent's obedience. We hypothesize thtte inclusion of this
additional parameter may be bene cial in presence of a low gsistency of feedback
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allowing to ignore bad advice. Experiments and results in th chapter have been
designed and obtained in order to answer the second reseadglestion posed in
this thesis: What makes a good teacher-agent when considegrinternal knowledge
representation and interaction parameters?

By using arti cial agents as teachers, some properties hayseen studied so far
such as di erent e ects of delivering advice in di erent epsodes and with di er-
ent strategies during the learning process (Torrey and Tayt, 2013; Taylor et al.,
2014) and e ects of di erent probabilities and consistencyof feedback |(Gri th
et al.,|2013; Cruz et al., 2014, 2016a) as shown in the prevsochapter. Nonethe-
less, the implications of utilizing arti cial teachers with di erent characteristics
and di erent internal representations of the knowledge basl on their previous
experience have not been studied. Moreover, the e ects whre learner ignores
some of the advice have also not been studied in arti cial ageagent interaction,
although some insights are given in Gri ths' work using human-human interaction
with a computational interface (Gri ths et al., 2012).

We study e ects of agent-agent interaction in terms of achied learning when
parent-like teachers di er in essence and when learner-ange vary in the way they

incorporate the advice. Therefore, we analyze internal regsentations and char-
acteristics of arti cial agents to determine which agent mg outperform others to

become a better trainer-agent. We hypothesize that certaiagents, acting as ad-
visers, may lead to a larger reward and faster convergencetbé reward signal

and also to a more stable behavior in terms of the state visitdquency of the
learner-agents. Moreover, we further analyze system ingation parameters in or-
der to determine how in uential they are in the apprenticestp process, where the
consistency of feedback may be much more relevant than othesrameters when
dealing with di erent learner obedience parameters.

5.2 Interactive Reinforcement Learning with

Arti cial Trainers
As aforementioned, RL has been used to allow robotic agents amtonomously
explore their environment in order to develop new skills (Wreng and Otterlo,
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Figure 5.1: An interactive reinforcement learning approach with policyshaping.
In selected states, the trainer advises the learner-agertanging the action to be
performed in the environment.

2012; Mnih et all| 2015). The gray box in Fig[ 5]1 shows the geabdescription of
the RL framework, with the environment represented by domés objects which
are related to our scenario which is described in the Selc| 3urthermore, Fig.
[5.7 shows a general overview of the agent-agent scheme wiltleectrainer provides
advice in selected episodes to the learner-agent to bootgtrits learning process.

Even though in an IRL scenario reward and policy shaping ardternatives to
train a learner-agent, in a domestic scenario, a robotic agfeis expected to work
with humans as external trainers. However, there exist asynetries when humans
qguantify a reward including sometimes feedback about the paactions and also
about actions they predict the robot will do (Thomaz and Breaeal, 2006, 2007).
Hence, we decided to use the policy shaping method with artial trainer-agents
in this chapter, shown in Fig.[2.6. To this aim, in the cleanindable scenario a
learner-agent has previously been trained using classic Rihd then this learner
becomes the external trainer. Therefore, this agent has flinowledge of all possi-
ble actions and has to deliver it to a second agent which is tadrained with IRL.
We use an arti cial trainer to have better control over the fedback compared to
experiments with a human trainer. Nevertheless, diverse mrimation sources can
be employed to obtain feedback from, for instance, a persoas(shown in the next
chapters), another robot, or any other arti cial system.

Although interactive advice improves the learning performace of learner-agents,
something that may signi cantly a ect the agent's performance is the need of a
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Chapter 5. In uence of Di erent Trainer Types on Learner-Agents

good trainer since consecutive mistakes may lead to a worsaining time as shown
is the previous chapter. In principle, one may think that theagent with the largest
accumulated reward should be a good candidate to become thiaiber. However,
when we look into the internal knowledge representation thimay not necessarily
be the best option. In some occasions, agents with lower cattiperformance may
be better trainers due to a possibly vast experience abouskcommon states (i.e.,
states that not necessarily lead to the optimal performangeand therefore may
give better advice in those states.

For a good trainer to emerge with knowledge of most of the sations or in all pos-
sible states we suggest an agent with small standard deviati s from the mean
frequency over all visited states which represents a bettdistribution of the expe-
rience during the training. Therefore, we select the traimeagent T computing:

T =argmin | (5.1)
i2Ag

where Ag is the set of all the trained agents and | the standard deviation of the
visited states during the learning process for the agent

To test the implemented methods in this chapter, we use the eviously de ned
RL scenario in Sec| |3. However, with the aim of comparing pureLRgents serving
as trainers and test other variables, we do not include heremextual a ordances
and, therefore, we do not have to previously learn them, whiaesults in a shorter
training time, in general.

5.3 Experimental Set-up and Results

In the following section, we show the performed experimentnd the obtained
results. All experiments include the training of 100 agents tbugh 3000 episodes.
Q-values are randomly initialized using a uniform distribtion between 0 and 1.
Other parameter values selected after performing a grid seh are learning rate
= 0:3 and discount factor = 0:9. Besides this, we use-greedy action selection
with = 0:1. To assess the interaction between learner and trainereads we
initially used a probability of feedbackL = 0:25; nevertheless, we afterward
vary this parameter along with the consistency of feedbacknd learner behavior.
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All the aforementioned parameters were empirically determéd and related to our
scenario.

5.3.1 Choosing an Advisor Agent

To acquire a sample of trainer-agents, autonomous RL was famed with 100
agents, each of them a prospective trainer for the IRL approh. In the presented
scenario, there are agents with diverse behaviors which dr mostly in the path
they choose until reaching a nal state in the cleaning-tal@ scenario, where there
are 2 possible paths towards a nal state. First, there are ages which most of the
time choose the same path to complete the task, either path A path B (see Fig.
B.2), which leads to a biased behavior due to the way the knadge is acquired
during the learning process. From this kind of behavior andaking into account our
scenario, there exist agents that regularly take the shont@ath (path A) and others
that take the longer one (path B), we refer to them as the spaist-A and the
specialist-B agents respectively. In both cases, agentxseassfully accomplish the
task, although they accumulate di erent amounts of averageeward. Obviously,
specialist-A agents are the ones with better performance iterms of collected
reward since fewer state transitions are needed to reach thmal state. Secondly,
there are agents with a more homogeneously distributed expmce, meaning that
they do not have a favorite sequence to follow and have eqyakxplored both
paths. We refer to such agents as polymath agents.

To illustrate this, Fig. p.2 shows a frequency histogram of sited states for two
potential trainer-agents over all training episodes. Theiktogram shows two dis-
tinct distributions, one for a specialist-A agent in gray ad one for a polymath
agent in blue. The specialist-A agent decided to clean the like following the
shorter path most of the time and, therefore, there is an imptant concentration
of visits among the states from 16 to 29 which are intermediistates to complete
the task on this path. Furthermore, there is a clear subset cftates which was
never visited during the learning. In contrast, the polymat agent visited all the
states and transits on both paths to a similar extent. In the ase of the specialist-B
agent, there is also a concentration of visits among a subs#tstates, similarly to
the specialist-A agent. The specialist-B agent decided ntosf the time to clean
following the longer path along the states from 30 to 48 and baly visiting states
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Figure 5.2: Frequencies of visits per states for two agents. It is poskibto
observe two di erent behaviors. The biased (specialist-A)gent gained experience
mostly on the shorter path, whereas the homogeneously-disuted (polymath)
agent gained experience through most states.

from 16 to 29. Therefore, we do include this agent in the ressilhereafter but we
do not present it in some plots to make the relevant informabin more accessible.

To further analyze the agents' behavior we took three represtative agents, one
per class, that we will from now on use with the respective naas: A specialist-A
agent with biased behavior for the shorter path, a speciali agent with biased
behavior for the longer path, and one polymath agent with uribsed behavior.
The specialist-A agent visited each state with an average sf = 1121:21 times, a
standard deviation of ! = 1570:75, an accumulated average reward of = 0:11105
per episode, andR; = 333:15 during the whole training. The specialist-B agent
visited each state on averags, = 1561; 15 times obtaining more diverse experience
than the previous agent but certainly not homogeneously dibuted, which can
also be seem in the standard deviation of?2 = 1628:70. The specialist-B agent
accumulated an average reward af, = 0:17839 for each episode and a total
of R, = 53518. In the case of the polymath agent, each state was visited
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Table 5.1: Visited states, standard deviation, reward accumulated

per episode, and total collected reward for three agents froclasses

with di erent behavior. The agents show di erent properties as result
of the autonomous learning process.

Agent s s r R Properties
Specialist-A | 1121.21 | 1570.75 | 0.11105 | 333.15 | Largest = accumu-
agent lated reward
Specialist-B | 1561.15 | 1628.70 | -0.17839| -535.18 | Largest amount of
agent experience
Polymath 1307.51 | 947.96 | -0.00427| -12.82 | Smallest standard
agent deviation

an average ofs; = 1307:51 times with standard deviation of 3 = 947:96. The
accumulated average reward wasg = 0:00427 per episode and the total reward
was R; = 1282 during the whole training. Table[5.]l shows a summary of
the performance of the three aforementioned agents. The tabshows that the
specialist-A agent accumulated the largest reward, the sgpialist-B agent visited
more states, and the polymath agent obtained the smallestastdard deviation.

Nevertheless, accumulating plenty of reward does not necassly lead to becoming
a good trainer, in fact it only means that the agent is able toedect the shorter
path most of the time from the initial state, but the experierte collected in other
states not involved in that route is absent or barely preserdnd therefore such an
agent cannot give good advice in those states where it doeg know how to act

optimally.

Therefore, as shown in Eq. [(5]1), we propose that a good trainis, in essence,
an agent which not only collects more reward but also with fdy distributed
experience. From the three agents shown above, the polymatfent has a standard
deviation of s = 947:96 and thus might be a good advisor. In Fig.[ 5.2 the
experience distribution of such an agent is shown in blue, veh suggests that the
agent has the knowledge to advise what action to perform in rapof the states. In
the case of the initial state, the frequency is much higher ioomparison since this
state is visited every time at the beginning of a learning epdde. In fact, similar
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Figure 5.3: Internal knowledge representation for three possible parelike ad-

visors, namely the specialist-A, the specialist-B, and thegbymath agent. The
specialist-A agent shown in gure a), despite collecting nme reward, does not
have enough knowledge to advise a learner in every situatiogpresented by the
blue box. A similar situation is experienced in the speciali-B agent, shown in g-

ure b). The polymath agent shown in gure c) has overall much wre distributed

knowledge which allows it to better advise a learner-agent.

frequencies are observed in this state for a biased distriimn.

