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CHAMP  12:73; LEHM*: 170

change types MORI*: 372-37%

classification of stereotypes, se stereorypes,
elastfication

closed world assumption  CHIN®: 971
QUL 121; CARB*: 151; 14, 339; FIMNI*
474
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contents of user models 11 3; KOBS*:
52=53; PARI™: 200: [4: 339

context KOBS™: 5B, 60; CHIN®: 88, 90;

= = in evaluation-orented dalog  JAME®:
258, ITH
— setting  WAHL®: 4f., 18, 30; 14; 337;
MORI®: 367, 370L, 375, 383; MORI*:
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DERLIGGY KASS®: 197, 104f,
decision properties JAME®: 294; [4: 336f.;
SPAR®: 1450, 148154, 3566, 160
deep model  KASS*: 395, 409
default
- assumptions WAHL®: 10; RICH®: 35, 45;
COHE®: 317-323, 326f., 330-1333
— inferences CHIM®: 76, 81, B8
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inheritance RICH?*: 40, 43; CHIN®: 79

intelligent computer-aided instruction, see
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recommendations  WAHL®: 19; KOBS*: 52,
MORE: 379
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SOPHIE KASS*: 389

source
- of misconception  MCCO*: 233, 235, 23%
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TEIRESIAS CHIN®: 78

terminology MORI®: 3a4f, 374

Xt PARI®: X5

— comprehension WAHL*: 7; QUIL*: 109,
19

— gencration  WAHL*% 7

- natural language PARI*: 204

— naturally occurring  PARI®: 201, 208, 211,
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412
— statee MORI®: 374

XCALIBUR WAHL®: 30
XTRA WAHL":S, 19

Page 515 of 1206



List of Contributors

Page 516 of 1206



ncluded work 1n r:r:n systems for the RAND Corporation. Her paper summarizes the

current state of her thesis work on adaptive parsing,

Dy, Timothy Finin

UMNISYS, Paoli Research Center, Route 252 and Central Ave., Paoli, PA 19311, USA
Timothy W. Finin is a2 technical director at che UUNISYS Paoli Research Center. He received
2 master’s degree in Electrical Engineering from M.LT., and MSc. and Ph.D. degrees in
Computer Science from the University of lllinois at Urbana-Champaign. He did research a

M.LT., in the area of robotics and computer vision, and was an Assistant Professor in the
Department of Computer and Information Science at the University of Pennsylvania from
1980 1o 1987. His current research interests include knowledge representation, expert sys
tems and computational linguistics, as well as their applications to intelligent user interfaces.
His paper describes recent work on creating a user modeling shell in order 1o support the

development of various inteiligent interacrive applications.

Anthony Jameson
Psychologisch Laboratorium, Katholieke Universiteic Mijmegen, Montessorilaan 3, Postbus

9104, NL-6500 HE Nijmegen, Netherlands

Anthony Jameson is affiliated with the Department of Experimental Psychology at the Uni-
versity of Mijmegen, The Netherlands. He is writing 2 dissertation on psychological and
normative models of the way people ascribe knowledge and values wo others in everyday
interaction. The present paper incorporates some of the theoretical ideas that have emerged
from this research, while building on work done several years ago in connection with the
HAM-ANS project at the University of Hamburg, Fed. Rep. of Germany.

Dir. Marlene Jones
Alberta Research Council, 6815 8th Street NE, 3rd floor, Calgary, Alberta, Canada T2E 7H7

Marlene Jones is a senior researcher in Artificial Intelligence in the Alberta Research Council’s

Department of Advanced Technologies and an adjunct professor in the Depariment of Com-
putational Science at the University of Sakatchewan. Prior to joining the Alberta Research
Council, Dr, Jones was 3 tenured Associate Professor at the University of Waterloo. Much of
her research concerncs Al applications within the field of education, including expert systems
for educational diagnosis, expert environments for curriculum and course development, and

user modeling.

Dr. Robert Kass
Center for Machine Intelligence, 2001 Commenwealth Blvd,, Ann Arbor, Ml 48105, USA

Page 517 of 1206



470 List of Contributors

Dr. Alfred Kobsa

SFB 314: Al - Knowledge-Based Systems, Depr. of Computer Science, University of Saar-
briicken, [D-6600 Saarbricken 11, Fed. Rep. of Germany

Alfred Kobsa received master degrees in Computer Science and the Social and Economic
Sciences from the University of Linz, Austria, and his Ph.D. in Computer Science I_n:fm
the Technical University of Vienna, He has also pursued non-degree studies in Cognitive
Psychology, Linguistics, Formal Logic and the Philosophy of Science at the University of
Salzburg. Since 1985 he has been a senior researcher and project coordinator of the XTRA
project in the German Collaborative Ressarch Program on Al and Knowledge-Based Systems
at the University of Saarbriscken, where he works in the fields of user modeling, knowledge

representation and expert systems, His contribution is based on experiences gained both from
his Ph.D. work as well as his current research.,

