MULTI -MODAL TASK INSTRUCTIONS
TO ROBOTS BY NAIVE USERS

by

JOERG CHRISTIAN WOLF

A thesis submitted to the
UNIVERSITY OFPLYMOUTH, U.K.

in partial fulfilment for the degree of

DOCTOR OF PHILOSOPHY

School of Computing Communicationdaklectronics,
Faculty of Technology

2008






PREFACE

This research was carried out at the Robotics and Intelligent Syktbr{RIS) at the
University of Plymouth, U.K. The MIBL project was running fr&004 2008 and was
funded bya Faculty of Technologgcholarship Theproject was a partly a contiation
of the IBL project that was running from 2002003. The motivation for this project
came from the open questions in the IBL project: How can a rbeobuild that
understands not only sequential instructions but elées? How can a grammar be

created that covers a particular domain frocopus?

Dr. Guido Bugmann was the director of studies of this thesis and | thank him for his
advice andinvaluable guidance.Also, | would like to thank Dr. Paul Robinson for
supervising the work and the financial support for attending conferences. | sfmvid

my appreciatiorto my supervisors for letting me takart in other roboticsesearch
projects during my FD and their guidance in all areas of live.

Furthermore | would like to thank the Faculty of Technology management for

entrusting me with the scholarship.
| would like to thank_ouise Entwistlefor her help with the transcriptionsurthermore
| would like to thank all members of tliesearcHab, who | have exchangedspiring

ideas with.

| also thank my examinerBy. Yiamis Demiris,Dr. Tony Belpaeefor their valuable

suggestions on my thesis.

Many thanks to my family whbavesupportedne all theway.

Finally I thank mylovely wife for her patience duringhe days and nights when | was
preparing this thesis.

Plymouth, August 2008

Joerg Christian Wolf



AU T H O RBEELARATION

At no time during the registration for the degree of Doctor of Philogtias the author

, Joerg Wolfbeen registered for any other University award without prior agreement of
the Graduate Committee.

This study was financedith the aid ofa Faculty of Technology scholarship.

A programme of advanced study was undertakdnctwincluded the extensive reading
of literature relevant to the research project and attendameternational conferences
on Robotics and HumaRobot Interaction.

The author has published papers in the following-p@@ewed international journal:
1. "Industrial Robot: An International Journal, Special Issue on Service Robots
Volume 32 Number 6, ISSN 01491X, page 49%04 , Oct 2005

and has presented papers in the following international conferences:

2. IEEE ROMAN 08: The 17th IEEE Internationaly8posium on Robot and
Human Interactive Communication, Munich, Germany , Aug 2008.

3. the Second Workshop on Humanoid Soccer Robots @ 2007+R2EE
International Conference on Humanoid Robots, Pittsburgh (USA), November
29, 2007

4. TAROS 2007: Towards Autonomo&obotic Systems Aberystwyth,U.K. ,p.
176181, Sept 2007

5. IEEE ROMAN 07: The 16th IEEE International Symposium on Robot and
Human Interactive Communication, Special Session Paper in HRolaot
Interactive Teaching ,Jeju Island, South Korea,Paper No.-WA#. 714719 ,
Sept 2007

6. IEEE ROMAN 06: The 15th IEEE International Symposium on Robot and
Human Interactive Communication, Hatfield, U.K., pg. 14, ISBN 14244
05645

7. European Robotics Symposium (EURO&), Palermo,ltaly

8. Third International Coni@nce on Computational Intelligence, Robotics and
Autonomous Systems, Singapore(CIRAS) 2005, (ISSN: 02131)

9. TAROS 2005: Towards Autonomous Robotic Systems, (ISE29%P4703-5)

10.2004 FIRA Robot World Congress (Paper 151)

11.2004 FIRA Robot World Congressgjper 158)

12. UK Championships of FIRA Robot Football 2004

and has presented a pigdecture:
13."Robotics @ Plymouth” IEE Devon and Cornwall Branch 2006

ard has engaged in learning and teaching at the University of Plymouth in:
Robotics, Control Systems, Digl Electronics, Advanced GUI Programming, Artificial
Intelligence and Natural Language Interfaces.



COPYRIGHT

© 2008 Joerg Christian Wolf

This copy of the thesis has been supplied on condition that anyone who consults it is
understood to recograsthat its copyright rests with its author and that no quotation
from the thesis and no information derived from it ymie published without
referencing the source. Paragraphs or larger bodies of text may not be published without

the author prior consent.

Word count of main body of thesi49560



PhD EXAMINERS
External: Dr. Yiannis Demiris ( ImperialCollege )

Internal: Dr. Tony Bel@eme  ( University of Plymouth )

PhD SUPERVISORYTEAM
Director of Studies: Dr. Guido Bugmanr{ University of Plymouth )

2nd Supervisor: Dr. Paul Robinson ( University ofPlymouth )



Abstract

This thesis presenta theoretical framework fothe design ofuserprogrammable
robots. The objective of theork is to investigate mukimodal unconstrainechatural
instructions given to robots inorder to design a learning robd corpuscentred
approachs used to design an agent ticanh reason, learn amteract with a human in a
natural unconstrained waylhe corpuscentred design approads formalised and
developed in detailt requires tle developer to record a human during interaction and
analysethe recordinggo find instruction primitivesTheseare then implementedto a

robot The focus of thisvork has been on how to combine speech and geaging

rules extracted from thanalyss of a corpus.A multi-modal integration algorithm is
presented, that can use timing and semantics to group, match and unify gesture and
language.The algorithm always achieves correct pairings on a corpus and initiates
questions to the user in ambiguateses or missing informatiomhe domain of card
games has been investigated, because wéitsty of games which are rich in rules and
contain sequencesA further focus of the workis on the translation of ruleased
instructions Most multrmodal intefaces to date have only considered sequential
instructions.The combination of frambased reasoning, a knowledge base organised as
anontology and a problem solver engine is used to store theseThéesinderstanding

of rule instructions, which contagonditional and imaginary situations require an agent
with complex reasoning capabilitie&.test system of the agemplementations also
described. Tests to confirm the implementation by playing back the corpus are
presented. Furthermqgrdeploymentest resultsvith the implemented agent ahdman
subjects are presented and discus3ée. tests showed that thate of errors that are
due to the sentences not being defined in the grammar does not decrease by an
acceptable rate when new grammar is ohiiced. This was particularly the case for

complex verbal rule instructions which have a large variety of being expressed.
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Glossary

Al Artificial Intelligence A branch of computer sciencencerned
with creatingntelligence in machines.

acoustic packaging Psychology. Acoustic information, usually in the form oéegh
hel ps infants to structure and sep
of actions that is being demonstrated to them.

alignment In Natural Language: use of a dialogue and sentence structure
that both dialogue partners understand.

anaphora Anaphora are refences to explicitly mentioned nouns, earlier
in the discoursesee Grishman (1986).

AR AugmentedReality. Usually 3D computer graphics added to a
live video feed.

BFO Basic Formal OntologyAn ontology is a specification of a
conceptualizationfor example a specification how to network of
semantic classeBasic Formal Ontology is a special form for
defining ontologies,ee Smith(2006)

CFG Context Free GrammaA grammar that consists of a single
nortrterminal symbol on the lefiand side anterminals/non
terminals on the right hand side.

CG seeConceptual Graphs

Conceptual Graphs Like semantic networks, Conceptual Graphs represent concepts
and their relationshipsee Sowa (2005)

contexttaggng The process of tagging parts of thepes with a context marker
that describes the situation.

corpus Latin for Abodyo. I n I'inguistics a
for example transcriptions or newspaper articles.

corpusbasedrobotics
Design method in robotics that allows the destf anartificial
agent with natural communication skills and matching user
requirements. The design method is based on collecting a corpus
of instructions before implementing the agent. @&@gmannet
al., 2004) or Chapter.1

corpusbased clause grammnsa

Method of deriving a grammar for natural language interpretation
from a corpus, see chapter 6.
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DDD

DPD

dependent clauses

DRS

DRT

DTD

EPSRC

frames

GPS

HCI

HRI

IBL

determinative demonstrative deictic references:
this, these, that, thosasdthe

determinative possessive deictic references:
my, your, ourhis, her, its, their, ones

In grammar, a clause theannotstand alone as a sentence

Discourse Representati@tructure The structure to represent
sentences and discourse used in Discourse Representation
Theory. The sticture is related to predicate logind every
introduced object and referent is assigned an identifier, allowing
accurate representation of anaphora.

Discourse Representation Theofytheory to express sentences
and language discourse in a fotframework. Invented by
Hans Kamp, see Kamp (1993)

Document Type Definition. A DTD file defines XML tags and
their syntax for a particular document type.

Engineering and Physical Science Research Council,
a British research council

In Artificial Intelligence:Frames combine domain knowledge
into a structure for representimgd reasoning witktereotypical
conceps or situatiors.

General Problem Solver, problem solving A.l. program,
see Newk and Simon(1972)

Human Computer Interactioa discipline concerned withe
study of the interaction between humans and computers and the
design of user interfaces.

Human Robot Interactigra discipline concerned with the
study and improvement of the interactioetween humans
and robots.

Instruction Based Learning. IBL is the process of learning a task
from a teacher through instructions, usually verbal. The learning
process may be supported by, but is not depending on

a demonstration.

instructionprimitive  An instruction on human level, when given verbally,

can be expressed using a single main verb.

instructionprimitive parameter

Information further specifying an instruction,
like parameters of a function in programming
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instructionprimitive type

instances

KB

Lambda Calculus

LISP

GSL

HMM

MIBL

multi-modal

multiple inheritance

NLI

NLTK

NLU

ontology

Either a Conditional, Context, Action or Fact

In ObjectOriented Languages / Ontology:
| nst an tascaotpiioensso )whieH sercelastisedeenplate

In Artificial Intelligence: Knowledge Basa database that stores
knowledge in an organised format. If machieadable,
deductive reasoning can be applied to the knowledge base by
applying algorithms.

In Computer Science: The Lambda Calcuua formal system
designed to investigate function definitionnétion application
and recursion

A high level programming language,
popular in artificial intelligence.

Grammar Specification Language.
Language to specify grammar in the Nuance Speech
Recognition system

Hidden Markov Modela staistical model often used in temporal
pattern recognition.

Multi-modal Instruction Based Learning

In HumanrComputer Interaction: multiple modes of input,
usually including modes that go beyond the traditional mouse and
keyboard.

refers to a feature of objeotiented representation in which a
class can inherlbehavioursand features from more than one
superclass.

Natural Language Interfacan interface to a robot/computer with
natural language expressgmsually by keyboard or with speech
recognition.