We also recorded the internal representation of the knowlgd through the Q-values
to con rm the lack of learning in a subset of states. Fig[ 5|3 slws a heat map
of the internal Q-values of three agents, the specialist-Ahe specialist-B, and the
polymath agent. Warmer regions represent larger reward arablder regions lower
values. In fact, the coldest regions are associated withld-states from where the
agent should start a new episode, obtaining a negative rewlanfr = 1 according
to Eq. (3.4). In Fig. can be observed that the specialist-Agent may be an
inferior advisor since there exists a whole region uniforgnlyellow, which shows
no knowledge about what action to prefer. In the case of the spialist-B agent,

there exists a region which shows much less knowledge on whation to prefer

when comparing with the two other agents. In other words, theearned policies are
partially incomplete as highlighted by the blue boxes in Fig5.3. On the contrary,

the policy learned by the polymath agent is much more completwhen observing

82



5.3. Experimental Set-up and Results

Experienced States

6000 ] Reinforcement Learning
[0 Interactive Reinforcement Learning

5500

5000

4500
4000 A =2

3500

3000 & B

2500 ff M

Frequency

2000 ff

1500

1000 -

500 f

L (i i L El# M =
2 4 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 5:

States

Figure 5.4: Visited states for the specialist-A RL trainer-agent and avage state
visits of IRL learner-agents. The averaged frequency for LRagents moreover
includes the standard deviation for visited states showintpat in many cases the
trainer-agent does not know how to advise and in consequerleads the learner-
agent to dissimilar behavior.

the same regions as highlighted by the green boxes. It is intfant to note that
the region on top is in all cases colder than the rest becausesi the most distant
one from the nal states where a positive reward = 1 is given, but in spite of
that, the polymath agent is still able to select a suitable amn according to the
learned policy.

5.3.2 Comparing Advisor and Learner Behavior

Once we have chosen trainer-agents, we are able to compares o uential such
a trainer is in the learning process of a learner. We use twoeds shown in the
previous subsection, the specialist-A and the polymath age the former with the
largest accumulated reward and the latter with the smallesstandard deviation.

Fig. shows the frequency with which each state was visitédr 100 learner-
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Figure 5.5: Visited states for the polymath RL trainer-agent and averagstate
visits of IRL learner-agents. The averaged frequency for LRagents includes the
standard deviation which in this case is considerably lowas the learners are
assisted by a trainer with more knowledge about the task-spa which also leads
learner-agents to have more stable behavior as they are cgtently advised.

agents in average using the specialist-A agent with biasecdquency distribution

as a trainer. We can observe a large standard deviation forsited states in IRL

agents in most of the cases, which suggests diversity in tegnof frequency for
those states among the learner-agents. Fig. 5.5 shows therage frequency of
visits for each state for 100 learner-agents using the polath agent as a trainer
which has a more homogeneous frequency distribution. It che observed that the
standard deviation for visited states in IRL agents is mucholwer in comparison to
the previous case. This shows a more stable behavior in terofsvisiting frequency
in learner-agents when using the polymath trainer-agent.

By using the specialist-A agent as a trainer in our IRL approzh the average col-
lected reward is slightly higher in comparison to autonoma&uRL. In general, the
IRL approach collects the reward faster than RL but in a simdr magnitude after
400 episodes. Fig| 5.6 depicts the average collected rewardinly the rst 500
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Figure 5.6: Average collected reward by 100 agents using RL and IRL appiees.
In this case, a biased trainer (the specialist-A agent) is ad to advise the learner-
agents. The advice slightly improves the performance in texss of accumulated
reward and convergence speed. The gray curves show the cduteal collected
reward inside of a window of 30 values to smooth the resultscsin.

episodes using autonomous RL and IRL approaches with yell@amd red respec-
tively using the specialist-A agent as the trainer in the casof IRL. The gray curves
show the convoluted collected reward inside of a window of 38lues to smooth
the results shown.

On the other hand, by using the polymath agent as the trainerhte IRL approach

converges both faster and to a higher amount of reward whennapared to the

previous case. This is due to the polymath agent which know$e task-space
better and is able to advise correctly in more situations thathe specialist agent.
In consequence, this allows the learner to complete the tagkster and therefore
accumulate more reward since the learner-agent receivessléncorrect advice from
the trainer-agent, i.e., with a higher consistency of feediobk. Fig. shows the
average collected reward in 500 episodes for RL and IRL appobes. Once again,
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Figure 5.7: Average collected reward by 100 agents using RL and IRL appbees.
When using an unbiased trainer-agent (the polymath agent) #haccumulated re-
ward is higher and the convergence speed faster in compani$o the previous case
using a biased agent as an advisor. The gray curves show thevamuted collected
reward inside of a window of 30 values to smooth the resultscsin.

the gray curves show the convoluted collected reward insiag a window of 30
values to smooth the results shown. In the following experints, only smooth
curves will be used to simplify the analysis of the results.

5.3.3 Evaluating Interaction Parameters

As shown in previous section, IRL is in general bene cial for Eearner-agent in
terms of accumulated reward and convergence speed. Nevelgks, the selection of
the trainer can have signi cant implications on learner's prformance. To further
study the trainer-learner interaction, we evaluated the imolved interaction param-
eters along with the e ect whether the learner follows the ieived advice or not in
order to mimic actual human-human behavior where the learn®ccasionally does
not follow the advice (Griths et al.,|2012). The inclusion of this parameter may
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Figure 5.8: Collected reward for di erent values of learner obedience ng xed
probability of feedback of 0.25 and four di erent values foconsistency of feedback
between 025 and 10.

be bene cial in presence of a low consistency of feedbackoaling to ignore bad
advice. We called this parametetearner obedienceO 2 [0; 1], 0 meaning that the
learner-agent never follows the advice and thus correspa a pure autonomous
RL learner.

Initially, we used a xed probability of feedbackL = 0:25. The idea then was to test
the system over a number of di erent values of consistency fdedback and learner
obedience. Fig[ 5]8 shows the collected reward during 500segles for the di erent
values of consistency of feedbadk 2 f0:25; 0:5;0:75; 1:0g and learner obedience
O 2 f0:0;0:25,0:5;0:75,1:0g. In all cases, the learner obediend® = 0, shown
in black, corresponds to autonomous RL which is shown in yel. The collected
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Chapter 5. In uence of Di erent Trainer Types on Learner-Agents

rewards indicate generally that the more consistent the fdback was, the better the
performance. Even though that di erence in the performancseems to be intuitive,
it is important to note that even with comparatively high values of consistency like
C=0:75 the learner does not achieve signi cantly better perforance compared to
autonomous RL while on the other hand, an idealistic perfeconsistency C=1)
allows the learner-agent to achieve much higher collecteeward than autonomous
RL even when the learner obedience is as low @ = 0:25. Therefore, in the
current scenario, wrong advice has an important negative ect since it does not
only lead to the execution of more intermediate steps but alsin many cases, leads
to failed-states and thus to a high negative reward (1) and the start of a new
learning episode.

In Fig. b5.8, agents which follow the advice only 25% of the timéO = 0:25),
depicted in green, show much better performance when the sistency of feedback
Cis lower which is due to the agent being able to ignore the suegied wrong advice
and select an action on its own. On the contrary, agents whidollow the advice
all the time (O = 1:0), depicted in red color, show much better performance in
presence of consistent feedback.

Thereupon, we modied the probability of feedback for the prpose of testing
how in uential di erent consistencies of feedbackC and di erent learner obedi-
ence levelsO are. Fig. shows the accumulated reward during 500 episede
for probability of feedbackL 2 f 0:5;0:75, 1:0g (the outcome using probability
of feedback of @5 is already shown in Fig.[ 5]8) and consistency of feedback
C 210:25,0:5; 0:75; 1.0g using learner obedienc® 2 f 0:0; 0:25; 0:5; 0:75; 1:0g.

In Fig. the columns show the performance over di erent pbabilities of feed-
back, while the rows show the performance over di erent vats of consistency.
Observing each row, it can be seen that higher probabilities feedback do not con-
siderably improve the outcomes in terms of the collected rewd, suggesting that
often interactive feedback does not necessarily enhanceetbverall performance
but it is rather the consistency of feedback that makes proment di erences. In

fact, observing the outcomes down the columns, thus with theame probability

of feedback, di erent values of consistency lead to signiamt improvements in the

collected reward and consequently, consistency of feedb&as much more impact
on the nal learning performance. For instance, when usinghe consistency of
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Figure 5.9: Collected reward for di erent learner obedience levels ugj several
probabilities and consistencies of feedback. Higher prob#ties of feedback do not
necessarily lead to discernible improvements in the overglerformance; however,
iImportant di erences can be noted as higher consistencietfeedback are used.

89



Chapter 5. In uence of Di erent Trainer Types on Learner-Agents
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Figure 5.10: Collected reward for di erent values of learner obediencesing xed
probability of feedback 025 and for four di erent cases for higher consistencies of
feedback between:@ and Q95.

feedbackC = 1:0 (fourth row in Fig. B.9) in all cases the accumulated rewardsi
higher than Q5, but on the other hand, when using the consistency of feedika
C=0:75 (third row in Fig. 5.9), the accumulated reward tends to sijhtly decrease
as trainer advice increases, meaning that more interactifeedback does not help
in the presence of poor consistency of feedback, or in othevrds of bad advice.

Ultimately, since the consistency of feedback shows consigle sensibility in the
presence of small variations, we performed one additionadperiment keeping the
probability of feedback xed to L = 0:25 as in Fig.[5.8 since we use this value as
a base as aforementioned. We tested the consistency of fesakbwith valuesC 2

f 0:8; 0:85,0:9; 0:95g (consistency of 675 and 10 were already shown in Fig[ 5|8)
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to evaluate how these slight changes impact on the overallfi@mance. Fig[5.10
shows the accumulated rewards for learner obedier@e2 f 0:0; 0:25; 0:5; 0:75; 1.0g.

It can be seen that such small di erences in the consistency feedback can lead
to dissimilar outcomes, ranging from behavior similar to @aonomous RL when
C = 0:8to behavior similar to a fully correctly advised learner-gent whenC = 0:95.
Therefore, even a small proportion of bad advice can considbly impoverish the
learning process, which shows how important it is to selectainers that can give
useful advice in most states since specialised trainerssgie being more successful
themselves from the initial state, have limited knowledge ken it comes to states
that lie outside their specialised policy.

5.4 Discussion

In this chapter, we presented a comparison of arti cial ages that are used as
parent-like teachers in an IRL cleaning scenario. We have ded three classes of
trainer-agents related to our scenario, two of them being spialists in a particular
path and another with no preference in any of them. Thus, thegents di er not

only in their characteristics but also in the obtained perfonance during their own
learning process and in turn as trainers. The di erences irheir main properties
re ects in their behavior as i) the specialist-A agent with he largest accumulated
reward, ii) the specialist-B agent with the largest amount bexperience in terms
of the number of explored states, and iii) the polymath agentith the smallest
standard deviation.