Dr. Kathleen McCoy
Dept. of Computer Science, Univ. of Delaware, Newark, Delaware 19711, USA

Kathleen McCoy is Assistant Professor of Computer and Information Sciences at the Uni-
versity of Delaware. She received her Ph.D. in computer science from the University of
Pennsylvania in 1985. Porions of her contribution are based on this Ph.D. research. Her

current interests center on contextual effects of previous discourse on representation of user
models and generation of subsequent responses.

Dr. Katharina Morik

Technical University of Berlin, FR-5-8, Franklinstr. 28/29, D-1000 Berlin 10, Fed. Rep. of
Germany

Katharina Morik is internal project leader of the KIT-Lerner project at the Technical Uni-
versity of Berlin, working in the fields of knowledge acquisition and machine learning,
She completed her Ph.D). thesis on belief systems and natural language understanding ar the
University of Hamburg in 1981. From 1982 1o 1984 she worked on the Hamburg Application-
Oriented MNatural-Language System (HAM-ANS) wich a special interest in user modeling and
dialog stravegy. Her contribution is based on experiences gained from this work.

Page 518 of 1206



List of Contributors 471

Dir. Elaine Rich
MOCC, 9430 Research Boulevard, Ausin, TXK 78759, USA

Elaine Rich 15 a director of the artificial intelligence lab ar Microclectronics and Computer
Technology Corporation (MCC), where she has been working primarily in the area of
knowledge-based narural language interfaces. Prior o joining MCC, she was an assisrant
professor of Computer Sciences at the University of Texas at Austin. Her paper surveys the
use of stereorypes in user modeling, which was the topic of her Ph.D). dissertation work.

Page 519 of 1206



Page 520 of 1206



J.H. Siekmann, G. Wrightson (Eds.): Automation of Reasoning 2. Classical Papers
on Computational Logic 1967-1970. XXII, 638 pages. 1983

L. Bolc (Ed.): The Design of Interpreters, Compilers, and Editors for Augmented
Transition Networks. X1, 214 pages, 72 figs., 1983

M.M. Botvinnik: Computers in Chess. Solving Inexact Scarch Problems. With
contributions by A.I, Reznitsky, B.M. Sulman, M. A. Tsfasman, A.D. Yudin.
Translated from the Russian by A. A, Brown, XIV, 158 pages, 48 figs., 1984

L. Bole (Ed.): Natural Language Communication with Piclorial Information
Svstems. VII, 327 pages. 67 figs., 1984

B.5. Michaleski, J.G. Carbonell, T.M. Mitchell (Eds.): Machine Learning.
An Artificial Intelligence Approach. X1, 572 pages, 1984

A. Bundy (Ed.): Catalogue of Artificial Intelligence Tools. Second, revised edition.
IV, 168 pages, 1986

C. Blume, W, Jakob: Programming Languages for Indusirial Robots, XIII, 376
pages, 145 figs., 1986

J.W. Lloyd: Foundations of Logic Programming. Second, extended edition. XII,
212 pages, 1987

L. Bolc {Ed.): Computational Models of Learning. IX, 208 pages, 34 figs., 1987
L. Bole (Ed.): Natural Language Parsing Systems, XVIII, 367 pages, 151 figs., 1987

M. Cercone, G. McCalla (Eds.): The Knowledge Frontier. Essays in the Repre-
sentation of Knowledge. XXXV, 512 pages, 93 figs., 1987

G. Rayna: REDUCE. Software for Algebraic Computation. 1X, 329 pages, 1987

D.D. McDonald, L. Bole (Eds.): Natural Language Generation Systems. XI, 389
pages, B4 figs., 1988

L. Bale M T Canmhbs iBde 1+ Fynert Suctem Annlicatinne 1% 471 nooee 24 fne

Page 521 of 1206



Page 522 of 1206



Page 523 of 1206



Page 524 of 1206



APPENDIX WAHLSTERO01

Page 525 of 1206



Lapdus  OELAIC g a2 MHIRG 10 A5

2el
285
ead
e
[-F
[LRE
aam
23
aas
[
233

B35

i
Bal
L)
ez
245

2E58

k10
an

rEREIRE

| REATAGFPRISGT I

2ERBEEIAIETI0E. B
MARMIMAE e b @000 Angd
TERaETIBIORE FiGyFace

Aeba AR TR (hi.ba. )

I aaTEALARIET AT

L Tt TS L L

LEaeTCE STEIEaH]

Akl ICaLT forn L Es

A adTAEETE

FFRal L b TR 21 LU
Sefalpi oo ETAEATE ol TN

BRRENE Jo(Pi FEATEE SUOH SSVINCR rlan Saleiof-n Jdutirdll

AFFaFITT
ARaln T 0 NER BBSEY R0
ATRATE FIlcin

P etk frfoendationy of sultiscdal ddalogee sysises | Bokol fganpg Aesdster (ed, 0,

grfagerlin [ dabew vors | dbSeedngees, o 2EES.
AFfanyill, SAY § 1 BBELLY G B3a gm.