Natural Language Toolkit, aige of open source Python modules,
for research in natural language processing

Natural Language Understandjnthe process of interpretation
and making sense of maal language expressions by attaching a
meaning to the natural language expression and deductive
reasoning.
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0O0SG

pair-rule

PCA

primitive
primitive verb

PROGRAMMAR

Prolog

PSL

rule frame

rule instruction

Scopa

SFG

STR

SLM

syllogism

tautology

In computer scienceAn ontology is a specification of a
conceptualizationfor example a specification how to network
semantic classefOntology is also abranch of metaphysics
(philosophy)corcerned with the nature of being.
Out-of-SpeechGrammar ( Error ). A common error that occurs
when the user attempts to express an instruction with grammar
that has not been mapped to anytringion and is therefore not
in its speech model.

I n the card game Scopa: a ru
two cards by their value.

Principal Component Analysia method of reducing a data set to
lower dimensions for analysis.

see Instruction Primitive
A finite verb in a clause indicating the Instruction Primitive

A parsing system which interprets the grammars written in term
of prograns from Terry Winograd.

Programmind_anguagebased on firsbrder logic.
It is adeclarativdanguage such as SQL or LISP.

Pracedure Specification Language, in IBL.

Frame to hold information about a rule. Rules can consist of
several Instruction primitives of variougs.

In HumanRobot Interaction: an instruction, often verbal that
describes a rule. Rules are distinguished fseguential
instructions by having condi

An Italian card game.

Systemic functioal grammaramodel of grammar developed
by Michael Halliday, seélalliday, (1976).

StateTransitionRule (in MIBL).

Statistical Language Model. language radel that has been
generated by the statistical occurrence and word order.

Logical argument whereby a conclusion is determimed
combining statements

In logic, a tautology is a formula that is true under any possible
valuation. For example ("A or n@&") is a tautology.

-18-

| e

S

ti

t ha

onal



taxonomy

tuple

unification

uni-modal

word class

The branch of science concerngith classification.
from Greek OtaxisO6 meaning

A ordered list of valuedn databases often a row in a list
of queried results.

in logic, the combination of two terms
if one of them is not instantiated.

In HumanrComputer Interaction: single mode of input or
communication. Opposite of multnodal.

A category of words of similar form or function.
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1. Introductio n
1.1 Need and Ainof the research

PROVIDED thecurrent trend in service roboticentinues, service robots will become
more common in our householdsiccording to a Uried Nations study,
(UNECE/IFR 2005a), the demand jpersonal andervice robotwill rise to 7 million

units of personal robots soldthin a period from 2005 to 20081 2007 another méet
survey from (World RoboticR007) suggested that there will be 3.6 million units sold in
the period from 2007 to 201Qurrent service robots on thearkd include automated
vacuum cleanersawn mowersand toy robots

However, n order to expand taew areas within the household domain, robots must
master much more complex tasks, such as identifying and manipulating clothes
manipulating household itesandcommunicate efficientlyA study at the University of
Plymouthby (Copleston and Bugmar2008) showed that the most common tasks that
robots should be able to do gseeparingdinner, tidying and school work However
veryfew research groupare woking on these problems.

When comparing the ugisrneeds to what robots on the market can actuallyt dan

be speculated that the market in personal and service robots is driven and limited by
what developers can do with robots (at the moment) ratlaer what users wantn

order to meet tha s enedids, much research is still to be done.

The motivation of this research project focuseshmusehold robot scenasioAn

important issue ithe household robot scenasits that the users of the robots arot

trained operators or engineers. Therefore a seraiet shouldbe programmable by

anybody interacting with them, since there are far too many possible tasks for the robot

to be preprogrammed completely. Users wantadaptthe robofs behaviour taheir

individual preferenceWermter 2003Bugmann 2005)For example the simple task of

making tea is a very personal issue, water first or tea leaves first or even milk first?

How much sugar, which kind of sugat#®w would a computeitliterate elderlyperson

teach a robot these preferencélsers may not be experts in programming. Therefore

iPr ogr ammi ngo of service robots Sshoul d be
AProgrammi ngo between humans is giving inst

is a cka need for researching humé&mhuman instructions. Humans instruct (teach) by
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speakingand demonstratingactions Therefore a robot must be able to accept these
instructions without the need for the instructor to chasmgmificantly his way of
communiating Users in a home environment can not be expected to read a large
manual on how to use the robMany people would find it difficult or impossible to
understand to operate a robot that has many buttons and memp&rt commissioned

by the U.K. Goernment to Sir Claus Moser investigatessic literacy and numeracy
(DfEE 1999)stated that one in five adults are functionally illiteratieat is, if given the
Yellow Pages they cannot find the page for plumbers. It can be assumed that
functionally illiterate people can give a robot instruction by speech and gastare
similar way that thegommunicate with others. However they would be unable to deal
with an unnatural complex set of instructions fromwaitten manual or even when
taught.

A natural vay for humans to teach s/ actions accompanied by a verbal explanation
Therefore a natural unconstrained humaimot communication interface must imeilti-
modal( spoken natural language + gestures/actjons

The instructions can include rules as vaslsequential instructionBules, for example
are daif it 1 s r aiHow couldthese ihstustionbd em@dedvintmald o ws .
robot? Is it possible sucta truly natural humanobot interaction system, whetbhe
communication is unconstrained, 8w user cartommunicatefreely (free choice of
vocabulary, free natural flow of gestures and spéeehlimited domaih ? To the best
knowledge of the authothere is currently no servigebotics projectwith this
emphasis Other projects that have beeevoted to verbal Robot Instruction systems
usal constrained language, which means that users have to learn specific verbal
commands to instruct the robot (Crangle and Suppes, 1994; Torrance HL8®dan

and Laird, 1995Matsuiet al, 1999 Perzanowsk 2001;Ibaet al, 2002.

The target of this PhD is to contribute to knowledge in the field of huolaot

communication. More specificalllhow to convert unconstrained multimodal

instructions (spoken natural language + gestures/actions) into a knowleelg
representation usable for robot reasoning and acting

The investigation will build on a previous project called InstrucBaised Learning
(Kyriacou, 2004; Bugmann et. al. 200end the idea of CorptBased Robotics which
will be elaborated in the nexéstions.
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1.2 CorpusBased Robotics

A userprogrammable robot must use an interface that is natural to the user. User
friendliness must be the starting poiot the design procedureather than a later

developed featureCorpusBasedRobotics stands for aedign procedure to completely

adapt the robot to the user rather than adapting the user to théoydipaining L et 6 s
demonstrate thisuser centred design approach in an examiflehe engineering

specification is the starting pojrbe first verbal ommandanengineer would add to the

robot i s ifigo forward one thousand and tw
household user will say this command in practi€arthermore, the engineer might

conclude that there is no vision processing required to coenhlettaskin contrast, a
userwoulds ay fnget me the dirty plates from the
be 1200 mm away from the robdte designer using the corpbased approach would
conclude that vision is al srregthe useespeciies ed f or
the target in terms of visible objeats. g . Adirty. Tormaketrabsts reakyi t ¢ h e n
userfriendly and functionalwe must first examine how humans give commands and

interact then build a robot according to the interactioad®l. How to examine human

interaction? Ingeneralby recording interactioninteraction between a human teacher

and a human or robotic student is recorded and investigated.

Theserecordingsform a socalled ficorpu®, hence the nam€orpusBasedRobotics.

This approachwill ensure a perfect match between requirements of the user, the robots
capabilities and the communication levethe design method of Corpiased Robotics

ensures that the developer is guidedardscreating a system that can understand

act upon the endsers needs, because enduser describes his needs; this information

is captured by the corpus.

Previous work carriedn thefi | nst ruct i on rdjeats(Bd) (Kyrieamu, ni ng P
2004; Bugmann et. al. 2004) has shown that it isiptesto extract information from a
representative sample of the teacheroés utte
- Identify primitive procedures that the robot has to be able to carryeouhe
robotés Aprior knowl edgebo
- Write and tunespeechkrecognitionsoftware to call and combine these primitive

procedures.
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Thi s approach to the definiti onrnangoage t he

r

interface (NLI) has beefirstd e s c r | @GogusBasexIRob ot i cs 0 ( Bugmann

2004) and is outlined in figurke

Robot- Corpus_
Centred Centred
User needs Vocabulary sampling
(specification) of instructions

\

Robot design
Functional Analysis
Vocabulary \
definition NLI Design Robot design
NLI Design

Figure 1-1: Robot vs. CorpusCentred Natural Language Interface (NLI) design.In the Corpuscentred approach, the content

of samples of instructions between humans defines at the same time the vocabulary to be dgahevigpdech interface and the
:ﬁgu’\ilrﬁ(-i functionality of the robot. In the robmentred approach, the functionality is defined first, then the access vocabulary, then
By using parts ofthe corpus as test data while developing the system, tls isc
always on the endsers demands. If theorpus is not present the developer will
incorporate his own perception rather than what the users want. This can lead to
incongruity between the ugserneed and the robots capabilififemost in language
cgpabilities and in functionality and intelligence.

CorpusBased Robotics goes further than the analysis for language interface designs. A

corpus can be used to identify functions that the robot needs to be able to do.

Put these filthy socks into the laundry

Figure 1-2: Example of a wser programmable robot.
Possible Language Primitive: pick_and_placefdddksfilthy,?,+laundry)
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Based on the corpus, concepts in the field of understanding task instructionsliot a
can be established. Td®sconcepts aim at answeg questions like:
- How to design a grammar from a muttiodal corpus?
- What knowledge representation and reasoning engine is suitable?
- What semantic structures are used in the language of the teacher?
- How to map language into a semantic representatidabdaifor a service
robot?

These will be discussed in the next chapters.

1.2.1From Corpus Linguistics to Corpusased Robotics

The idea of CorpuBased Robotics is borrowed fro@orpusLinguistics The initial

idea and the ternwere coined by Guido Bugmma at the University of Plymouth

(Bugmann 2004)in Corpus Linguistics text is collectéato a database. This collection

is called fAcorpuso. These texts cdme al so c
strength of Corpus Linguistics is that thetud use of language can be investigated as

opposed to the traditional study language structure (Bibeat al., 1998) Similarly

CorpusBased Robotics also uses a corpus to determine the language and gestures used

when interaction betweenhaiman and a rolidakes place.

As mentioned earlier, linguistics is divided into corpus linguistics and structural
linguistics wherebyinfi st r uct ur al terceésmarg defined from elenents,sthee n
words and clear structure, tlggammar.The same division coulde hypothesized in
robaics, where CorpusBased Roboics is opposed tofiStructurab Robotics. In
StructuralRobotics, the robot is build from components.