The polymath agent is a better candidate to become an advissmce has experi-
ence in most of the states, and, therefore, it is able to propg advice in most of

situations. Results show that using the polymath agent as aadvisor, a learner-
agent is able to both collect more reward and faster converg&urthermore, the

scenario has been tested on diverse parameter values forlyatality of feedback,

consistency of feedback, and learner-agent's obediencewging di erences in accu-
mulated rewards especially regarding the consistency oefback suggesting that
slightly variations on the consistency a ect considerablyhe learner-agent perfor-
mance.

In this part of the thesis, we have introduced an agent-agedRL approach. In
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chapter[4 we have focused on IRL complemented by an a ordanbased model,
so-called contextual a ordances. We have con rmed contedtl a ordances to be
an e cient strategy to reduce the search space and, therefer enabling a faster
learning. Moreover, in chaptef 4, we have studied interacth parameters such as
the probability of feedback and consistency of feedback. Weave observed that
the consistency of feedback seems to be very important sinsmall di erences
may a ect the performance considerably. In chaptef]|5 we havanalyzed what
features of trainers are more relevant to become a good teach The polymath
agent has shown the best results since it has more general Wiexige about all
the states, which is re ected in the smallest standard devieon. Furthermore, in
this chapter, we have investigated in deeper the previoust@raction parameters
plus the learner-agent's obedience observing that the imsion of this parameter
improves the learner performance in presence of low consristies of feedback.

In the following part of the thesis, we focus on implementinghe cleaning-table
scenario adding human parent-like trainers in the IRL loop sing uni- and multi-
sensory inputs. By using a human parent-like trainer, we exgt not only to
have a more realistic scenario but also to investigate howehsensory processing
a ects the learning process in terms of performed actions dmccumulated rewards.
In chapter [§, we introduce an architecture utilizing uni-mdal input signals to
guide the robot during the learning process. Afterward, in @pter [4, we will
extend the approach to incorporate multi-modal inputs to ench the feedback
signal attempting to speed up the learner-agent performaac
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Chapter 6

Speech Guidance Using a
Domain-speci ¢ Language

6.1 Introduction

In the present chapter, we implement the cleaning-table stario adding a human
parent-like trainer in the IRL loop using uni-sensory inpus. By adding a human
trainer, we move the scenario into a more realistic set-upubadditionally, we are
able to investigate how the sensory processing a ects theakaing process. During
this chapter, due to the good results obtained in chaptéf 4,ewse again contextual
a ordances. Moreover, a robotic learner-agent obtains iatactive feedback via a
speech recognition system which is tested to work with ve dirent microphones
concerning their polar patterns and distance to the teach&o recognize sentences of
di erent instructions. The designed experiments and obtaied results are oriented
to answer, in part, the third research question of this thesi How bene cial is
uni- and multi-modal advice during the apprenticeship progss. This question is
relevant in the IRL context, since it allows us to determine bw uni-modal advice
from humans may aect some parameters such as the consistgnaf feedback
where small variations may impoverish the overall learningerformance. In this
chapter, we focus on uni-modal sensory inputs representesl @udio input signals
and processed by an automatic speech recognition (ASR) systeWe use speech
guidance during the apprenticeship in order to reduce the nuser of actions needed
to complete the task by the learner-robot.
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Figure 6.1. Interactive reinforcement learning with a human parent-ke trainer
to deliver spoken advice to the agent on how to perform the t$aster with respect
to the agent's autonomous exploration.

In the domestic scenario, the robot performing the cleanint@gble task may be as-
sisted receiving a degree of external guidance. In this regarobots working in

domestic scenarios may bene t from human expertise on how perform a partic-

ular task (Thomaz and Breazeal, 2007; Suay and Chernova, 20Knox and Stone,
2012). Therefore, in our scenario, the robot receives spokadvice from a human
trainer which is recognized by the ASR system. This way of gy instructions is
natural for humans, but we need to control the probability ofsupplying feedback
by the teacher, as humans can decide if they provide an insttion in a given

situation. Hence, we use an arti cial agent with full knowlede about the task to
provide the spoken advice.

The implemented IRL approach allows to speed up the learningocess by using
a human parent-like advisor (as in Fig[ 6]1) to support the leaing by deliver-
ing useful spoken advice in selected episodes using polibgmng (Thomaz and
Breazeal| 2007; Gri th et al., 2013). This approach reducethe search space and
allows to learn the task faster in comparison to a fully autommous agent |(Suay
and Chernova, 2011; Cruz et al|, 2015). Hence, an apprentiageat can be taught
by a parent-like trainer in a similar way as caregivers assisfants during the
learning of new tasks.

Moreover, the implemented IRL approach uses contextual ardances to allow the
robot to complete the cleaning task in every episode anti@gng when chosen ac-
tions are possible to be performed. We hypothesize that cextual a ordances
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along with spoken advice may improve the convergence speddr@nforcement
learning, avoiding wrong instructions that result from erors of the speech recog-
nition system.

6.2 Automatic Speech Recognition

The given scenario originates from the Human-Robot Interaicin (HRI) domain.
For this reason, we do not only employ a humanoid robot as thedrner, but there
is also a humanoid teacher. Now, since the human way of instting a robot is
employing speech, the teacher also uses speech to instruwt tearning robot by
providing pre-recorded audio data that was spoken by a humanTo understand
the verbal commands, the apprentice processes audio datalarcognizes the given
guidance by applying an ASR system.

The ASR system we employ for our approach is the DOCKS systemwdoped
by [Twiefel et al| (2014). The DOCKS system is based oGoogle Voice Search
(Schalkwyk et al|, 2010) which is a cloud-based ASR serviceopessing audio data
captured by a local microphone and generating hypotheses the corresponding
text representation. AsGoogle Voice Searchs generally applied in web searches,
the involved language models are optimized for this task. Ehgiven HRI scenario
di ers from this eld as robot instructions are verbalized which are not the rst
preference in web search-based ASR hypotheses. One podsiltd overcome this
issue is to integrate a local open-source ASR system which daa con gured by
providing a domain-speci ¢ language model for the given HRkenario. However,
the acoustic models employed by local open-source ASR syssepnovide a lower
quality due to the lower amount of training data available duing training.

To overcome the issues of either weak acoustic models or ofidomain language
models, DOCKS uses a post-processing technique to t the ASRqvided hy-
potheses byGoogle Voice Searcho the given HRI domain. To be able to exploit
the quality of the well-trained acoustic models employed b¢oogle Voice Search
the ASR hypothesis is converted to a phonemic representatigBisani and Ney,
2008). The converter is capable of creating a phoneme seqeeefor unknown words
based on the provided training data and so overcomes the issof unknown words
contained in the ASR hypothesis provided bysoogle Voice Search
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Figure 6.2: Functional principle of the ASR system. The left side shows hASR
hypotheses provided by Google and the right side containseHist of sentences for
the given HRI scenario. In the middle, the Levenshtein distares are calculated.

For the given HRI scenario, a xed set of robot commands is deed and repre-
sented by a list of sentences. To receive the best-matchingplothesis out of the
list of sentences, the phonemic representation of the ASR hytpesis is compared
to the phonemic representations of each sentence in the liskor this task, the
Levenshtein distance (Levenshteir, 1966) is employed tolaaate the di erence
between phoneme sequences. After calculating the Levenghtdistance between
the ASR hypothesis and each sentence of the list, the sentepassessing the short-
est distance is chosen as the best-matching result. To impeothe technique, the
Levenshtein distance is calculated for the ten best hypotkes provided byGoogle
Voice Search Fig. [6.2 summarizes the mentioned functional principle.

6.3 Experimental Set-up

This section presents an integrated system to teach a robai perform the cleaning-
table task using a parent-like trainer with occasional sp@h instructional feedback.
The system architecture consists of three modules which akown in Fig.[6.3. At
the top, there is the interface module where the external tiaer provides a voice
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Figure 6.3: System architecture in three levels using speech guidang.the top
is the interface module which interacts with the external tacher, in the middle
Is the control module and at the bottom the robot module wherehte actions are
performed.

stream which is processed by the ASR system and sent to the caritmodule in
the middle. The control module runs the learning algorithmhat is able to perform
autonomous RL and IRL generating choices for actions. Thesee passed to the
robot module to be executed by a simulated Baxter robot comfiing two di erent
approaches for low-level control, namely direct planningna inverse kinematics.
We use a simulated Baxter robot because the low-level contnmodel has been
already implemented and runs quite stable in the V-REP simutar (Rohmer et all,
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Figure 6.4: A simulated Baxter robot performs the actions in the enviroment
which is created in the V-REP simulator.

2013). This allows us to set the focus into the analysis of tl@eraction parameters
as well as into the uni-modal robot interface.

The cleaning-table task is carried out by the Baxter robot ira simulated environ-
ment using the V-REP simulator. All actions are performed usig only one arm
which has seven degrees of freedom (DoF). Fig. |6.4 shows thenade while the

Baxter robot is cleaning the table using thesponge The Baxter robot has as end
e ector a vacuum cup, also called suction pad. We do not emplaa gripper to

grasp the object since the main focus of this work is to learé right sequence
quickly. Moreover, to reach the de ned locations direct planing is used and then
afterward inverse kinematics for low-level control is use grab objects.

To make the scenario more complex, we created variations fewery guidance in-
struction, expanding to 33 domain-speci c instructions blenging to the 7 di erent
classes of advice. For instance, advigget the spongecould also be stated apick
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up the sponggetake the spongegrasp the spongeor lift the sponge but all of them
represent the same instruction.

We use the IRL approach to training the robot utilizing the -greedy method for
action selection with the following parameters determinely a grid search, = 0:3,
=0:9, and = 0:1. Therefore, in most of the cases, the next action is selette

as shown in Eq. [(6.]):

a = argmax Q(st; a) (6.1)

azAg

wheres; is the current state at timet, and A corresponds to a subset of all available
actions. The subset of available actions is determined basen the contextual
aordances using a similar ANN architecture as shown in Fig] 4.2 This way,
it is possible to anticipate the e ect of performing an actia with an object in a
particular state.

To train the contextual a ordances model, data were obtaing considering all pos-
sible states mentioned in Sed. 3.3.2 as well as the instrveticlasses taking into
account the combination of actions and states. This led to 31ata for the training
process.

Our parent-like trainer possesses instructional recordis of the di erent advice
classes. Therefore, the parent-like trainer is able to dedir selected interactive
feedback to the robot using ASR at certain times during the leaing process. Our
IRL approach uses probability of feedback = 0:2 and consistency of feedback
C=0:9 as interaction parameters.

Algorithm B.1] shows the IRL approach using contextual a ordaces, interaction
and speech recognition. The conditional statement startgin line[19 represents the
fact that the external teacher delivers advice and changebd next actionas,; by
formulating a verbal instruction that is processed by the ASRystem. Conditions
in lines[§ and 18 represent the response of the neural netwatkout the feasibility
of performing the action in the current state which is calle¢ontextual a ordance
(method CA ( &; 0;) in the algorithm).
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Algorithm 6.1. Interactive reinforcement learning approach using contéxal
a ordances, interaction and speech recognition

Input: Previous de nition of states and actions
1: Initialize Q(s; a) arbitrarily

2: repeat

3 if rand(0;1) <= then

4 Choosea, randomly from A

5: else

6 Choosea; according toa = argmax Q(s; @)
7. endif o

8 until CA(a;0;5)<> 1

9: repeat

10: Take action a
11: Observe rewardri+; and next state Si.+1
12: repeat

13: if rand(0;1) <= then

14: Choosea;.; randomly from A

15: else

16: Choosea;.+; according toa = argmax Q(s; a)
17: end if o

18: until CA( &+1;0;8+1) <> 1
19: if rand(0;1) <= feedbackProbability &
rand(0; 1) <= consistencyProbability then

20: get advice from teacher voice using ASR
21: if CA(a4+1;0;5+1)<> 1lthen

22: Qi1 advice

23: end if

24: end if

250 Q(s;a)  Q(spa)+ [rea+ Q(Stasast) Qs al)
26: St St+1

27: a aAi+1

28: until s is terminal
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Figure 6.5: Microphones used in the experiments.

6.4 Experiments and Results

6.4.1 Automatic Speech Recognition Module

To carry out the cleaning-table task we consider di erent mirophones to measure
how the hardware a ects quality in the ASR system and consequogally in the
IRL approach. Therefore, we made simultaneous recordingsing 5 di erent kinds
of microphones and evaluated the answers of our ASR system. e&fwards, we
made the scenario more di cult by positioning the microphors at a distance of
1m away from the speaker, which leads to the necessity of irasing the strength
of the audio signal to compensate for the lower volume of th@eech instructions
and with this also increasing the level of environmental ne¢ contained in the au-
dio signal. As a hypothesis, we claim that more noisy audio dateads to worse
ASR performance and so we can measure the robustness of thenieg system
by providing incorrect instructions. The microphones wer&now ake, UB1, Dig-
ital, Headset, and Prol which are shown in Fig.[6.5.Snow ake's polar pattern
is cardioid, UB1 is omnidirectional, Digital is supercardioid,Headsetis unidirec-
tional, and the Prol is omnidirectional. Only 16kHz, mono channel audio data
was utilized.
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Table 6.1: Word and Sentence Error Rate (%) in ASR for all
microphones used at normal and at 1m distance.

_ Normal distance 1m distance
Microphone

WER SER WER 1Im | SER 1m

Snow ake 0 0 0.88 3.03
UB1l 0 0 1.75 6.06

Digital 0.88 3.03 1.75 6.06
Headset 0.88 3.03 3.51 12.12
Prol 11.40 27.27 14.91 30.30

The response of the ASR module for the domain-speci ¢ languagiodel measured
in Word Error Rate (WER) and Sentence Error Rate (SER) is showmn Fig.
and in table [6.1 as percentages for normal distance and 1mtdisce. In this
context, normal distance means that the microphone is plagén its normal working
position depending on its characteristics, i.e., on the td just in front of the user
for Snow ake, UB1, and Digital on the ears of a wood head placed in front of
the user forProl, and on the user's head foHeadset The SER depends on the
sentence accurac¥ac. as shown in the following equation:

SER=1 Saw (6.2)

We observed that the microphone with the best results workghwith and without
noise isSnow ake and the microphone with the worst result in both cases iBrol.

6.4.2 Learning Module

To test the learning module three di erent set-ups were imgimented: rst the
robot working autonomously, second the robot working with @dvice taken from
the Prol microphone, and third the robot working with advice taken fom the
Snow ake microphone. The two latest set-ups were run with the best anthe
worst microphone performances in the domain-speci c langge model. In both
cases, microphones at a distance of 1m away from the teachesrevused. The
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Figure 6.6: Response of the ASR system to the list of sentences using dier
ent microphones at normal and at 1m distance. WER and SER are ahin as
percentages.

motivation is to test how in uential the quality of the micro phone is in improving
the speed of convergence in IRL. This is a relevant questiom the IRL context,
since, as shown in the previous chapter, small di erences the consistency of
feedback impoverish the learning performance.

Each set-up was carried out 100 times and the results were esged. Fig. [6.7
shows the average number of actions performed during 100seqales. They-axis is

truncated at 200 actions to highlight the di erence betweernthe 3 set-ups. In each
episode, the cleaning task was always nished because of textual a ordances

which allowed to avoid performing actions that, accordingd the robot's current

state, were not feasible.

In Fig. B.7, we show that both IRL approaches perform better thn RL working
autonomously, nevertheless, none of them outperform theguious IRL approaches
shown in chapter{ 4. These results are in connection with ugiran ASR system
that implies a bigger error rate from recognition mistakes kich can also be seen
as a lower consistency of feedback. Moreover, there is nonsiant di erence
between IRL with Prol and Snow ake microphones. To analyze this, we de ned
the actual interactive feedback rate ) which is the percentage of steps where a
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Figure 6.7: Average number of actions performed to nish the task using anIR
agent (blue) and an IRL agent with two di erent microphones fed and green).
Despite the di erences in the hardware quality, the IRL appoaches show improve-
ment compared to the RL approach.

correct instruction was properly received by the agent:

| =L C  Spee (6.3)

We computed!| from the feedback probability L = 0:2), consistency probability
(C=0:9), and the Spcc.. Given SER 2 [3:03% 30:30%] the results ard = 12:55%
for Prol and | = 17:45% for Snow ake, these values are already enough for
the agent to bene t from the interaction. This is consistentwith a study where

it is shown that large improvements of RL by IRL are already ddeved at low
interaction rates (Stahlhut et all, 2015). In fact, it is posible to observe in Fig.
[6.7 that there is a small variation in the rst ten episodes buin the following
episodes variations get even smaller. This leads to a systemhich is able to
perform the task properly and which is robust for a variety oudio hardware.
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6.5 Discussion

In this chapter, we have shown ASR to be an e ective method to wk in IRL
scenarios to improve the speed of convergence of RL agentsr $cenarios where
a human would verbally instruct a robot during IRL, our resuls indicate that
interaction helps to increase the learning speed robustlyen with an impoverished
ASR system. However, the IRL approach using uni-modal spokedwace does not
outperform agent-agent approaches reviewed in chaptérs ddg5 due to the error
rate of the ASR system.

Although we have shown uni-modal interactive feedback to bert IRL appren-
ticeship process, it is still an open question how multi-mad advice may favor
a learner-agent in comparison to autonomous RL and uni-modHRL. In the fol-
lowing chapter, we incorporate another sensory modality iorder to compose a
stronger advice signal. Our hypothesis is that multi-modainputs may lead to
higher consistency of feedback, i.e., more con dence lew¢ladvice and therefore
to a faster learning process. Moreover, in multi-modal IRLgontextual a ordances
may contribute not only in terms of faster convergence but ab in modulating the
integration of signals from multiple sources by representy the expectation of a
learner-agent. These issues will be addressed in the nexapter.
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Chapter 7

Multi-modal Feedback Using
Audiovisual Sensory Inputs

7.1 Introduction

Robots in domestic environments are receiving more atteoti, especially in scenar-
ilos where they should interact with parent-like trainers fodynamically acquiring
and re ning knowledge. In the previous chapter, we have pr@gsed an uni-modal
control interface that is limited to audio signals and thus d not take into account
multiple sensor modalities. In this chapter, we propose thiategration of audio-
visual patterns to provide advice to the agent using multi-radal information. In
this approach, advice can be given using either speech, gess, or a combination
of both. The performed experiments are designed in order toraplement the an-
swer of the third research question: How bene cial is uni- anchulti-modal advice
during the apprenticeship process? This question has beearfally addressed in
the previous chapter where an uni-modal IRL approach has beenplemented by
using an ASR system. In this chapter, we hypothesize that pressing audiovi-
sual input information as interactive feedback may lead th&earner-agent to faster
convergence by receiving a more accurate, consistent a@vi¢urthermore, we in-
vestigate the multi-modal integration model modulated by he use of contextual
a ordances.

In real domestic scenarios, caregivers interact with inféthrough diverse stimuli
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(e.g., speech, gestures) that can be seen as multiple moukedi. These stimuli are
seen as guidance from the parent-like teacher to the learregent. Nevertheless,
when multiple modalities are taken into account, this may ked to misinterpre-
tations and problems with the integration of such multi-modl signals, especially
when the information from multiple sources is in conict or anbiguous (Bauer
et al.,|2015). Consequently, instructions may not be cleamd may be misunder-
stood, thereby leading to a decreased performance in the apptice agent when
solving a task, as shown in the previous chaptgl 4. Although IRapproaches have
been implemented in robotic scenarios (Suay and Chernov@14; Knox et al., 2012,
2013Db), an open issue is that the communication interface theen the teacher and
the robot may not be straightforward for non-expert traines in a domestic envi-
ronment. Therefore, there is a motivation to develop easienteractive scenarios
where parent-like teachers can provide instructions usirteir natural communi-
cation skills such as speech and gestures. In this settingotigh, the feedback
provided by the user may be incongruent or noisy. The integtian of multiple
modalities should also consider this case in order to proedhe learning algorithm
with robust perceptual cues.

Our algorithm integrates multi-modal information to provide robust commands
from sensory cues along with a con dence value indicating ¢htrustworthiness of
the feedback. The integration considers also the case in wiiithe two modalities
convey incongruent information. We utilize a neural netwd-based approach to
integrate multi-modal information from uni-modal modulesbased on their con -
dence. Additionally, we modulate the in uence of sensory-dren feedback in the
IRL task using environmental knowledge in terms of contexl a ordances. This
is motivated by neurobehavioral studies on multi-modal preessing in which human
subjects exposed to audiovisual stimuli integrate multigl sources of information
driven by a combination of sensory representations and priexpectations (Ode-
gaard et all, 2015). In this regard, we use a neural networkdhmitecture to predict
the e ect of performed actions to avoid failed-states.

During the apprenticeship process, advice can be providey & parent-like trainer

using audiovisual inputs, respectively speech and gestaréur proposed architec-
ture is able to process information from multiple sources th the use of a neural
associative memory that computes multi-modal advice as arfation of the recog-
nition and con dence of uni-modal modules. We present a set experiments using
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the 7 possible advice classes from audiovisual inputs. Wenw#o show that multi-
modal integration may lead to a better performance of IRL, wh the robot being
able to learn using a smaller number of training episodes cpared to uni-modal
scenarios.