If there is an analysis of the rol@®tfunctionality based on a corpus then the logical

consequencesithat there is robdtuinctiongrammarSee tabld for clarification.
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TABLE |
LINGUISTICSCONCEPTSAPPLIED TO ROBOT DESIGN

Symbol Corpus Structural
Linquistics CorpusBasedLinguistics Structural Linguistics
9 (‘has Corpus of words ) ('has lingistic Grammar )
Robotics CorpusBased Robotics StructuralRobotics
(‘has Corpus of functions) (has roboffunctiongrammar)

Table 1-1: Corpus vs Structural

For example, a part of a robfainction grammar of structural robotics could be:

robot -> sensors processing_unit act uators
actuators - > drive_electronics drive_hardware
drive_hardware - > wheel gearbox shaft - encoder
wheel

gearbox

shaft - encoder

Whereasincorpupased robotics, the wutterance Adr i
for a drive hardware desigithe teminal symbols of this robefinction grammar are

the components and software algorithms such as wheel, gearbox andnsbattr
mentioned above. The idea of roffohction grammar can be exploited by designers to
formalise and automate design. The focdisttos PhD work is not robefunction
grammarsgvenif they have been discovered here. The focus is cdrased robotics.
Robotfunction grammars are worth investigating in future projects and can polssibly
combned with evolutionary computing to firthe optimal design of a robot, whereby

the genomes are created from grammar rules to avoid impossible configurations.
Grammars have been applied to related ideas such as planning a task and encoding task
constrainh and operation applicability into the gramar. However in the case of robot
function grammars, the design and configuration of the robot is also included into the

grammar.
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1.3 Overview of the Thesis

The thesis stastwith a review of related work ichapter2 and earlier work in chapter
2.2 The main part of the thesis is in chronological order of the robot desigm dinel
order of the information flowgoing through the robot. The flow starts with input of
gesture (chapter 4)ts integration with language (chapter 5), the creation of speech
recognition grammars (chapter, @d continueswith reasoning and action upon those
inputs (chapter J. Finally actions that the robot produces described in (chapter
7.8.6). Chapter 8 describes experiments and results and the thesis is concluded in
chepter 9. Along the way important scientific contributions are described which
advance humarobot interaction and learning. A particular focus will thee natural
interaction which can only be achieved through contrilmstio multtmodal integration
(chaper 53), the applicdon of rule frames (chapter j.and theformalisationof the
corpusbased approach.

In a nutshell the CorpuBased Robotics approach can foemally described as the

following procedure:

Summary of DesignProcedure

Colledion of the Corpus (Chaptej 3

Transcription (Section 3)4and CorpugLontext tagging (Seicn 6.1)

Identification of Primitives 3.5.2,3.53 and Ontology ( 6.2.2, 7.4)

Implementation of Gature Recognition$ection4.1)

Creation of Timing Histograms for MulModal Integration $ection5.2.4)

Creation of Grammar (Chaptéy

Implementation ofPrimitives, State Transition Rules and Robot Hewel Primitives
(Chapter7)

Dialogue Design (Chaptér10, 8.7.1

NogakwdnrE

©

Figure 1-3: Summary of the formal design procedure of CorpusBased Robotics
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Speech Gesture
Recognition Recognition
Chapter 4

A\ 4 A
Grammar & Grammar

Semantics ( Grouping)
Chapter 6 Section 5.2.2

5

Multi-Modal
Matching and Linking
Section 5.3

Unification
Secton 7.6

A

A 4 A 4

Dialogue Rule Frame Reference
Manager Generation Resolution
Section 7.10 Section 7.3 Section7.5

A

KB
Section 7.57.4

v

Problem Solver
Section 7.8

v
Robot Actions

(LRIs)
Section 7.8.6

Figure 1-4: Overview of information flow in the MIBL system with Chapters of the thesis Generally the

information flow is from the inputs of Speech and Gestu at the top through tThist he output of
diagram gives an overview so it is easier to see how the parts described in the thesis fit Ggatimearwill be

described irchapter 6while the multimodal malule will be described in chapt 5 Refer to the Chapter titles for an

explanation of the modules.
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1.4 Main Contributions of the Thesis

- TheCorpusbased design methothe detailed description of the corgoased
design method which applies to robotics, but may extend to a erigmeer
product design method (throughout thesis, Figure 3)

- A multtmodal integration algorithmincludes speecto-language pairing and

unification during unconstrained free flowing interaction (sest®B and 7.5

1.5 Minor Contributions of the Thesis

15.1 Theoretical

- A High level learning and reasoning engine for a service rodust current
service robots are only able to learn simple movement or a simple sequence of
actions from a human instructorh& development of rule frames, which are a
framebased intermediate representation for human level instrucfgmtsions
7.3, 7.4 and 7)3are presented in this thesis as the core of the reasoning engine.

- The application of linguistics concepts to robotitee discovery of robet
function grammargsecton 1.2.)

- anaphora resolution in a natural language discourse using rule f(aaotien
7.5

- A Grammar generation methodmproves speech recognition through the
application of an ontology and a claus&#sed grammar that fits the corpus and
therefore the users most frequent utterance&ection 6.4 Reduces
overgeneration that can lead to nonsense translations.

- Gesture GrammarApplication of context free gesture grammar for grouping of
gestures in order to align with the speech modality (sebtiaf).

- Observations on human behaviour during teaching card games and Tiies:
corpusbased approach uses human behaviour to create recognition and
understanding robots. The results describedhapter8 give descriptions on
how humans perform when they teactd how often they make mistakes.

-29-



- An Investigation of oubf-grammar errors in a growing corptisased grammar:
In a deployment test (chapter 8.8), the investigation will show that the influence
of adding new grammar rules to a corpus soon loses its imyen the corpus
grows to a considerable size.

1.5.2 Technical

- Anlmplementation of an agentvith associated test results (sect®&n and 8.8

- A Multi-modal transcription tool (MuTralsection3.4.1)

- Anannotated multmodal corpusThe corpus canéused for further research
(section3.5)

- Anovel method of corpus collection for Mettiodal corporafor service robots:
The use of a touch screen and not allowing direct visibility between htonan
human gestures provides a novel method of collecting @t freeflowing

future humarrobot interaction without the need of building the robot first.

-30-



2.0n Learning in Robotic Systems and
Natural Language Understanding

This chapter gives an overvient and discusses the relevant backgrd and literature

in Artificial Intelligence and Robotics. In particular natural language understanding and
learning robotic systems are investigated. Initially the difference between skill and task
learning is laid out and previous work on the IBL pobjis presented to gain an insight

of the background and motivation for this PhD work.

2.1 Skill learning and Task Learning

Learning methods for teaching robots can be divided into subsymbolic skill learning

and symbolic task learning.

2.1.1 Skills andSkill learning

Skill learning for a robot means refining the robots closed loop control systems that are
responsible for actions. Skill learning also extends to learning to recognise salient
features in sensor data. It could be summed up as learningtteeusasic sesoli-motor
system. A typical skill learning example would be the skill to balance and walk or to
pick up an object without dropping it. Most skill learning involves negative feedback
systems. They may also include a model of the robot andedicpon of the
consequence of its own action (Demiris and Johnson, 2003). Many skills, such as
learning to balance could be described as skills that a human learns in its early years of
childhood, and hence many researchers are inspired by human leamingry
implementing these biologically inspired learning mechanisms in robots. This has
initiated an investigation into developmental robotics (Lungaetléd., 2003, Asadaet

al., 2001). Recently the involvement of the motor systems during observVagion

become of particular interest.

Skillscan be defined as ttability to use the sensemotor system successfully.
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2.1.11 Learning of Motor actions

Before being able to learn skills from others the robot must be able to drive its own
actuators to @esired configuration. This can be achieved by feeding back information
about the configuration of the robotds end
this method it is possible for the robot to learn to predict the consequences of its own
actiors stored as a model. Using this modebasnverse it becomes a controller see
(Dearden and Demiris 2005). The alternative to thisspage is of course to manually
implement a traditional control system amal combne it with robot kinematics

(McKerrow 1991).

2.11.2 Skill Learning by Imitation

(Schaal 1999) defines imitation learning as being concerned with three important issues:
efficient motor learning, the connection between action and perception, and modular
motor control in the form of movemeptimitives.

(Calinon and Billard 2007) use principal component analysis (PCA) in the recognition
phase to identify parts of the action that is demonstrated. The learning robot from
(Calinon and Billard 2007) must then generalise over multiple demonssafliney
describe learning sequential motor actions hallenging and use Hidden Markov

Models (HMMs) to encode the sequential actions (patterns of motion ).

2.12 Tasks

In this PhD work learrgk motor actions are defined astion primitivesand a taslcan

then be defined as follows:

A task can be defined as the organisation and application of skills in a sequence to fulfil

a goal.
The structure of a task has an inherently symbolic nature. Evidence for that is that a task

can be easier explained by mat communication than a skill. A task such as finding a

route can be explained and Al earnedo verbal
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can not be learned verbally, especially without demonstration and imitation. Verbal
communication is inherentlgymbolic.

A robot that is able to learn and apply tasks must previously have learned the skills.
This makes skill learning a necessary foundation and therefore more important than task
learning. However, to make service robots a reality, both are reqanethe focus of

this PhD work is task learning. The skill learning processes have been minimised by the

use of a touch screen rather than a camera and a humanoid robot arm.

In corpusbased robotics skills are called action primitives.

Mental skills arecalled knowledge primitives.

Skills can be named arsted; therefore the corpdsased robotics approach lets the

robot designer identify primitives at a human level. In the IBL and MIBL scenario,

these primitives are in the form of task learning rathan skill learning. There are no
utterances such as dApush a bit harder 0 whi
scenarios, such as learning to drive a car with a driving instructor would contain many
instructions of skill learning. Tabl8-9 shows he identified language primitive types:

fact, conditional, context, action. In a corpus containing skill learning, it is debatable if

new primitive types are required, or if skill learning is part of action primitives.

An early robotic task learning sgsh is described by Kuniyoshiet al, 1994 ). The
system extracts knowledge to learn a sequence of an assembly by observations of a
human. Kuniyoshi shows how visual recognition can be segmented into an action
sequence. This sequence has dependencied \ahécdescribed in a hierarchical task
plan. In experiments, Kuniyoshi shows how a robot learns the assembly of blocks on a
table and stores all information about the task in these clean hierarchical structures.
Typical for task learning systems, is th@rage of usuallysequentialactions into

hierarchical structures or frames.
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2.2 Previous Work: The IBL Project

2.2.1 Introduction to the IBL Project

Previously a project on Instructiddased Learning (IBL) was carried out at the
University of Plymout in cooperation with the University of Edinburgh (Dr. Ewan
Klein). The Project was running from 20@004 and my PhD work, the MIBL project,

is partly a continuation of this work. The IBL project focused on route instructions
given to robots by naive userA dialogue such as the following was possible between
the user and a robot:

Userr AGo to the University.o

Robott: AHow do | go there?bo

User ATake the third turning to the | eft.
Robot: ANext instruction please. 0

User: . .takettbokeftbhhedrexndabout. ..o

Robot: iNext i nstruction please. 0

User AThe University wil!/l be on our right.
Robot: AOK, itds done. O

The route instructions were then carried out by an 8 cm by 8 cm wide robot in a model
town. The robot had an onboard caen® identify road junctions. At the beginning of

the project subjects were invited to give route instructiongs&mstructions were

audio recorded and formed the IBL corpus. The corpus contained 144 routes produced
by 24 paid subjects instructing 6utes each (Bugmann 2003). The subjects were told
that a human would remote control the robot through the eyes of the onboard camera

from another room.
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Figure 2-1: Experimental Setup ofIBL : Subjectgiving route instructionsotthe mobile robot.