With this aim, we conduct a set of experiments to explore the tarplay of external
feedback and task-oriented a ordances in the cleaning-tédb scenario in which a
robot can interact with objects with the goal of cleaning thesurface of the table.
We compared the learning performance in terms of speed of gergence and accu-
mulated reward under 3 di erent conditions: di erent threshold of minimal con -
dence, uni- and multi-modal advice comparison, and integian of environmental
knowledge by contextual a ordances. For this purpose, we xiad the percentage
of available feedback and contextual a ordances during thkearning process.

7.2 Interactive Reinforcement Learning
Interfaces

Although IRL has been implemented in robotic scenarios, a geral problem is
that the communication interface between the trainer and th robot has not been
developed in a natural manner for domestic scenarios. Forstance,| Suay and
Chernova (2011) addressed an IRL task where the parent-likainer was able to
deliver guidance using a graphic interface built from a cameeimage and adding
buttons and bars for interaction. Another IRL approach was psposed by Knox
et al, (2012), in which the device utilized to deliver feedlzk to the robot was a
presentation control (a presenter), allowing to switch b&teen positive and negative
reward.

In the aforementioned approaches, the interfaces are udafuterms of accomplish-
ing the interaction with an external trainer. Neverthelessthese interfaces are quite
tedious and impractical for non-expert trainers who may not & familiar with the
use of technological interfaces and hence have to spend lengme learning how to
use the interaction device which, in the case of unsuccedsitiempts, may lead to
trainer's frustration. In home-like environments, exteral trainers should be able
to use their natural communication skills (e.g., speech argkstures).
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Therefore, it is much more desirable to have more natural ietactive scenarios
where external parent-like trainers can deliver their instictions similar to care-
givers instructing infants. To this aim, in the previous chater, we already pre-
sented an uni-modal IRL approach restricted to the use of an &ASsystem to guide
an apprentice robot in the achievement of the cleaning-tadtask. To add more nat-
ural communication manners, in this chapter, we also incogpate visual patterns
and integrate it with audio patterns as consistent guidancéor the learner-agent
during the apprenticeship process.

7.3 Multi-modal Integration in Robotics

People are constantly subject to di erent perceptual stimli through di erent
modalities such as vision, audition, and touch among othersSuch modalities
are used to perceive information and process it independsntin parallel, or in-
tegrating the received information to provide a coherent ahrobust perceptual
experience. Similarly, humanoid robots work with many of tese sensory modali-
ties and the way of processing and integrating the informain coming from various
sources is currently an important research issue in autonaus robotics. In HRI
scenarios, robots can take advantage of such multi-sensamfjormation in order to
improve their capabilities by improving the frequency and ansistency of feedback
when any sensory modality is limited, lacking, or unavaildb.

For instance, early work by Andre et al. (1998) proposed a mudinodal integra-
tion of speech and gestures for human-computer interactiarsing a tactile glove
to identify hand gestures and a microphone array for speecaaognition. The sys-
tem functionality was limited to manipulate geometric objets on topographical
maps. In robotic scenarios, Wermter et al.| (2003) designed reeurobiologically
inspired robot for multi-modal integration and topologicé organization of actions
with an associative memory. Their work integrated motor, \dion, and language
representations for learning by demonstration.

Lacheze et al. |(2009) presented an approach for the recogmit of static patterns
fusing audio and video. In their work, auditory informationwas used to recog-
nize objects that were partially occluded and therefore dicult to detect using
only vision. |Sanchez-Riera et al.| (2012) presented a sceapawith a robot com-
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panion that performs audiovisual fusion for speaker deteoh using a multi-modal
Gaussian mixture model. The approach detected multiple spkers in a domestic
scenario with information from two microphones and two camnas mounted on a
humanoid robot.

Kimura and Hasegawa|(2015) used an incremental neural netwdo integrate real-
time information in order to estimate attributes for unknown objects. The method
used an RGB-D camera, a stereo microphone, and pressure argight sensors to
process di erent modalities. Ozasa et al. (2012) proposeld integration of image
and speech recognition con dence values to improve the rggution accuracy of
unknown objects using a logistic regression. In their appaoh, the con dence
integration does not consider the case in which predicteddals are in contradiction.
Moreover, in order to obtain improved recognition, it is als necessary to estimate
proper logistic regression coe cients.

In all the aforementioned approaches, the con dence levelw either not used or
used only when the predicted labels are identical which is halways the case
in HRI scenarios. Therefore, in domestic scenarios and dyn@nenvironments,
assistive robot companions still need to understand and etpret instructions faster
and more e ciently, yielding the integration of available multi-sensory information

with di erent con dence levels in a consistent mode considiang equal and di erent

predicted labels.

7.4 Experimental Set-up

In our architecture, a parent-like trainer interacts with an apprentice robot using
speech and gestures as guidance for the cleaning-table sdenan this chapter,
we are particularly focused on processing audiovisual injguand their integration.
Fig. [7.1 shows the overall extended architecture of our syste where we now use
a microphone and a depth sensor to capture the advice from tparent-like trainer
that is subsequently integrated and sent to the IRL algoritm as one single piece
of consistent advice. The integrated advised action is thesent to a NICO (Neural
Inspired COmpanion) robot to be performed using theypot library (Lapeyre
et al, 2014), allowing to control the robot actuators eithein real or simulated
environments.
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Figure 7.1:

modal advice. In the interface environment, we use the robetith a microphone
and a depth sensor to capture advice from the parent-like tiaer. In the control
environment, we integrate the advice and send it to the IRL gbrithm associated
with a con dence value to decide when a valid advice is congiced according
to a de ned threshold. The integrated advised action is thersent to the robot
environment where a NICO robot performs the action using thgypot library which
allows to control the robot actuators either in the real or snulated environment.
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In this approach, RL is performed using the SARSA algorithm wh learning rate

= 0:3, discount factor = 0:9, and -greedy action selection with = 0:1.
As before, the parameters are selected using the grid searcbthod. In the IRL
approach, we use probability of advicé = 0:3. The following subsections describe
how each modality module is implemented and how they are irgeated in order to
obtain a uni ed advice to provide a more e ective guidance fothe robot learning
task.

7.4.1 Automatic Speech Recognition

To understand the verbal commands, the apprentice robot peesses audio data
and recognizes the given advice by applying the same ASR systeised in the
previous chapter proposed by Twiefel et al| (2014) (see S#c4.1). Box A in Fig.
[7.2 shows in context the functional principle of the ASR syste employed in our
architecture.

Given the setH of the 10-best sentence hypotheses and the §of the in-domain
sentences, the predicted auditory class label is computesd: a

A _—

= argmin L(h;;s;) (7.1)

wherelL is the Levenshtein distance in our ASR system. The con dencalue is
computed as:

A=max(0;1 L (hi;s)Fs;j) (7.2)

with h; 2 H ands; 2 S, both represented as phonemes.

7.4.2 Gesture Recognition

For gesture recognition, we used an extended version of therdi®OM framework,
developed by Parisi et al.|(2014), that extracts hand-indegmdent gesture features
from depth map sequences. The learning model consists of aafetwo hierarchi-
cally arranged Growing When Required (GWR) self-organizingetworks (Mars+
land et al.,|2002) that learn the spatiotemporal structure bthe input sequences
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Figure 7.2: Overall view of the system processing scheme. The domairsbd
ASR system (on top) processes the audio input modality to obtaan audio advice
label A and an audio con dence value # and the neural network-based gesture
recognition system (at bottom) processes the visual input odality to obtain a
visual advice label ¥ and a visual con dence value V. Afterward, they become
the input of the multi-modal integrative system to obtain the integrated advice
label ' and the integrated con dence value ' (Cruz et al., [ 2016b).

in terms of gesture features (box B in Fig. 7]2). The GWR trainig algorithm for
attaching labels to neural activation trajectories and thdraining parameters were
discussed in|(Parisi et al., 2015) and (Cruz et al., 2016b)ggectively.

Along with a predicted label, we also estimate a con dence v that expresses the
degree of belief that the prediction is correct based on semg-driven observations.
Training videos were recorded with an ASUS Xtion depth sensorcim which we
estimated the 3D skeleton model.

A label prediction is carried out every 3 frames to attenuatenoise in a sliding
window scheme. We consider the last 5 observations and cortgpthe statistical
mode that returns the most frequent value given the set of pdictions Vv, from
which we compute the gesture class as:

V= Mo( V) (7.3)

Let N be the number of occurrences of¥ in V so that the con dence value can
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be de ned as:

V= N5 VYj (7.4)

thus yielding a con dence value in the range between 1 and20

7.4.3 Multi-modal Integration of Audiovisual Patterns

A general overview of the processing scheme including theesph and gesture
approaches is depicted in Fid. 7,2, whereand are the label and the con dence
value respectively. First, the audio and visual sensory inpal are individually
processed. Then, the outputs, i.e., predicted labels andrcdence values, become
inputs for the multi-modal integration system. To ingrate he two aforementioned
sensory modalities, we propose a mathematical transfornaa.

Our mathematical function receives as inputs the predicteddvice classes and con-
dence pairs from the uni-sensory inputs respectively deted as ( A; #) for audio
and ( V; V) for vision. As outputs, the proposed model calculates an iegrated
advice and con dence value denoted by {; ')

We compute the integrated label ' using the highest con dence value:
< A if As V

h= (7.5)
v otherwise

Therefore, when # and V are equal, any of them is assigned td regardless the
con dence level. In case that # and V are di erent, then the label with a greater
con dence is assigned to'.

The integrated con dence value is determined by:

'=In(1+ ) (7.6)

with  being a dynamic parameter depending on each congruent or amgruent
pair of predicted labels and their con dence values. We reféo this time-varying
parameter as thelikeliness parameterwhich we compute as follows:

117



Chapter 7. Multi-modal Feedback Using Audiovisual Sensory Inputs

0.9
10 1 == 0.8

. 4 0.7
Ef 0.8 0.6
5 | 0.5
g 06 0.4
§ - 0.3
> U 0.2
Q.
] | 0.1
5 02

0.0

1.0
08 086 0.4
VISLIa[ ConﬁdEnce
D - QWHJUDWHG FRQILGHQFH ZLWK HTXD
0.56

07 1 0.48
5 06 \\\.‘\N\ ﬁ 0.40
3 \ :
a 05 oy
2 , 0.32
T 0.4 0.24
(]
% 0.3 0.16
o 02 ] : 0.08
2 .
® 01 ] -

0.0 0.8 (e

< 040.5 (\63{\

1.0 0.8 06 04 0.2 .‘\0 (-0“
Vlsualconﬁdence 0:2 0.0 0.0 P.oc‘

E -QWHJUDWHG FRQILGHQFH ZLWK GLIIHL

Figure 7.3: Con dence values used in the neural network-based assoorat ar-

chitecture. While in (a) the corresponding output labels foraudio and visual
modalities are the same, in (b) they are di erent.

=, o (7.7)
A Y]

The likeliness parameter strengthens the integrated conehce value ' when the
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Figure 7.4: A diagram of the processing scheme for the IRL task including
multi-modal integration (MMI) contextual a ordances. Int egrated feedback labels
are used as input to compute contextual a ordances (e.g., ¢he ects of action
given the current state). Contextual a ordances modulatelte in uence of external
feedback on the IRL algorithm, i.e., actions that lead to a fed-state are bypassed
by the IRL algorithm.

predicted labels for audio and vision are congruent, wherea' diminishes if the
predicted uni-modal labels are incongruent.

The integration function yields an integrated con dence vime ' 2 [In(1);In(3)] =
[0; 1:0986]. Therefore, after applying the transformation funabn, the con dence
value is rescaled using a unity-based normalization to rede the range of con -
dence between 0 and 1 as follows:

_ ' min()
I_max() min () (7:8)

where is the set of all possible con dence values'. Fig. shows the behavior
of the integrated con dence from audiovisual con dence vaks when the predicted
labels are (a) congruent and (b) incongruent.

Additionally, we use contextual a ordances to modulate the mlti-modal integra-
tion. An updated diagram of the processing scheme includingmextual a or-

dances is illustrated in Fig| 7.4. The integrated feedbacklb@l ' is used as input
to compute the contextual a ordances to determine the e ecbf an action ' given
the current state. Thus, the IRL algorithm may consider or nothe feedback, e.g.,
disregarding the feedback that leads to the agent to a failestate from which the
task cannot be successfully carried out. In our IRL approaclwe use di erent
levels of availability for contextual a ordances to modulge the learning process.
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Figure 7.5: Confusion matrices with the average con dence values forguticted
(a) speech and (b) gesture labels. The input speech advicegeft was predicted in
one occasion ago homewith a con dence of Q5. Nevertheless, all other predicted
labels were correctly classi ed with high con dence valuesver 075. The gesture
still was in some occasions misclassi ed with low con dence a#tand Q2. This
was due to the transition from one gesture to the next and these of the last three
consecutive frames for the prediction. Regardless, all tlyestures were correctly
classi ed with high con dence values over B4.

7.5 Experiments and Results

7.5.1 Uni-modal Predictions

The robotic domestic scenario described in Sef] 3 has beemlemented in or-
der to test our proposed method. For this, we made recordingd audio and
visual sequences from a parent-like teacher. Each advicasd was recorded four
times. Recordings enabled us to better control the conducteexperiments in or-
der to repeat the process under di erent learning condition After the training
was completed, our goal was to predict the feedback labelsrdn novel audio and
video sequences (; V) along with their con dence values (#; V). After pro-
cessing each modality independently, the predictions weietegrated using the
multi-modal integration model to compute ' and .
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Figure 7.6: Collected rewards using autonomous RL and IRL with multi-mdal

feedback. We use di erent minimum con dence thresholds toonsider an advice
as valid. The best performance was observed fgf, = 0:25 (red line) (Cruz et all,
2016b).

Fig. [7.5a shows the confusion matrix with the average con dee values for the
predicted speech labels whereas the confusion matrix withe average con dence
values for the predicted gesture labels is shown in Fig. 7.5bn the latter, we
added the labelstill since the depth sensor is always processing visual informoat
and this label allows to represent the fact that no gesture banging to the advice
classes is being recognized.

7.5.2 Multi-modal Interactive Reinforcement Learning

The RL approach is performed using SARSA with a discount faato = 0:9,
learning rate = 0:3, and -greedy action selection with = 0:1. IRL is carried
out using a probability of feedbackL = 0:3, meaning that 30% of the time we
use the recorded advice to assist the robot in the task exeaut. We considered
'>  n with i, as the minimum con dence value to be considered as a valid
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Figure 7.7: Collected rewards using autonomous RL, IRL with uni-modaleed-
back, and IRL with multi-modal feedback. A minimum con dene threshold of
min = 0:25 is used in IRL approach. The multi-modal IRL approach comrges
faster and to a greater reward than the uni-modal IRL approdes (Cruz et al.,
2016b).

advice. Then, we use di erent i, in order to verify whether smaller con dences
are still bene cial. The thresholds used are,, 2 f 0:0;0:25; 0:5; 0:75g observing
that in general IRL works better with ,;, = 0:25 in comparison to the other
thresholds. The average convoluted rewards are shown in F[g.§ for 100 agents
and 500 episodes.

In order to evaluate di erences in the uni-modal and multi-nedal approaches, we
use a threshold of ., = 0:25. The results for 100 agents and 500 episodes are
shown in Fig.[7.7 where is possible to observe that both uni-mal approaches
lead to similar learning behavior, i.e.: similar convergee speed and accumulated
reward. When using multi-modal integrated advice, the appich converges faster
and collects greater reward in comparison with audio and wial advice only.
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Figure 7.8: The plots show the collected reward for di erent values of ardance
availability using autonomous RL and IRL. The results are ampared to respect
to RL and IRL without using contextual a ordances. In all cags, the a ordance-
driven approaches yield a better performance in terms of tleollected reward and
convergence speed.

7.5.3 Contextual A ordance Integration

Both previously performed experiments did not use contexé a ordances after
the multi-modal integration. Therefore, we introduced theproposed a ordance-
driven model to avoid failed-states. This way, we do not onlyeduce the action
space, but also the likelihood of a failed-state during an eode is diminished so
that the agent is less likely to receive a punishment of 1. Consequently, using
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the a ordance-driven IRL approach increases the averageaonulated reward and

yields faster convergence (shown in Fig. 7.8). For a better mmparison of our
results, all plots in Fig. 7.8 show the autonomous RL and IRL gpoaches without

the use of a ordances using integrated feedback with minirhaon dence threshold
min = 0:25.

We evaluate our scenario using di erent percentages of alable contextual af-
fordances. We de ne a parameter to be the likelihood of having a contextual
a ordance available. We set values for 2 f 0:3;0:5; 0:8; 1.0g with = 1 meaning
that the a ordance is fully available. We can observe in Fig. .Ba that even a
reduced availability of a ordances ( = 0:3) allows to improve the learning pro-
cess. Furthermore, the a ordance-driven RL approach workg autonomously (in
green) accomplishes similar performance as IRL without ardances in terms of
accumulated reward. In the case of a ordance-driven IRL, itlso reaches a bet-
ter performance than IRL with no a ordances. Fig. 7.8b showshe results for
an aordance availability of = 0:5. In this case, even the a ordance-driven
autonomous RL approach (in green) obtains bigger accumuéat reward in com-
parison to the IRL approach where a ordances are not used. Wtesas in Fig. 7.8c
with = 0:8, both approaches with a ordances outperform the traditioal RL and
IRL approaches in terms of accumulated reward and convergenspeed.

Finally, we use an agent with full a ordance availability, ie., = 1:0. Fig. 7.8d
shows that with a ordances being fully available, the agentjuickly converges to its
maximal possible reward in both RL and IRL approaches, with alight di erence
in the maximal reward between both approaches when using aadances.

7.6 Discussion

In this chapter, we studied the interplay of multi-modal fedback with task-related
knowledge in terms of contextual a ordances in an IRL scenar with the aim of
obtaining a more consistent advice to enhance the learninggeess in comparison
to uni-modal IRL. The obtained results show that integratedaudiovisual repre-
sentations yield more robust feedback for an IRL task with spect to uni-modal
approaches. In particular, audiovisual integration prowes the means to solve con-
icts, i.e., situations in which predicted feedback label$rom the auditory and the
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visual modules are incongruent.

In our approach, the integration is carried out taking into &count the predicted

labels and the con dence values from uni-modal cues. In thase of incongruent
audiovisual predictions, the modality yielding the highercon dence value will be

preferred. Gesture labels are predicted by the neural netvkoprocessing of hand
motion features, whereas vocal commands are predicted wgin-domain automatic

speech recognition. Consequently, these two approaches\pde robust feedback
predictions with con dence values computed as a function af fully sensory-driven

process, i.e., a high con dence value indicates that it is selikely that the feedback

perceived by the agent matches the one actually given by theatner. This proce-

dure, however, does not give any information on whether thaqee of feedback is
correct or not in terms of the next actions required to accontigh the task.

Neurobehavioral studies in multi-modal processing have sk that human sub-

jects exposed to audiovisual stimuli integrate multiple sgces of information bi-
ased by a combination of sensory representations and priotpectations (Odegaard
et al., 2015). In other words, signals from multiple sourceamre combined in the
brain taking into account a combination of the reliability d low-level sensor rep-
resentations and the expectations of an agent in a speci dation (e.g., in terms

of task-oriented knowledge). Therefore, we integrated thiaspect to our model in
order for the study in the combination of sensory-driven mtitmodal feedback and
environmental knowledge in the context of our IRL task.

In the extended architecture, we integrated task-related nowledge in terms of
contextual a ordances which represent an e ective methoda anticipate the e ect

of actions performed by an agent interacting with objects ksed on its current
state. We trained a neural network to predict the e ect of peformed actions with

di erent objects in order to avoid states from which it is notpossible for the agent
to complete the cleaning-table task. Thus, contextual a alances modulate the
in uence of multi-modal feedback in the IRL algorithm, i.e, if an action provided

by the trainer leads to a failed-state, it may be disregardenirespective of a high
(sensory-driven) con dence value.

125



Chapter 7. Multi-modal Feedback Using Audiovisual Sensory Inputs

126



Part 1V

Closing

127



128



Chapter 8

Conclusions

8.1 Summary of the Thesis

From an experimental point of view, the present thesis waswdded into two parts:
Agent-Agent Interactive Reinforcement Learning and Human-Age Interactive
Reinforcement Learning. When analyzing agent-agent IRL, west presented a
method for training agents using interactive feedback andatextual a ordances.
Three di erent experimental set-ups were carried out: (i) taining an agent with
autonomous RL, used as the base to compare the results, (ifpining an agent
with RL and contextual a ordances to avoid failed-states, ad (iii) training a sec-
ond agent with IRL and contextual a ordances. Moreover, in he IRL approach,
we also tested the interplay of the probability of feedbackral consistency of feed-
back. From this experimental set-up, we have shown that evesmall amounts of
interaction are bene cial to the learner-agent performare in terms of performed
actions and accumulated reward. The case of the consisterafyfeedback deserves
special attention since small decreases in the probabilityf consistency diminish
the performance considerably. Moreover, we have shown cextual a ordances
to be an e ective method to avoid failed-states improving ths the overall IRL
performance.