Using the corpus of recordings a speech recognition system was build that could

recognise the route instructions and convert them into executable procedures.

2.2.2 IBL System Overview

The robot translated human instructions to rgivotedures in a two stage process. First

the text was converted into an intermediate semantic representation known as Discourse
Representation Structure (DRS). From there the structures are mapped to robot
procedures by the use of mapping rules defineBrocedure Specification Language
(PSL). (Laurieet al,, 2002).

GSL Discourse Procedure robot
utterance » Representation »| Specification » executable
Structure Language procedures

Figure 2-2: Overview of conversion processf speech to robot exeprocedures in IBL

When the robot operates, the speech recognition grammar converts arcettiractly

into DRS. The idea of mapping utterances directly into semantics has advantages. An
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intermediate parsing stage is eliminated. Possible mismatches, at the intermediate stage
that could create strings that do not make sense in semantics, anateljralthough

other problems remain.

The final grammar is in GSL (Grammar Specification Language) format. This is the
format used for the Nuantspeech recognition software that is used in the IBL project

(and in this work).

In order to create an etanceto-DRS grammar, firstly a conteftee backbone of the
unification grammar is created (Bos 2002). Johan Bos created a compiler called
UNIANCE that will carry out the conversion. It used syntactic features in the translation
to nonterminal symbolsn GSL. Terminal symbols represented the vocabulary of the
corpus. Unification grammars can contain left recursive rules; however GSL only
allows right recursive rules. Therefore the UNIANCE compiler eliminated left recursive
rules.

The vocabulary and gramar rules have to be limited to the domain, so that speech
recognition performance is increased. In order to achieve that, only the grammar rules
of the contexffree backbonethat werehit when parsing the IBL corpus, are used in the
final grammar. The wwabulary used in the IBL corplecamehe terminal symbols of

the final grammar.

Xy D={d1,d2,d3,d4,d5,d6,d7,d8}
robot(x) F(possible_world)={d1,d2,d3}
postoffice(y) F(robot)={(d1,d4),(d2,d4),(d3,d4)}
F(postoffice)={(d1,d5),(d2,d5),(d3,d5)}
g S F(action)={(d1,d2,d3)}
gocz(eeil) F(go_from_to)={(d2,d4,d6,d5)}
agent(e,x) F(at_loc)={(d1,d4,d6),(d3,d4,d5)}
Figure 2-3: A graphical representation of DRSof the utterance fiGo to the post

action and the action is commanded. e, x, and y are discourse referents to show the dependency between the terms, r
postoffice and agent. On the right is a tefiresentation of the same command. It shows that DRS is difficult to read.

! Nuance Communications, Inc., 1 Wayside Road, Burlington, MA 01803 (U8Av.nuance.con)
Nuance 8 and 8.5 was kindly provided by Nuance Communications &arobspurposes free of charge.
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Discourse Representation Structures (DRS) are a well understood framework that
accurately describes dependencies between the semantics and allows the interpretation

of pronounsand other anaphoric expressions (Kamp and Reyle 1993). It allows
representation of text in first order | o0ogioc

in first order logic:

Cw ¢x Gy (possible world(w) ~ robot (w, x)
AN Cv Ca (action(w, a,vVv)
n e (go(a,e) ™~ to(a,e,x) "~ agent(a, e, y)

While DRT is a valid semantic representation, it is not a procedure that can be carried

out by a robot. In general terms DRTnmre orientated at natural language structures

rather than actual robot functions. In order to map this representation to a robot function

(Robot Primitive) a rule base for mapping rules had to be created. The rules of this rule

base are described as Rrdare Specification Language (PSL). Several utterances that

have different DRT representations can still have the same meaning to the robot and
must therefore point to the same Robot Pri
the next left, turnleft,t ake the first turn | eft, etco n
Primitive turn(direction=0lefto,ordinal =0f
(Bugmann 2003) a total of approximately 200 PSL rules were required for the 15 Robot
Primitives of the IR cor pus . As an example for PSL t
of ficed can be mapped with the following PS

event(X) &go(X) &to(X,Z) &$landmark(z}
go(prep =06tobdé; | andmark = $l andmar

to the Robot Primitive procedurgo(prep="to’, landmarksbostoffice")
Since the IBL project was using route instructions, the resulting system was developed
to deal with sequential instructions. Other forms of instructions, such as general rules,

which apply at any ti me durrol stagionif fioa run a s k , S
|l ow on petrol o, did not occur in the |IBL co
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The system could not deal with conditionals, such as the one above, that were not found

explicitly in the corpus (Lauriat al, 2002). In route istructions, sentences starting

with #Aifo instructions are generally just
i nstruction, as in the following example f
straight along this road and if you take the thedIt you wi | | go over a

Therefore, to develop a more general instruction system, there is a need for looking at a
different application, where instructions not only include sequences, but also other
instruction structures. In imperative prograthese would be decisions and repetitions.
However, in the declarative paradigm, programs consist of lists of goals and a set of
rules (see e.g. PROLOG). It is unclear which paradigm is a more useful representation
of human instructions. This is one of tlggestions that need to be addressed by

analysing a new corpus of instructions in a different domain.

2.2.3 Difference between Programming by Demonstration and

Instruction-based Learning

It was found that the task in the IBL project was only explained,cace in MIBL

project instructions have been explained once and typically the teacher was giving a
demonstration with verbal comment after. Following that, the robot / human student had
understood the instructions. This is called a-siet task learningrpcess by (Jung H.C
etal,2007). Other researchers would refer to
(Dillmann et al, 2002). Programming by demonstration can be broadly defined as
creating argeneralisedepresentation / program of a task that hesnbdemonstrated to

the robot. The robot should then be able to execute the learned task using the abstract
representation (program).

Defenders of onshot task learning, including this work argue that a service robot can

only be useful and efficient it can learn a task as fast as a grown up human, in one

shot. An adult robot must have learned all basic sensotor skills, like a grown up

human, to be able to accept esteot learning tasks. Inthero®t fichi | dhoodo it
learn its skills, such a@sow to move its actuators accurately, with methods described by
(Demiris and Johnson 2003 competent robot shoshdadt de ab

learning and skill learning.
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Let us try to give a definition of Instruction Based Learning, to distirgbistter from
skill |l earning, AProgramming by Demonstra

learning:

IBL is the process of learning a task from a teacher through instructions, usually
verbal. The learning process may be supported by, but is not depeading

demonstration.

Integrating these supporting demonstrations require a-moltial system, therefore
MIBL is definedasMulti-modal IBL.

2.24 Conclusions from the IBL Project

The IBL project concluded in the EPSRC final report (Bugmann 2003) thataimain

of route instructions only included sequences and no decision making processes and
loops. This led to only limited reasoning capabilities of the robot. Attempts were made
to check the consistency of an explained route and also to recognise glseleatned

routes. A state based reasoning approach was taken allowing the robot to predict the

consequences of an action, such as Aturn | e

In principle the first order logic representation that DRS allowed, is a powerful
mechanism for reasoning anebresentation of rules, as well as sequences. However the
lack of grounding of the produced semantics and incompatibility with the robot
functions required the translation with PSL. At this point the grounding (mapping) is
made between DRS semantics autual robot functions. However the clear structure

of the lambda calculus that would enable deduction and reasoning is lost at this point.

In corpus based robotics the robot is build according to the findings of the corpus.
Therefore only being able tagress sequences is not a disadvantage. However the aim
of generalising and researching ttancept of corpubased robotics and the translation

of human instructions to robot instructions, another domain has to be investigated,
where decision making anddps is significant. This is a further reason why a follgw

project started which is presented in this thesis.
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The corpusbased approach aims at covering the most common expressions that the

users say to the robot, and this was demonstrated in theriigéct. The project also

has shown that the corpus is never complete, i.e. there are always instructions that have
not been covered by the corpus and that the robot then can not deal with. This is a

limitation of the corpusased approach. In a future jad, this limitations have to be

investigated.

Previous research in our group focused purely on verbal instructions which are
sufficient in some cases where a demonstration with physical objects is not required. In
practice, many tasks are explained gsinmixture of verbal instructions, gestures and
demonstrations. Thus, a truly natural interface between human and robots must be
multi-modal. This is one of the features included in this PhD work and has been the
inspiration of the name of the projeckl BL (Multi-Modal Instruction Based

L earning). Multimodal systems combine gesture and language.

Many ideas and concepts of this PhD work have their origins in the previous work. The
idea of CorpusBased Robotics and the search for language primitivelscarethe IBL
project. Furthermore the idea of verbal communication that appears unrestricted to the
user. Whereas Corpigased Robotics wasoinedduring the IBL project, in this PhD

work the starting point was how to formalise the idea of CeBased Robtics. A

mgor difference in architecture between the IBL and MIBL system is that utterances
will be directly converted to language primitssén the grammar, rather than going
through the complex DRS and PSL system. The advantage is the simplification of
process, however DRS is a powerful tool showing the relationships between semantics
in an utterance and to the whole dialogue. MIBL has a more primitive reference

resolution as wilbe showrater in Section 6.2.4, 7&nd 76.
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2.3 HumanRobot Interaction Robots

A general overview of HumaRobot Interactiorsystems can be found at Foegal.,

(2002) , Kiesler and Hinds (2004), Yanco and Drury (2004). However, this review will
focus on HumatRobot Interaction systems which have the most simggritin
philosophy and implementation to the MIBL project.

The current trend is to focus on the fundamental issues of HRwobot interaction and
general Robot learning from a developmental Robotics point of view. This trend has
continued with the start ofemv research projects around the world. iTalk is a new
project with regards to the fundamental perspective since its focus is to create a child

robot with the capabilities of a 2 year old (Cangelosi 2007).

A further multimillion project that has starteditWw possible impact on HuméaRobot
interaction is CoTeSys (Cognitive Technical Systems). CoTeSys explores cognition for
technical systems such as vehicles, robots and factories @uak, 2007). The
emphasis is on the incorporation of cognitive capiadslisuch as perception, reasoning,
learning, and planning into traditional technical systems. One of the outcomes is the
improvement of interaction with these systems. Buss recognises thatmmodHi
interaction of humans and systems which involves emptaction and intention
recognition lies at the highest and most complex levels of cognitive systems. The main
aims of CoTeSys are wider, they are the technical systems will have a form-of self

assessment and can therefore learn and improve themselves.

2.3.1 COGNIRON Robot Biron

COGNIRON (The Cognitive Robot Companion) is a European Union funded project
that had the objective of the devel opment
would be to serve humans as asand Sidliano,t s or
2004). It aims at developing methods and technologies for the construction of such
cognitive robots able to evolve and grow their capacities in close interaction with
humans in an open ended fashion. Parts of these projects have idghjactiles with

the motivation behind IBL and MIBL. In particular the investigations by the
COGNIRON research groups at the University of Bielefeld (Haascd., 2004 and

the Unversity of Karlsruhe (Dillmanret al., 2002 have relevance to this worka the
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COGNIRON project a research groups under the leadership of Kerstin Severinson
Eklundh at the Royal Institute of Technology in Sweden worked on the social aspects
such as the distances and orientation of the robot when giving commands (Huettenrauch
et.al. 2006). A further group of COGNIRON at the University of Hertfordhire
concentrates on social aspects anchow a robot can learn new skills from a human

demonstrator (Saundegs al, 2007).

The COGNIRON project addressed a large variety of reatldwbumanrobot

interaction problems and produced multiple HRI robots to carry out the research.

As part of the COGNIRON project, a group at the k¥teden collected corpora on
multi-modal humasrobot interaction. The corpora were used to study the users
behaviours (Greeret al, 2006). As in this PhD work, they have identified the
importance of usebbased studies with multhodal corpora. The results showed that

users can be put into 4 types:

N

Di r e ct o mctively persistively controlling the robot

=]

P | a y mteractive with the robot, passively let the robot act first

=]

Ma ni p ul altodnteractive with the robot, actively controlling the robot

N

P o i n fittee comtiol:over the robot or the environment,
adopting ineraction to the situation

These user types have possible robot design implications so that the robot can adopt to
the type of user. In the MIBL project, where all these types of users can easily be
identified in the corpus, an adoption of the dialogue ehdal the user types would be

useful in future work.

The University of Bielefeld, investigates mettiodal dialogues in a home tour scenario.
Their robot, called BIRON, has the capability to detect which person out of a group it
has to pay attention tél@asch, Aet al, 2004). The person can then engage in a simple
dialogue with the robot introducing objects to the robot. (see figue BIRON can
focusmicrophone beams on the person thus improving speech recognition performance.
The domain of the resaning and speech recognition engine of BIRON is limited to a

simple dialogue. BIRON only understands simple sentences that introduce objects, e.g.
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Figure 2-5: System overview of BIRON horizontal layers in the hierarchy ensuhat low level behaviour (reactive layer)

continues to operate while high level plans are executed (Intermediate Layer). Speech recognition is based in theedaljibgrativ

since recognized sentences contain high level spoken instructions that conmmawntdt. The layout of the architecuwas
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The Bielefeld group recognized some important points which are relevant to this

research:

- Combining unimodal processing resultsito a multtmodal dataassociation
framework makes the system robust against errors.

- Human communication partners can not be expected to wear special equipment such
as closealking microphone or datgloves.

- a semantibased grammar is necessary to ettrthe meaning of the sentence
(parsing and subsequent interpretation is not acceptable since these kind of parser do
not consider semantics and therefore introduce errors)

- missing information in an utterance can often be acquimd the scene with other
sensorgWredeet al, 2004)

- the system uses a horizontal hierarchy (Reactive Layer,nlatBate Layer,

Deliberate Laye(see figure 4)

The research in Bielefeld concentrated on the reactive layer (Person Attentiohhetc.)
dialogue and higtevel resoning was not investigated enough to make this service
robot execute all commands necessary in its domain. This was not directly the aim of
the project, the project scenario concentrated on a home tour where the service robot has

just been bought and i®@wn around the house. The humaser introduces objects in

the house to the robot. The robot under st
however it mi ght not understand sentences
every fortnight and the othgrl ant s weekl yo. That i s what pe

robot. That would be a typical household job. A corpased approach would
potentially reveal this and this PhD work will develop the methodology of how to

approach such complicated instructions.

For further reading, there is another project by Bielefeld University (Steil et. al 2004 )
about a robot called GRAVIS. The project concentrates on gesture recognition and
learning of grasping of objects. The dialogue system is based on an investijaion
corpus of humafmuman and simulated humamachine dialogs. Language and gesture
integration is achieved with a Bayesian network. In contrast the MIBL project tried to

avoid probabilistic approaches if they are replaceable by symbolic algarithms
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2.3.2 Karlsruhe Robots

The German Coll aborative Research Centre (!
Robots-Learning and Cooperating Multi modal Rob
has built two humanoid robots (Albert and ARMAR) with the target aradting with

humans in a service robot scenario (Dillmagtnal, 2002). Their emphasis lies in

building a complete system that can interact through observation and tracking of
objects, gesture recognition and speech recognition. The research groupzesctgat

interactive programming must be a GBlkotLearning process or it would be very

annoying to the user. Another important point from the Dillmann paper is that there

seem to be no system so far that integrates the control, basic interaction naetthods
programming techniques for humanoid robots into a single system. The robot build by

the research institute can learn to fetch and carry tasks and can be taught fine
manipulations of simple objects.

Figure 2-7: Humanoid Armar Ill : 43 degrees of freedom on
Figure 2-6: Albert 2 (figure fromDillmann et.al. D02, with

permission

holonomic wheeled platfornfigure from Asfour et.al. 200%vith

permission

Data from the recognition of trajectories and grasping is segmented so it can be broken
downinto a sequence in a semantic format. This system conforms with the ideas of this
PhD in this respect. However sequence learning alone is not enough. For more
advanced tasksule learning is necessary.
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2.3.3 Multi-modal HumanRobot Interaction systems

Multi-modal humasrobot interaction systems have been investigated by several
research groups around the world (#iaal, 2002; Wermteset al, 2003; Dillmannet.

al., 2002). The challenge of multnodal robots lies in combining the modalities to form

a mherent information stream that modifies the internal model of the environment.

One of the first research projects to investigate amudttdal integration is described in

Bol t 6s f amethast hpea per (MBRULtL , 1980) . Bolt desc
a virtual space projected against the wall, alDB NEC speech recognition system and

a tracking device, strapped to the users wrist. The user can point to objects on the
projection and say utterances | i keze$iCreate
the pointing direction with the tracking de
Combining gesture and language is one of the focus points of this PhD work (Wolf and
Bugmann 2006).

Multi-modal integration has also been addressed in the pd€Mmat 1999 Johansson

2001; Nigay and Coutaz, 1995 and Chai, 2003), where it is sometimes referred to as
multi-modal fusion (see Djenidit al, 2004). Curiously, most researchers working on
multi-modal interfaces do not appear to have addressed théemraf pairing the
gesture and language channels before integration. This is probably due to the fact that
experiments often constrained the hupcamputer interaction in such a way that
pairing which gesture with which language was not an issue. Cantstsaich as click
to-speak or limitation in computing power influence the timing of the natural flow of
speech and gesture. (Oviagt al, 2000) gives a good overview of muitiodal

integration research projects for further reading.

Long response timed the robot/computer are often the cause of an interrupted flow of
conversation. This actually simplifies the pairing problem and therefore may not have
come to the attention to many other researchers. The pairing problem, especially in a
free flowing conersation is therefore one of the focus points of this PhD work.

-46-



2.3.3.1Early versus Late Fusion

The concept of early fusion interlinks the gesture recognition system with the speech
recognition system at an early stage. In this case the recogniti@msyate usually
based on the same computational model. Recently (Schillingneanal, 2007)
investigated Hidden Markov Models andgram models to generate actispecific
language models, with the goal of early integration. Another computational matlel th
incorporates the early fusion of speech recognition andrvigre Semiotic Schemas
(Roy, 2005). Roy showed that early fusion improves speech recogmiti(Roy and
Mukherjee, 2005)Early fusion models have also been used in emotion recognition; see
(Wimmeret al, 2008).

In contrastin the late fusion model, the fusion happens after speech recognition and
gesture recognition is completed (Djenadial., 2004). In the MIBL project recognition

and grouping of actions are processes that are designeitidlly be independent from
speech processing. This approach corresponds to tHedaia model. It is the opinion

of the author that the method of late fusion is far easier to implement, sincetha off
shelf language recognition package can leluk our case the package NUANCE 8.5.

was used.
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2.4 Natural Language Understanding Systems

2.4.1 A Brief Historical Overview

Literature in the areas of natural language processing and natural language
understanding will be reviewed here. jda historical works include ELIZA
(Weizenbaum, 1966,1976), SHRDLU (Winograd, 1971), MARGIE (Schank and
Abelson, 1977). All these mentioned above use text input, rather than speech
recognition. For further reading on contemporary work see (Mann,; B862002
Bugmanret al, 2009 is recommended.

2.4.2 ELIZA

ELIZA is a natural language processing system that enables a user to communicate with

it via a console (Weizenbaum, Joseph.(1966)). ELIZA poses as a Rogerian
psychotherapist. A Rogerian psychothmsais very passive and understanding and lets

the patient talk about their problems. Empathic understanding supposed to have
psychological healing powers according to Rogers.

This is why Weizenbaum decided to make ELIZA a psychotherapist. When he was
cnfronted with the question: AAnd what was

Weizenbaum answered:
AFrom the purely technical programming

interview form of an ELIZA script has the advantage that it eliminates tiee nee

of storingexpliciti nf or mati on about the real worl d.

This statement tells wus that Weizenbaum re
semantic processing using a knowledge base is a difficult thing to implement. The
program ELIZA demonstrates alsohat even it has no fAgrounde
intelligent by replying to the user with sentences that refer to what the user said. For
example if the user says Al' M DEPRESSED. o |,
SORRY TO HEAR YOU ARdaudeHt ®d? Br8gtammenl tolo so by

a simple statement along the lines of:

I F sentence has Subject=0l0 AND Verb=oamo AND obj
THEN Answer =il AM SORRY TO HEAR YOU ARE DEPRESSED
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Even if the program only responds to kegrds, the users arender the impression to
be understood by ELIZA. As the example above shows, however, there is no attempt to
connect the rule sets to infer new knowledge or even to ground it to the physical world.
ELIZA became a very popular program, since it was onéefitst attempts to imitate

humanlike communication.

2.4.3 SHRDLU

SHRDLU is a progam written by Terry Winograd betwe&868and 19721t is able to
understand natural language text input. He showed by this implementation, that if
language is confined® domain (fAa micro worldo), the
and act upon user requests. The micro world he chose is a table with blocks, cubes,
pyramids and a box. These objects have colours and sizes assigned to them. This
representatiomas becomewqi t e f amous in A. . under the
idiom for simplifying a problem by restricting the complexity of the environment. It has
a vocabulary of around 200 words.
Winograd recognized that syntactics, semantics and logical inference graraide in
his PhD thesis, (Winograd, 1971). He represents knowledge as procedures, rather than
as declarative statements. A procedure can make use of:

- grammar

- semantics

- deductive logic

- other procedures

As the system parses a sentence it will made of the grammar procedures which can
also call semantic interpretation procedures during the parsing process. This is a flexible
and powerful method of language parsing.