In agent-agent IRL, we implemented additional experiment® study what makes
an agent a good teacher. We performed three additional exjpeents in order
to: (i) study the di erences of trainer-agents in terms of tkeir internal knowledge
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representation, (ii) investigate trainer and learner behaor to compare how the
experience is distributed and how this a ects the collectedeward, and (iii) evaluate
interaction parameters along with the learner-agent's oldgence. In this regard, we
have shown that the agent with the best performance may not ltbe best teacher
due to its high specialization. On the contrary, using a polyath trainer-agent,
with a more distributed experience, allows to advise the leaer-agent properly
in more situations. Additionally, an important nding from t his set-up, since
the learner-agent is much more sensitive to small variatignin the consistency of
feedback in comparison to the probability of feedback, is #t the changes on the
learner-agent's obedience may bene t the learning perfoance in the presence of
low consistency in feedback.

Afterward, we studied two approaches in human-agent IRL, naety uni- and multi-
modal feedback, with the aim of having a more realistic scema but also to in-
vestigate how the reliability of the sensory processing acts the learning process.
When using uni-modal feedback we used speech guidance with A8R system.
We used two di erent experimental set-ups: (i) ASR using di eent auditory sen-
sors with presence of noise to evaluate how in uential the hdware di erences in
the learning approach are with respect to consistent feedtlg and (ii) IRL us-
ing speech guidance with contextual a ordances using two drent voice sensors
which di er in the recognition error rate. We were able to veify that although
speech guidance improved the performance of RL agents, inntes of the performed
actions in comparison to autonomous RL and RL with a ordancg an impover-
ished input sensor or the presence of a noisy communicatiomaanel may a ect
the consistency of feedback leading to worse IRL performanc

Finally, we extended our method to include multi-modal feeddck and environmen-
tal knowledge in terms of contextual a ordances. We incorgated multi-modal
advice with the aim of producing a higher consistency of feleack, i.e., a higher
con dence level of advice and therefore a faster learningqaress. Moreover, contex-
tual a ordances were added not only for faster convergenceitalso to modulate
the integration of signals from multiple sources by represtng the expectation of
the learner-agent. We performed three di erent experimeal set-ups: (i) multi-
modal integration of speech and gestures using an assos@tiarchitecture, (ii)
comparing IRL using uni- and multi-modal advice with a mininal threshold to be
considered as valid advice, and (iii) IRL using multi-modahdvice modulated by
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contextual a ordances. We have shown multi-modal feedbado be an e ective
method to provide a stronger advice signal, allowing the IRlapproach to accu-
mulated more reward in comparison to uni-modal approacheg:urthermore, we
have seen that using multi-modal advice incorporating emanmental knowledge in
terms of contextual a ordances bene ts the learner-agentypavoiding failed-states
and accumulating more reward.

8.2 Discussion

The research presented in this thesis aimed at addressingtfollowing main ques-
tion: May RL be sped up by using parent-like advice and a ordance-driven en-
vironmental models? This research question was addressed from three di erent
perspectives by a subset of three more focused research tjoes. Although our
experiments are related to the particular properties of th@roposed scenario, our
approach may be scaled up to more complex conditions in ordergeneralize our
ndings. In this regard, the transition function is de ned in a general manner
and therefore is feasible to extend it to consider more logahs. The inclusion of
additional objects or actions would consequently lead to m® states. However,
since the representation is discrete, the use of additionabjects or actions would
lead only to a limited number of new states. A di erent situaton is the case of RL
problems with continuous state-action representation, wédre the interactive feed-
back has to be modeled taking this continuous representationto consideration.
This situation was out of the scope of this thesis.

In comparison to other previously presented discrete IRL gpoaches, our approach
not only uses interactive feedback but we also integrate itithh contextual a or-
dances and we propose a more natural advice method using mexi's skills by
means of the multi-modal integration of audiovisual signal Although some re-
sults have already been discussed patrtially in the course tbke thesis after each
experimental chapter, we now turn to discussing the main reks and ndings that
we obtained from the di erent performed experiments in theight of the research
guestions.
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8.2.1 Interactive Feedback and A ordance-based Model

In this research, the rst posed research question was: Howtan a ordance-based
model of the environment support the IRL framework? In thisegard, through the
three di erent learning methods explained in chapter 4, we ay verify signi cant
di erences in terms of the particular learning performancef each of them. In the
case of classic RL, we obtained a substantial improvement imcluding a small neg-
ative reward after each performed action to encourage thelrot to choose shorter
paths towards the nal state. This negative reward led to faer convergence and
improved the success rate considerably in RL.

Nevertheless, despite the improvements in the classic RL paigm, this approach
still led to a lower performance than RL utilizing contextuda ordances. Certainly,

this performance was because the robotic agent on this odossdid not reach
failed-states because the neural network architecture (ng the current state, the
action, and the object as input) anticipated the next state pthe caused e ect
before the task execution, avoiding failed-states when ressary. This e ectively
decreased the search space for the learning. Better perfamse was furthermore
observed in the collected reward. The maximal reward valueached by the robotic
agent with classic RL was still less than the minimal rewardalue when RL with

contextual a ordances was used in all tested cases.

Results of the IRL approach showed that interaction provideadvantages over RL
with a ordances in most of the tested levels of feedback. Emea small amount of
interactive feedback helped the robot to nish the cleaningable task faster. This
is illustrated by a smaller number of performed actions as Wes a bigger amount
of collected reward. When the consistency of feedback was siolered, it was ob-
served that even small reductions of this parameter can makiee learning process
much slower. Therefore, we believe this parameter deserggecial attention since
small decreasing of it may be detrimental to the learning press substantially.
Nevertheless, the learner-agent was still able to learn in¢hong run since an im-
portant part of the time the robot performed actions with renforcement learning
by autonomously exploring the environment. This also sugges that the consis-
tency of feedback has a di erent impact on learning accordinto the probability
of feedback used.
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8.2.2 What Makes a Good Teacher?

The second research question posed in this research was: Wtatstitutes a good
teacher-agent when considering internal knowledge repeesation and interaction

parameters? In chapter 5, it was shown that IRL generally hg$ to improve the

performance of an RL agent using parent-like advice. Nonetkss, it is important

to take into account that higher levels of interaction do notnecessarily have a
direct impact on the total accumulated reward. More importatly, the consistency

of feedback seems to be more relevant when dealing with diesit learner obedience
parameters (or a noisy or unreliable communication channedince small variations
can lead to considerably dierent amounts of collected rewd. Therefore, the

learner-agent's obedience is an e ective way to ignore intsistent feedback and
an adaptive value of this may bene t the learner even furtheon.

Moreover, we have shown that there is divergence in the intal representation of
the knowledge of the agents through state-action Q-valuesee there are states in
which it is not possible to distinguish what action leads to igater reward. Agents
with a smaller standard deviation among the visited statesra preferred candidates
to be parent-like teachers since they have a much better digiution of knowledge
among the states. This allows them to adequately advise |e@r-agents on what
action to perform in specic states. Agents with biased knowldge distributions
collect more reward themselves, but nevertheless, have &set of states where
they cannot properly advise learners. This leads to a worseefpormance in the
apprenticeship process in terms of maximal collected rewdarconvergence speed,
and behavior stability represented as the standard devian for each visited state.

Using the polymath agent as an advisor leads to both greaterward and faster
convergence of the reward signal and also to more stable bebain terms of the

state visit frequency of the learner-agents, which can alée seen in the standard
deviation of visited states when compared to the case of a sp#ist agent as a
trainer.

8.2.3 Uni- and Multi-modal Advice

The nal research question asked was: How bene cial is uni- dnmulti-modal
advice during the apprenticeship process? In this regardgevwpresented a uni- and
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a multi-modal IRL approach, in chapter 6 and chapter 7 respégely, to investigate
how the reliability of the sensory processing a ects the leaing process in terms of
consistent feedback and, consequently, performed acticarsd accumulated reward.

The presented multi-modal IRL approach uses dynamic audimsual input as feed-
back in terms of vocal commands and hand gestures for guidend©Our approach
integrates uni-modal cues to provide multi-modal feedbackrhe multi-modal in-
tegration module estimates a joint label and con dence vakibased on uni-modal
predictions. The integration is of particular importance m the case in which the
two modalities convey incongruent information, i.e., fedzhck classes predicted by
the modules of speech and gesture recognition do not matchhérefore, our in-
tegration function takes into account the con dence level fothe predictions to
provide the IRL algorithm with more consistent feedback.

Although both sensory modalities show good advice predictioand con dence

levels, the integrated advice leads to a better performanaeour domestic scenario
in terms of the accumulated reward and required learning exmdes. In this regard,
we have shown that our integration function allows to produe stronger uni ed

advice with higher con dence levels and, consequently, tmleance the performance
of a learning robot using multiple sources of information faa more natural parent-

like learning procedure.

We have evaluated the learning performance under 3 di eremgonditions: varia-

tions over the threshold of minimal con dence, comparisorfani- and multi-modal

advice, and integration of environmental knowledge by coextual a ordances with

di erent values of availability. We have observed that mult-modal feedback allows
to provide more con dent advice to the learner-agent whichelads to greater ac-
cumulated reward. Moreover, multi-modal integration modlated by contextual

a ordances enables the learner-agent to disregard the adei when this leads to
failed-states improving further the IRL performance.

Multi-modal IRL allows the agent to interact in a more naturd way with parent-like
trainers for dynamically acquiring and re ning task-relaed knowledge with respect
to traditional IRL approaches. Together, our results demastrate the contribution
of multi-modal sensory processing integrated with environental knowledge to
signi cantly enhance the interaction between users and ages in robotic learning
tasks.
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8.3 Future Work

The obtained results motivate the extension of our approadhn several directions.
It would be an interesting improvement to investigate varions on the action se-
lection method such as semi-uniform strategies like the golave -greedy strategy
based on value di erences (VDBE) (Tokic, 2010) where epsilds reduced on the
basis of the learning progress. On the one hand, high uctuatns in the estimates
of value di erences lead to a higher epsilon and further exmiation and, on the
other hand, low uctuations lead to a lower epsilon and morexploitation. The
method can also be combined with softmax-weighted actionlsetion (Tokic and
Palm, 2011). We hypothesize that a stronger classic RL apm@ch which is the
base for the other methods can lead to the necessity of lesgeemal advice al-
lowing to reduce the number of iterations or needed episodes training which is
fundamentally important considering real scenarios wherenning through a large
number of episodes would be impractical.

Furthermore, either the same or decreasing probability ofédback has been applied
during the whole training process, i.e., we have not testedhat the best time steps
are to deliver interactive feedback. Evidence indicates @it there are diverse factors
which a ect the ultimate performance of an apprentice agentising IRL methods
such as the time period when the feedback is received (Torrapd Taylor, 2013;
Taylor et al., 2014) as well as the magnitude of the problem whe the method is
applied (Stahlhut et al., 2015). Therefore, adjustments tthe frequency of feedback
in the implementation of the methodgetAdvice (see Sec. 4.3.2) should also be
investigated.