This increases the flexibility of his representations, since a procedure caandall
combine with any other procedures. This is the reason why Winograd has chosen to
implement SHRDLU in Lisp. Lisp has the capability to ignore the difference between
procedures and data.
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The grammar used in SHRDLU is a form of context sensitive graroafied systemfc

grammar. Systemic grammar helps to organize the correlation between features of
natural language constituents and their semantics. This is important for understanding
systems, and this was probably the reason why Terry Winograd has cyssemic

grammar. Winograd recognized that context free grammars aregemerative. The
grammar rules are written in APROGRAMMARO,
compiles the grammar to Lisp code. Winograd admits that it was not practical to
implement tle whole of systemic grammar, and that the resulting grammar is more
Apractical 0. It should be noted that the i
grammar for English language. And it is definitely not a standard English grammar.
However, it enablethe extraction of the semantics of most sentences in order to build a

natural language understanding system.

2.4.4 Schanko6és natur al | anguage under

In the late seventies and eighties Roger Schank developed several natural language
understading systems. Schank was working with a group of scientists (Cullingford,

Rieger, Goldman, Abelson, Riesbeck, Lehnert and others) perusing the same basic ideas
i.e. : creating a methodology that leads towards the eventual computer understanding of

naturallanguage (Schank and Abelson 1977).

MARGIE was one of the first parsers that created conceptual representations directly

from the input text without doing an intermediate syntactic description of the sentence.

SAM (Script Applier Mechanisjnis a naturhlanguage understanding program in the

domain of stories. It is a successor of MARGIE (Schank and Abelson 1977). SAM was

created by Richard Cullingford and Riesbeck in 1975.

Schank goes into great det ai | of wdf a t Aund
understanding, systems build upon his theory have, the following characteristics are

given below.

2 Systemic functional grammar (SFG) is a model of grammar developed by Michael Halbeay
(Halliday, (1976).
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The system is able to:
- create a linked causal chain of conceptualizations that represent what took place
in a story (a paragraph of written text).
- malke inferences from the created concepts

- turn created concepts back into text in any language. (paraphrasing)

Since the programs use background knowledge the following is possible with the
systems:

- Inferences can be made which are specifically mentioned thhe given text.

In order to encode background knowledge of a particular context, Schank invented the
i dea o Beriptes.i sthptisfia structure that describes appropriate sequences of
events.Scriptsare used if a situation has a stereotyped semuef action. Stereotype
sequences are situations that are a well known series of events. For instance in the

context of a customer going shopping the followscgpt could be used:

Shopping Script

Entry conditions: ]
- customer needs an item
- customer has money
Results:
- customer has item
- customer has less money

Script Header

Scriptscenes/events:
- entering the shop
- looking for the item
- taking the item or requeéing the item
- paying for the item
- leaving the shop

Figure 2-8: example of a script

Script iems are first hypotheses of events that are going to happen in a particular

situation.
The events are in an order, one ecawsait happ:e
chaino . As the natur al | anguage textwithi s proc

values- a kind of slot filling. If an event happens it can enable the occurrence of another
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event. In the example above: If the customer has taken an item off the shelf then the
event Apaying for the itemo iolypayiaheleed. Sir
are items he/she wishes to pay for.

Unfortunately scripts only work for stereotypical situations; therefore they are by no
means the answer to how to understand natur
book s ayPlanf®oalgangpUnderstdni ngo ( Schank ,dherd Abel s
are three theoretical entities necessary, namely Scripts, Plans and Goals to understand

natural language.

2.4.4.1 Plans & Goals
If there is no script available, there needs to be a method of temttirgy a text. The

first thing to do tgba® ofthe entitiesan the dert.nSuppdsey t h e
the text starts with fAiJohn is hungryo then
be several sugoals that are identified during the pessing of the text, such as going
to a location where food can be found.
If a goal can be identified then the computer is able to:

- make prediction what might happen

- build up a script on how to achieve the goal by following the text

- put the text and word @anings in the right context (not specifically mentioned

i n Schankds book)

To deal with situations, that are not available as scripts, mechanisms
(conceptualisations) that underlie the normal scripts must be accessed. Any
conceptualizations that are instated must be placed so that it is possible to trace a

path between themplandheAlptahdugls <SaHdrlddsa dic
goals idea lacks flexibility, it may be the most practical approach since a service robot is
confined to a limitedset of skills. Especially if a practical/commercial service robot

with natural language interface would be build at present or in the near future it would

most likely use a script based learning approach. Its practical nature makes it so
attractive, and @ammercially feasible, a further reason to consider here that hopefully

brings service robots closer to reality.
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The programs for natural language understanding (NLU) developed by them make use

of conceptual dependency theomjowever, the inventor ofoneptual dependency
theooyJohn Sowa argues that the i mplementati o
does not explore the full potential of conceptual dependency (Mann 1995). For
example, a word is assigned to a single meaning or-semde where a worduld

have multiple meanings.
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2.5 Natural Language Understanding Systems with
Speech Recognition

This section reviews speech recognition architecture and tools required for natural
language understanding systems with speech nécog

2.5.1 Spoken v8Nritten Language

Spoken language is different to written language. This has to be taken into account.
Spoken language is more spontaneous and instant. It has a looser construction and
unnecessary repetition. Often the speakerephrasing and gps in the middle of a
sentence@rystal 1997). On the other hand spoken language is part of a conversation,
and the other parties can communicate to ask clarification questions immediaeely.
grammar of spoken language is different framtten language, and if natural language
grammar and parsers are applied they must therefore bdédogpoken language. The

use of formal grammar for writteBnglishwas a major limitation in the IBL project.

Only 60% of the corpus was covered by gnemmar(Bugmann 2003).

2.5.2 Architecture

A typical Natural Language Processing System is organised in a Pipeline Architecture.
The components are organised in parts that are not necessarily from the same software
package. The components in order of thiermation flow in the pipeline are typically:
speech analysis, morphological and lexical analysis, parsing, contextual reasoning,
application. And from the application the pipeline can go back to speech synthesis in a
similar fashion by going through utgsce planning, syntactic and morphological steps

to speech synthesis. Somamples are GATE (Cunninghagbal., 1997), NUANCE 8
(Nuance App. Dev. (2005)) or the open source Natural language toolkit NLTK.

The pipeline architecture of natural language essing systems has Ilpe@inder
criticism see (Gragatal., 2006 Marciniak and Strube 200%eidner 2003 Daelemans

and van den Bosch 1998jowever it is still the most common structure since it is the
best method to implement a natural language systemn & software engineering point

of view. Also the natural language system introduced in this PhD woilkusé the

pipeline architecture. There is no escape fronthie criticism is mainly aimed at the
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problems introduced by the possibly independent laggutools that are used in a
chain. It is hard to give feedback to a previous stage and due to the transformations from
stage to stage information may be lost and errors may therefore be introduced. One of
these pipeline tools is typically a syntactic garghat parses recognised text. These
parses are often not trained on the specific context of the domain and therefore

introduce errors.

2.5.3 Hidden Markov Models

Modern speech recognition systems utilise Hidden Markov Models (HMM) to
recognise phonersgwords and phrases in a nmidtyered model (Cunningham 2000).
HMMSs, in the context of speech recogniti@ng statistical models of how likely a word
follows another. Or at a lower level, which phoneareacoustic featurenost likely
follows anotherA common way to extract acoustic features is by using-Fastier
Transforms. The acoustic features and the probably of their occurrence rare a
inheritably subsymbolic (statistical) process. For a good introduction see (Rabiner
1989). However these modelse symbolic building blocks: phonemes, words and
phrases. Their relations are expressed as grammar. The HMM returns the most likely
interpretation (with the highest overall probability in the markov chain). By accepting

this as the interpretation texhe subsymbolic audio data has become a text.

2.5.4Interpretation

In case of natural language understanding, where the emphasis is on understanding, the
text alone is not sufficient. The concept
relation that the robot can reason with, and particularly important, the concept of
Aunderstandingo means that the tomnettedand r el
in the robots action and perception. Therefore the grammar is connected to an
interpretation ¢alled interpretation grammar (Nuance App. Dev. (2005)), slot filling or

semantic grammar (Rosner and Johnson (1992) ), which is usually expressed as an
attachment to a grammar rule. Grammar acts as the defining language to connect speech

to semantic int@retation.
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Speech > HMM HMM > Text Semantics

(audio data)
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! Slot - value '
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1 1
1 1
' Nuance GSL '

___________________________________________________________

Figure 2-9: A typical Natural Language Interpretation system uses grammar to define muliyered HMM models from
phonemes to words and words to sentences. These models serve as mapping between Speech dittbtetty Tira text output
is parsed (syntactic analysis) by a interpretation grammar to determine the meaning of the text

2.55 Grammar

The Nuance speech recognition system, used in this project, combines the CFG (context

free grammar) and the interpméon grammar into one. Every CFG grammar rule can

have slotandvalue semantics attached to it. Parsing recognised text to extract an
interpretation has been widely criticised for the same reason as the pipelining
architecture, because the groundingh# interpretation is disconnected from the text

and speech recognition that are preceding in the pipeline. In practice this means that text

is recognised that the robcannotunderstand because it does not make sense. One of

the problems with IBL was thatt r ecogni ses fAturn the treeo,
but does not make sense. It was introduced by generalising a CFG from sentences like
Apass the treedo and Aturn | efto.

The CFG grammar in this case is:

S YV NP

S YV ADJ

NP YDETN

DET Y the

N  Ytree | corner
V  Yturn | pass
ADJ Y left
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Disconnecting meaning from grammar, such as in this case, produces unwanted
overgeneration. A correct syntax does not always lead to sentences meaningful within

the domain of correspondence of the robot.
Chapter 6 describes how the combination of CFG and interpretation is used as an

advantage to improve speech recognition. In a nutshell, the combination allows the

prevention of unwanted generalisation by abstracting syntax rules from the corpus.
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2.6 Semantic Representation Theories

2.6.1 Semiotic Schemas

In an effort to create a nesymbolic (computational) system that can make the
connection to symbols, Deb Roy from MIT created a framewBdy 2005), which is
outlined here. The framework for semiotic schemas is built upon creating a meaning
from sensor data and motor acts. It is therefore a so called boftoapproach to
machine | earning systems. Every piece of
referred bak to the physical world through sensor data and motor acts. It is a grounded
system. The knowledge can also be used to make predictions about the future and

compare these to actual sensations.

This is called amanalog belief So sensors are mapped @andog beliefs See the
notation below irfigure 210.

./~ analog
"\ belief

sensor
pro jection

Figure 2-10: a sensor (natural signjsmonitoredt o cr eat e an fiaverageodo belief state

One may wonder how this fianal ogueo stati
Deb Roy introduces categorizers as a link between analog beliefs and discrete
categorical beliefsIn the graphical notation analog beliefs are oval and categorical

beliefs areectangular

categorical

belief

analog categorizer
belief

Figure 2-11: a categorizer makes @crete decisions based on an analog belief
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as distribution '
ofthe lastfew hours ~ bemeoo-

R 4

Figure 2-12: a robot that can feel temperature and belief if it is hot or cold

Deb Roy implemented this framework into a robot called Ripley, which has a 7 degrees
of freedom armyision system and a speech interface. The robot was designed for
grounded language experiments (Retyal, 2004). The framework is an attempt to
connect the symbolic world of language to the -spmbolic wotd of sensors and
actuatorsRoy argues that nggrounded systems would need a human in the loop during
design and implementation to connect sensor data to a representation system in the
robot, whereas his approach enables statistical mapping between the sensors/actuators
and the introduced symbols. &hframework of semiotic schemas is used as an
inspiration to this work. The most relevant concept for here is the idea that physically
grounded analogue data can be converted to symbolic categories. Categorical believes
could be used to represent locatiafiscards and the recognised actions/gestures. This
allows symbolic processing and the integration of language into the robots advanced
reasoning system, even though the robots low level Al {&dlining and pattern
recognition) is subsymbolic.

2.6.2 nceptual Graphs

Conceptual Graphs (CG) are related to semantic networks. They were invented by John
F. Sowa. Conceptual Graphs can represent concepts and their relationships. They are a
powerful tool to create a knowledge base. CGs have the followingl ys®iperties:

They are human readable (hence they can be turned into natural language expressions.
They can be created from natural language expressions. They can be turned into
predicate logic statements (with certain constrains).Conceptual graphs stre be

explained by an example. Below an example of the sentence:

AJohn is going to Boston by busodo taken fron
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Person:John 4_4_ Go _>_> City:Boston

Bus

Figure2-13: A John i s goi n,ghesouareoxestinicate bopcedisiasddhe cirdésaie relations. Note that the
concept Person has a referent fAJohnd while the instantiation (re

In IBL and MIBL a primitive function can be defined to match this example. The

primitive itself i sAgdntGestinaton,éndinstrsimeptar amet er s

go ( Agent, Destination , Instrument )

Whereby the allowed word classes could be:
- Agent of the word class Person

- Destination of the word class City

- Instrument of the word class vehicle

A concept always has a Type aodn have a Referent. A referent is a particular
object/concept. The Type must be based on ontology. (Ontology is a tree of types
starting with the most general type at the top). A concept can either stand alone or be
connected to a relation. It is not@iled to connect two relations directly with each

other.

[ Type: Referent ]< -(Relation) ->[ Type: Referent ]

A single concept may be: [Bus) Whi ch means AThere is a buso

[Proposition:
[Woman: *x] - >(Attr) - >[Beautiful]
]

"There exists awoman x whoisbdadtul . 0

Language can be mapped into a conceptual representation using a conceptual parser.
The conceptual representation is a representation of the dependency of the parsed text.
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In this PhD project, conceptual graphs have been a useful representatianfyothe
structure of sentences and to extract an ontology design of the domain. This clarification

enables the system designer to map sentences into logic

2.6.3 Framebased systems

Framebased systems are knowledge representation systems that ues. flraames
combine domain knowledge in a structure for representing a stereotypical concept or a
situation. A frame can have several kinds of information attached that describe the
concept or situation further. The first to recognise the ongoing commuhitrehe 70s
to represenknowledge in frames was Minsk$975).
A Knowledge representation system that was inspired by Minsky's ideas is KRL
(Bobrow and Winograd 1977). Goldstein and Roberts (1977) in turn were inspired by
KRL when writing their framéased system NUDGE. In their paper Goldstein calls the
frames Frame Gestalts. The reference t
Theory of nind (Wertheimer 1923), that has ifit very well with framebased systems.
Fikes and Kehle(1985) explored whats common in framdased systems, quoted
here:

- frames are organized in (tangled) hierarchies

- frames are composed out of slots (attributes) for which fillers (scalar values,

references to other frames or procedures) have to be specified or computed
- propertes (fillers, restriction on fillers, etc.) are inherited from superframes

to subframes in the hierarchy according to some inheritance strategy.

This structures are remarkably similar to object oriented programming principles of
C++ and Java. To some entkalso SQL. Object oriented programming probably have
roots in these systems.

S ¢ h a bdpéndency Theory and causal chalascribed in Chapter 2.4eérlier and

in Schank (1975) is also a frarbased system.

2.6.4 Ontolological reasoning

Organised infanation is the key to deduction and reasoning. A list of nouns has no
meaning unless the relationship between them is given. Aristotle was one of the first to
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recognise the power of logic and organisation of information so it can be used for logic
deduction (Aristotle, transl. 1989). A famous example of Syllogism, the logic that

Avristotle defined is:

inALl I men are mortal ; Socrates is a man;

A further advantage of organising information is the possibility to constrain the
grammar to produce only rules that not only are grammatically cobetlso make
sense. In sectiof.2.2the concept of wordlasses has been introduced. As a reminder,
word-classes are a group of words that belong semantically into the same category. Fo

exampletheword | ass fAcol geenpethasoibl ue,

These woreclassesare also used as primitive paramet&extion6.2.3 on full corpus
coverage shows in figureBhow a corpus utterance that has become a grammar rule is

extended with a wordlass.

It is of advantage for consistence in reasoning and the search for information in the
knowledge base, to combine all westhsses to a complete model that contains all
concepts that the robot is dealing with in the domain. This model ofelases is best
organised in a hierarchical taxonomy, since a semantic category is often part of another
more general category, sometimes referred to as superclass. t&wfomy is

conveniently represented by a tree.

Scientists have beetudyingon the strature of such taxonomies and their applications

since the great philosophers Plato and his student Aristotle. These structures are often
referred to as semantic networks or ontol of
with finding ways to structureakonomies and how to apply these structures. Sowa,
whose work has been briefly introduced in ¢
which is at the tojlevel and every concept can be derived from it, see (Sowa 2005). His
conceptual graphs are grouddén this ontology. It is the concern of ontology
researchers to build tdpvel ontologies that capture very general concepts so they can

be expanded to every possible domain. It is a philosophical question, how sueh a top

level ontology may be organisdérom a Corpus Based Robotics point of view it is not

necessary to cover more than what is found in the corpus, which simplifies the problem.
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Ontologies guide the generalisation process for grammar and primitive parameters, the
reflection of the ontologin the knowledge base gives the robot the ability to generalise
concepts. For exampl e it can infer t hat a
compare concepts with each other, when searching for suitable objects. See section 7.8

on problem solver,and specifically 7.8.4 on generalisation and referenddss is

important since referents in natural language are often underspecified, but referents have

to be resolve within the rule frame.

One may wonder if existing ontologies could be utilised in amplicgtion.
Unfortunately it is not a straight forward process to select the right meaning from

existing ontologies, in the given context. For example, WordNet 3.0 (Miller 1985)

defines a fAcardo in many ways, sdenthy as a ¢
card. It is difficult for a system to reas
many meanings in different context s. Wor d N

attaches Asuito to Aplaying cardayrt sd, ch
Aspadesod, etc as semantic classes under fAsu

The created ontology becomes a world model of the robot. To create a complete world
model, not only conceptsvprd-classes from section 6.2.@re requiredAlso instances

of objectsare requiredFor example, Aristotle is an instance of a human. Furthermore

he therefore Ainheritedo all the propertie
the MIBL projects, the robot has in his world model, an ontology of 3D objects, which

can be manipulated.urher down these 3D objects are cards. Instances of cards are

stored in the knowledge base.

What is in philosophy an ontology reminds a computer scientist of edmectted
programming. In fact, knowledge of physical objects and their properties azd btp

the robot in an objeatriented format.

2.6.5 Newell and Simon General Problem Solver

Newell and Simon were the first to implement the idea of problem as a program. Their
first program, the ALogic Theori sseabch was pr

Conference in 1955 (Newell and Simon 1956). Later an extended version, that separated
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the problem definition from the solver was called GPS, the General Problem Solver
(Newell and Simon 1972).

Typical problem solvers have need several criticalsstépe definition of the problem
space in terms of the goal to be achieved and the transformation rules. Simple problem
solvers would use the meaesdanalysis approach, to divide the overall goal into
subgoalsand attempt to solve each of those. Som#hefbasic solution rules include:
transforming one object into another, reducing the difference between two objects, and
applying an operator to an object. A table that specified what transformations were
possible is required.

Given a robot that can spegiits environment as states and actions on the environment
as state transitions, a problem solver algorithm can be applied. A problem solver is a
search algorithm that applies production rules (state transition rules) to manipulate a
given state until a tget state (goal) has been reached. The applied production rules can
be stored as a solution path to the goal. Given that the robot knows the consequence of
each action then state transition rules can be applied to its memory instead of carrying
out the atton immediately. Hence a problem solver is also a planner.

2.6.6 Lambda Calculus

The lambda calculus is a notation for mathematical expressions and functions. It was
rediscovered as a versatile tool in computer science. The syntax of the computer
languageLisp was inspired by the lambda calculus. The lambda notation requires
operators, to be written before the parameters (prefix), like Polish notation.

For exampleexpressionsi x + 30 becom&s bfetfiosmedsox 0 . and fx

LoGICAL OPERATORS OF THE_AMBDA CALCULUS

A conjunction (AND)

v disjunction (OR)

— negation (NOT)

= implication

< equivalence

= existential quantificatio
@ universal quantification

=~ equality

Table 2-1: logical operators in the lambda calculus
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Functions:
The A notes the function

f (x) = 3x in lambdacalculus becomegx.* 3x

The lambda calculus is used in natural language understanding to describe dependencies
between words. A natural language expression, i.e. a sentence can be conteceded
logical formula Usually this starts with determining the partsspeechand using a
syntactic parser. The resulting structurenouin (N), noun pfase (NP), verb phrase

(VP), etc shows dependencies between the wdtisse dependencies can be expressed

in a formal way with the lambda calculus. For instance consider

fiJohn believes something is fatse

Expressed itambda calculus:

Ix(x e L AbelJohnx) A fals€x)).

A translation can be defined from the | e>
semant i cs LiKebDéstogrse,Repregentation Structures (DRiBE lambda

calcdus can represent dependencies and is an intermediate stepdd_ aaloulus

expressions are logical and can be used for inference and reference resolution.

In order to learn and carry out instructions a robot must use inference or some form of
mapping toextract the instruction from an expression in lambda calculus. For this

process, background knowledge is required. This can be especially difficult for

coll oqui al expressions, such as fAwhatés up?
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3. Corpus Collection

Linguistic corpus collectin is defined by acquiring and storing a corpus (Latin for
body) of example dialogues usually by recording and transcribing or by gathering
existing texts. In this chapter an exipsent will be described whereonversations
between two people are collectedform the MIBL corpus. Corpora are not restricted

to spoken and written text; they can include transcriptions of any interaction data, such
as hand gestures, eye movements or a mouse cursor. Combinations of any of the listed
modalities are collected iso called multimodal corpora (Baldry and Thibault, 2006).
Collecting a corpus is the first step when applying the celpaised robotics approach.