Further important future work is to investigate how the obtaned results can scale
in continuous scenarios. It can be expected that RL agentsesimilar behavior
since they are designed to nd the optimal solution, maximing the collected
reward. Moreover, adaptive learner behavior can be explakethus allowing to
decide which advice to follow depending on the collected kmledge about the
current state that the learner-agent has at a speci c time. Ten, the learner-agent
would act with diverse values for the learner obedience panater, adapting it
in real time. Greater learner obedience can be expected atetlbeginning of the
learning process, but over time the learner-agent shouldka its own experience
more into account and therefore follow its own policy instehof the parent-like
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advice, leading to smaller obedience values. In the same w#ynew space is
explored and consequently less reward is received, then gutrlike advice could
be used once again, leading to a dynamic learning processg aaking advice into
account when necessary while avoiding bad advice if possibl

So far, the proposed integration function considers two csidor predicting multi-
modal feedback and computing its con dence. On the one handge could think of
naturally extending our function to consider input from addgtional sensory sources,
e.g., RGB information as an additional visual cue. It has beeshown that com-
bining depth and RGB information leads to a better recognitn accuracy with
respect to using a single cue (Koppula et al., 2013; Ni et al.023). In the case
of our robotic task, con icting input in terms of incongruert predictions from the
auditory and visual modules may be solved by considering ntiple visual cues and
assuming that visual information is more reliable with resgct to speech recogni-
tion. On the other hand, we could think of extending our funabn for additional
modalities, e.g., haptics. In such a setting, parent-likedvice may be delivered to
the agent by providing haptic feedback to its actuators, e.gmoving its arm to
grasp an object.

In its current version, our integration function considersach modality as equally
contributing to multi-modal perception. Therefore, althaugh our architecture

scales up to a larger number of modalities, it does not accdufor crossmodal

learning aspects, e.g., in an embodied robot perception sa€o where motor con-
tingencies may in uence audiovisual representations (Mse et al., 2015). Thus,
the extension of our approach in such a direction would reqei additional mecha-
nisms for the crossmodal learning of spatiotemporal congencies built on the basis
of modality-speci c properties (Noda et al., 2014; Giese aridizzolatti, 2015) and

the interplay with a ordance-driven reinforcement learnng.

Currently, our IRL scenario runs in an o ine manner, i.e., with no dynamic hu-
man advice. Therefore, future work directions should alsmuosider experiments
accounting for online interactions. Furthermore, experimnts should also consider
a wider number of parent-like trainers with di erent teachng characteristics.

In this thesis, we have used robotic agents or simulated raigoto perform the
actions in the proposed task, therefore, another directiasf extension is to move the
proposed application onto more realistic robot platformsFor this, it is necessary
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to count on robots which are able to grasp and place objectsroectly in order to
execute the subactions needed to complete the cleaning{&alask.

8.4 Conclusion

This thesis contributes to the eld of interactive reinforement learning by explor-
ing approaches aiming to speed up reinforcement learning theds, more specif-
ically interactive feedback using both agent-agent and huam-agent interaction.
This was complemented by the use of contextual a ordances a® approach to
model the actions in the environment.

In conclusion, our experiments demonstrate that autonomauy classic reinforce-
ment learning can be sped up by using parent-like trainers whare able to use
their natural skills to deliver advice to the robot in terms & speech and gestures.
Additionally, an a ordance-driven environmental model, ascontextual a ordance,
is bene cial to the learning process in terms of decreasinbd training time by re-
ducing the search space and using environmental knowledgenhodulate sensory-
driven parent-like advice.
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Appendix A

Contextual A ordances with an
Associative Neural Architecture

A.1 Introduction

A ordances are an e ective method to anticipate the e ect of &tions performed
by an agent interacting with objects. In this appendix, we pgsent an additional
implementation of contextual a ordances in the framework bthe robotic cleaning-
table task.

We implement an associative neural architecture containgna layer with a quadratic
complex neuron (Georgiou, 2006; Georgiou and Voigt, 2018)learn the contextual
a ordances for predicting the e ect of performed actions wit di erent objects to
avoid failed-states. The associative architecture shapawirtual grid in a complex
plane to map inputs into the output space.

Experimental results on a simulated robot environment shothat our associative
memory is able to learn in few iterations to predict future sates with high accuracy
using a humanoid robot that must clean the table interactingvith di erent objects.

Moreover, in this experiment, we adjust the domestic scenarin terms of the
allowed actions and data representation for the neural modeDuring the execution
of the task, the robot will transit di erent states by performing actions and using
objects until a desired nal state is achieved.
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A.2 Experimental Set-up

The robotic scenario used in this appendix di ers from the am used during the
thesis in terms of the available actions and their represeation since, originally,

we did not work with vision modality and, therefore, the sceario was modeled
di erently. As before, the task consists of a robot standingn front of a table to

clean it. For this task, we used the same de nedbjectsand locations. The scenario
includes then aspongeand agoblet and three zones, thdeft and right table sides
and the home position. Di erently, we allow the robot to perform actions as: get

<object, drop <object, go to<location>, and clean Therefore, now the actions
are also linked to either objects or locations.

To implement the contextual a ordance learning, we utilizel an associative neural
architecture as described in (Cruz et al., 2016c) using a cplax-valued quadratic
neuron to map inputs into a two-dimensional grid output. In tis neural architec-
ture, the output Y is computed according to Eq. (A.1) and the gradient descent
learning rule as in Eqg. (A.2) as follows:

XX
y= X;j Xk (A1)
j=1 k=1

4 A= " XXT (A.2)

where is a small real-valued learning rate.

For a given input vector X, the desired outputY to be used in the learning
algorithm is de ned as the nearest intersection point of thgrid lines of the complex
plane. In practice, a function is de ned that rounds to the nearest integer for
grid lines spaced at a xed distance in both directions:

(Y)= round( Re(Y)) N iround( Im (Y))

(A.3)

All the variables are encoded as presented in Table A.1, whichawvs the data rep-
resentation for side conditions, locations, actions, andgects. In side conditions,
letters d and c represent the fact of beinglirty or clean respectively.
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Table A.1: Representation of training data used for neural

classi cation.
Data Representation
Side conditions Locations Actions Objects
dd|1({0|{0| O home{1|0|0| get |1/0/0|0| spongel 1|0
dc[O|[1(0| O left |O[1]|0| drop|0|1|0 |0} goblet|O0|1
cd| 0O[{0|1,0|right  O|O|1|goto|0|0|1|0 free |0]|0
cc/0/{0[{0|2| none|{0|{0|OfcleanjO|0O|0|1

State(t+1)
3 4

OOO0J0000000

handPosition handObject cupPosition sideCondition

aiiy

Associative Neural Architecture

State(t) G

COJ0O0O0J0COOICO0I0J000

handPosition handObject cupPosition sideCondition Action Object Location

Figure A.1: Associative neural architecture for next state prediction.In our
scenario, the state reached by the robot represents the adsnce e ect.

A.3 Experimental Results

Our approach uses contextual a ordances to predict the e ¢®f an action after it
has been performed by the robot. We use the representationogin in Table A.1
for the training data. As input, we use vectors with 21 varialds containing infor-
mation about the current state, the action, the object and/o the location, whereas
each state is contained in the rst 12 components of the veataonsidering the four
variables that de ne a state (see Fig. A.1). Our architecture @amprises an associa-
tive neural layer that maps the current state of the system iio the expected e ect
that corresponds to the e ect from contextual a ordances ecoded as 12 variables
representing the next state. When a performed action leads tofailed-state, all
components of the output vector are equal to zero.
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Figure A.2: Mean squared error over 10 training iterations.

During the training, we associate the desired output stateabell( ( Y)) for classi-
cation purposes. After the training phase, when a new sampis presented to the
neuron, we computey® and return the state label that minimizesk ( y9  ( Y)k.

For our implementation, we set = 0:001 and use the decaying learning rate:

t(t+3)

= . e ir (A.4)

wheret is the iteration number, ¢ =0:01 andk =5000.

Experiments show that our architecture with an associativiyer is able to classify
all the instances correctly after training. The mean squarerror decreased from
2.92e-3 to 2.37e-5 after 10 iterations as shown in Fig. A.2. Theal distribution
of the output after 10 iterations is shown in Fig. A.3, where the-axis and y-axis
are the real and imaginary parts respectively of the complegxane.
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Figure A.3: Final distribution of the output projected into the complex domain.
A.4 Discussion

Our proposed architecture is able to successfully prediche e ect of performing

an action using an object by using contextual a ordances. Wase additional state
information to distinguish di erent situations in the robotic cleaning scenario and
avoid failed-states to e ectively nish the task. The asso@tive complex architec-
ture is, therefore, an interesting alternative to implemeting contextual a ordance

since it allows to map the input vectors into valid states wit few training iter-

ations, which represents an advantage for online learningalications where the
response time plays a crucial role.
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Appendix B

State Transitions of the
Cleaning-table Scenario

In order to visualize the whole search space of the cleanitalple scenario, a more
detailed diagram for the state transitions is shown in Fig. B. The gure does

not pursue to show all the involved transitions between stas in detail, but rather

to show how the search space is structured. Transition deksican be seen in the
state transition table as shown in Table 3.3.

Fig. B.1 shows the 53 states plus a garbage collector state atirepresents the
failed-states. All the involved transition are displayed irthe gure, i.e., for every
node, there are 7 output edges representing the 7 de ned amts in the cleaning-
table scenario.

A simpli ed version of the transitions is shown in Fig. B.2 whee the edges for the
action of abort (to cancel the task execution and return to the initial stat¢ and

the edges for actions which lead to a failed-state are omitteIn Fig. B.2, we can
see the path A to the left and the path B to the right. As stated inchapter 3, the
path A comprises 23 states and the path B 31 states.

The state transitions were represented using the graph degtion language DOT
and the plot layouts were created with the graph visualizatin software Graphviz
for rendering. For more details, the source les of the veatial gures can be found
at https://git.informatik.uni-hamburg.de/cruz/IRL.
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Full transition diagram of the cleaning-table scenario.
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Figure B.2:
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List of Acronyms

Al { Arti cial Intelligence.

ANN { Arti cial Neural Network.

ASR { Automatic Speech Recognition.
CA { Contextual A ordance.

DMLP { Deep Multi-layer Perceptron.
DoF { Degree of Freedom.

G2P { Grapheme to Phoneme.

GVS { Google Voice Search.

GWR { Growing When Required.

HRI { Human-robot Interaction.

IRL { Interactive Reinforcement Learning.
MDP { Markov Decision Process.

MLP { Multi-layer Perceptron.
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MMI { Multi-modal Integration.
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NN { Neural Network.

RL { Reinforcement Learning.

SARSA { State, Action, Reward, State, Action.
SER { Sentence Error Rate.

VDBE { Value-Di erence Based Exploration.

WER { Word error rate.
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