In order to create the corpus, the recordings are transcribed using themouafi
transcription tool MuTradescribed in section 3.4.1The transcriptions include start

time and duration of gesture and speddie corpus provides a starting point to create a
speech recognition grammarhe transcription process could be simplified by adding
speech recognitiorsoftware. However, all transcribed text has to be confirmed
manually since the corpus provides the reference data for speech recognition and all
further system development.

The corpus igo beanalysed in order tdesignan agent that will be able to iméet and

perform actions tharefound in the corpus.
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3.1 The Instruction Domain

3.1.1 Experimental Constrains

With the experience and motivation from the previous project (IBL), criteria for the
selection of a new application domain wetetermined. The criteria are aimed at
investigating and extending IBL by applying scientific method
)] The task must contain a wide range of instruction types.
(rules, sequences , repetitipnSo they can be investigated.
i) Ideally the task should be scalaldfom simple to complexSo a range of
complexity can be investigated.
iii)  The task should preferably have a small vocabulary (less than unique 1000
words) So the transcription and implementation is manageable.
Iv)  The task must be part of the natural environthadrthe instructor (user) so
that instructoand studenalready posses the basic skills required
V) The task should contain meaningéett of gestures / actiofsulti-modal)
vi)  The task should be unknown to the subjéaforehandto set up a genuine
teading scenario
vi)  The domain size should be predictable. This can be achieved by measuring

the rate of discovery of unique y&of expressing an instruction.

The constraints mentioned above, especially pajnhaveto be determined by a pilot
study. Furthemore a pilot study is a required step in the application of cdspssd
robotics. A pilot study would require a corpus collection, transcription, search for
language primitives and their types using 8ubjects.

Generally, there are many ways of expi@gs verbal instruction, even in a restrained
domain. Restrictionsi) andvii) are there to harnefiseserestrains.

Given these constraints, game instruction seemed to be a good choice. In particular,
card games come in a great variety of type and toatp, yet their vocabulary is
restricted. Al t wo playZed ¢Ggamds Ghmesed (Pa
2004) 23different card games were investigated by courttiegnumber oinstructiors

in the form of a clause or sentence. It sbdobke nded that the instructionfom a

professional book are more compact than verbal explanations of the same rule. As an

% The scientific method: hypothesis, experiment, observations, tests, confirmed theory
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example, instruction sets fromable 31 would count as one instructisreach per
sentenceFrom the investigation, it was found that @ital card game has on average

38 instructions, with a std. deviation of 17.46.

~

no of different game

0 01 02 03 04 05 06 07 08

approx. no. of Primitive

Figure 3-1: Game Primitives: A survey of 23 card games and their number of instructions presented as a frequency dist
showed that a typical game has an average ofs2Rictions. See the list of games in Appenaiix
In order to create a robot that would appear to be a reasonably intelligent card game

player it was decided to choose a card game that has between 30 and 40 instructions.

3.1.2 Scopa

The Italian cardgame Scopa was chosen, since it had 35 instructions and is virtually
unknown in the United Kingdom. That the card game is initially unknown is important
as the investigation is about teaching. Yet all basic skills such as dealing a card or
comparing cardare generally known to UK residents.

In Scopa, initially 4 cards a laid out face up on the table. Another 3 cards are dealt to
each player. Scopa is a fishitype card game (Parlett, 2004). A fishing game means
that there are several cards fageon he table, and the players have to match cards in
their hand with the cards on the table. Matching cards on the table can be captured by
the player in order to score. The game was originally played with a deck of traditional
Italian cards. For the Frencleck (most common deck) the eight nine and tens have to
be removed from the deck. Insteadh, queen and king are worth 8,and 10 points

respectively.
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3.2 Procedure of Corpus Design and Corpus Collection

Multi-Modal corpora are still rare and containywepecific data; in particular there was
no multtmodal card game corpus publicly available that would be suitAblsuch we

decided to setup an experiment to collect a nmtidal corpus.

3.2.1 Corpus Design

Corpus Design is concerned with decisionghswas: how many subjects will be
interviewed, what data will be recorded and how the data is formatted. Corpus Design
decisions must be carefully considered with respect to the research that will be carried
out with the resulting data. In a scenario whasgousbased robotics is applied, rather
than researched, the domain is given initially. For example a company requires a
vacuumcleaning robot that can be naturally instructed. In the case of researching
corpusbased robotics (specifically the MIBL projgche aim is to design the corpus to
cover an as large as possible variety of features in the vocabulary and langue primitive
types.

The corpus designer must consider that the collected data is stored in a format that can
be used later for testing therfmance of the developed system. Furthermore the data
must be collected using the sensors on the robot, from the robots point of view. It is not
advisable, for example, to use overhead cameras if the final robotic system will not have
overhead cameras. Wizard of Oz experiment is a proven waydollect a corpus.
(Dahlbacketal., 1993, Kyriacow2004).

In a teacher student scenario, the teacher, who knows how to play Scopa, will explain
the game to a student. After some practice the student can nowéecteacher to
explain the game to another student.

An informal pilot study has been carried out that consisted of 5 teaching sessions and
their transcription of a very simple card game. It revealed that a teacher subject tends to
use verb phrases and madls similar to those usedhen he/she was taught. In each
dialoguethe vocabulary and explanation technigokanged. Only some utterances of

the dialogue were taught exactly like the teacher learnddhig. led to the assumption

that a longer teachetudent chain contributes to a larger variety in the corpus
afterwards. Some teachers, however, may not come back to teach the game to another
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subject, which would break the chain. To increase the chances of a longer chain a

teacher was invited to teach twtudents in separate sessions. See figi2e

/ 51<A ‘/= Slg\A

SI7 S29 S21 S20
/ S / \ / \ / \
4
S36 - SX S30 S22 S23 S25 S32
SR » Si6
S12 S10 S13 S31
4 4 \ 4
4 4 Y 4
/ \4 » \ A 4 s \
S33 S14 - S24 - - - S11

Figure 3-2: Tree of teaching dialoguesTwo trees of this type were used to record dialogues. There are 6 dialogues in ea
represented by the arrows and organized in tlaggers. $is the subject numbeér If one of the two subjects failed to attend, t

chain was broken, here shown with a dashed dialogueTlieme two trees are from now on refered to as dath@ed data set

2.

It was also assumed that a longer kréeetween learning and teaching the game

reducel the similarity in the vocabulary used.

Initially two teachers had to be made familiar with the game. To avoid a bias as much as
possible they were given two complete sets of written instructions of the (Geed

Setl and Seed Set 2). Each instruction was written on a separate paper. The set was
mixed so that the rules did not appear in a particular order. The two teachers studied the
rules sets quietly for a few minutes. Theyoreered the sheets to hekpaftning the

game. Then they were invited to try to play the game and to clarify the set of rules by
communicating with each other. This communication has been recorded with the
experimental setup, but has not been used for any further analysis. SubjegasS18
given Seed Set 2 and clarified rules with subject S19 who was given Seed Set 1. A
further two teachers have been invited to do the same experiment whereby teacher S15
was given Seed Set 1 and subject S16 Seed Set 2.

Below is a list of instructions tihe teachers.
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INSTRUCTIONS TO THET EACHERS

Instruction Seed Sdt

Two players use a 4€ard pack running A234567JQK in each suit.
Deal three cards each in ones, face down. And then four face up to the table.
When everyone has played their thremdsadeal three more each from stock. Continue until all c:
have been used and captured.
Each in turn must play a card from hand with a view to capturing one or more table cards.
Table cards may be captured by pairing or summing.
Pairing: An Ace taks an Ace, a Two a Two, and so on. Only one card may be paired in one tu
if the handcard can capture in either way it must do so by pairing.
Summing. A hanetard takes two or more table cards totalling the same as itself. For this purpo
cards ount at face value from Ace 1 to Seven 7, followed by Jack 8, Queen 9, King 10. Thus a
will capture two or more cards totalling 7 (A+6, 2+2+3, etc).
When summing: Only one such combination may be made at a time
When you make a capture you placehbibie captured and the capturing cards in front of you and
your turn.
If you capture all the cards on the table, leaving none for the next player to take, it is a sweep.
indicate this by leaving the capturing card face down in your winningsapitewill score 1 point for
it at end of play.
You must play a capturing card if you can.
table and leaving it there. This is inevitable after a sweep.
When no cards remain in stock, the lasyptao make a capture (not necessarily the last to play,
since he may be forced to trail) takes all the other table cards with it. This does not count as a
even if, technically, it happens to be one.
Players sort through their won cards and scer®iows:
1 point for taking the most cards. If tied, no one scores.
1 point for taking the most diamonds. If tied, no one scores.
1 point per sweep, as indicated by falmavn cards.
The winner is the player with the highest score at the end

Table 3-1: Instructions to the teachers, Set 1

INSTRUCTIONS TO THET EACHERS

Instruction Seed S&

A 40-card pack is used. A234567JQK in each suit.
The game is played with two players.

Deal three cards for each players hand. Do
After, deal four on to the table. (face up)
When players dondt have any cards |l eft in

when the stock has been used up and all cards have been captured.

Each player, in turn, plays a card from hand.

The target is to capture one or more of the cards on the table.

There are two ways of capturing cards from the table: pairing and summing.

Pairing means a card in your hand pairs with a card on the table and you can take them to yot
You must do piaing if you can.

Summing. A single card in your hand card can take multiple table cards which have as a sum
same value as the card in your hand. Cards count at face value from Ace 1 to Seven 7, followe
Jack 8, Queen 9, King 10. For example avgiikcapture two or more cards totalling 6 (A+5, 2+A+:
etc), and so on.

When summing: Only one hattérd can be used in one turn.

When you make a capture you place the involved cards in front of you onto your own pile.

If you capture all the cards ohe table at once by summing, it is a sweep. You indicate this by
leaving the capturing card face down in your winnings pile, and will score 1 point for it at end o
play.

You must play a capturing card if you can.

If not, you must put down any card fage anywhere onto the table and leave it there. Basically e
player gets rid of one card every turn.
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When no cards remain in stock, the last player to make a capture (not necessarily the last to p
since he may be forced to just add a card to tHe fedim his hand) takes all the other table cards
with it. This does not count as a sweep, even if, technically, it happens to be one.
After the game players sort through their won cards. Points can be scored as follows:
1 for taking the most cards. I&tl, no one scores.
1 for taking the most diamonds. If tied,no one scores.
1 per sweep, as indicated by fa@wvn cards in your pile.
The winner is the player with the highest score at the end
Table 3-2: Instructions to the teachers, Set 2

The invited sbjectswere mostly university students between the age af 20years,
only one female persoi significant number were not native English speakérse
pilot experiment and the final online experiments (chapter 8) had a sdrstabution

of age, geder and occupation.

Student

Figure 3-3: Experimental Setupfor Corpus collection

The recordings if they are to be used later to test speech recognition must be of a good
quality. The subject wore cost effective Plantronics headsets to improve thd sou
quality while recording. Each subject was recorded in uncompressed 16bit PCM WAVE
Stereo format. Later experiments were carried out with an external RolantAE8Bo

soundcard to further reduce the signal to noise ratio.
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