Ml eogitlve techsnlogies, Taiinl-3483
AFfaeseerr® repart,

srfalnrludes BLELTagrashical references.

Bpcialogue syvimes g miltimodal ;o bhe Ssartiow eeperiece ¢ Sriobigany sesleter --

silaAatural Languae procissiey [Compgtar crimce)
Al - e Anterarkion,

piaratosatic sgecch Fecopnition,

LFiaelaslatier; Wolfpang.

SEE L

A9 wlanea
BERCH SLPIT

Page 526 of 1206

StFacim o flgures about the Seartice project { Sofmela Biocher



Page 527 of 1206



Page 528 of 1206



Page 529 of 1206



im0k It inme ol Testhholisgy: Preation Hall Mo Guallaoimis Ing

PERCAE WL

BROAWSE SHELF

-I'I'I“.?.‘EH-.H!-EE 2L LB LR R ETLRE

SEEFIFLL SHELF

E oy EnrR AT MHEeted by Sandeiim Dnbosma

Page 530 of 1206



APPENDIX WAHLSTERO02

Page 531 of 1206



o , _:__:_ ". r‘-'l": i :-:_ . o __.'If :
| R r——y gl o Sl L
A w0
M SR
' ' “' _.+ }
J

R
) Springer

Page 532 of 1206



=
Qv
=
n
—
D
—
m
Q.

Page 533 of 1206



SRR T
‘F"?ESSF.EI

Page 534 of 1206



Page 535 of 1206



Page 536 of 1206



Page 537 of 1206



ETRACLE R AR Sy

Advisory Board:

Luigia Carlucci Aiello
Franz Baader
Wolfgang Bibel
Leonard Bolc

Craig Boutilier

Alan Mackworth

Mark Maybury

Tom Mirtchell

Johanna D. Moore
Stephen H, Mueeleton

Page 538 of 1206



L TR

Page 539 of 1206



Page 540 of 1206



Libsrary of Congress Control Humber: 2008928318

ACM Computing Classification (1998): H.5, H.1.2, 1.2, 1.3, L&.

IS5M 1611-2482

ISBN-10 3-540-23732-1 Springer Berlin Heidelberg New York
ISBN-13 978-3-540-23732-7 Springer Berlin Heidelberg New York

Fhle soaalls lo oY g me oo 3 le oW e oo oo B ol el b s el 1o

Page 541 of 1206



For about 25 years research and development projects in the area of human-computer
interaction (HCI) have been pursued with the objective to adapt the communication
and interaction with the machine to the needs of the human user, and not vice versa.

Page 542 of 1206



Page 543 of 1206



M. ]. Wooldridge

Advisory Board:

Luigia Carlucci Aiello
Franz Baader
Waolfgang Bibel
Leanard Bolc

Craig Boutilier

Ron Brachman
Bruce G. Buchanan
Anthony Cohn
Artur d'Avila Garcez
Luis Farifias del Cerro
Koichi Furukawa
Georg Gottlob
Patrick |. Hayes
James A. Hendler
Anthony Jameson
MNick [ennings
Aravind K. Joshi
Hans Kamp

Martin Kay

Hiroaki Kitano
Robert Kowalsk
Larit Kraus
Maurizio Lenzering
Hector Levesque

John Lloyd

Alan Mackworth
Mark Maybury
Tom Mitchell
Johanna D. Moore
Stephen H. Muggleton
Bernhard Nebel
Sharon Oviatt
Luis Pereira

Lu Rugian
Stuart Russell
Erik Sandewall
Luc Steels
Oliviero Stock
Peter Stone
Gerhard Strube
Katia Sycara
Milind Tambe
Hidehiko Tanaka
Sebastian Thrun
Junichi Tsujii
Kurt VanLehn
Andre Voronloy

Toby Walsh
Bonnie Webber

Page 544 of 1206



Page 545 of 1206



Page 546 of 1206



Augustus De Morgan Professor of Logic

riment of Computer Science, King's College London
strand, London WC2R 2LS, UK

Prof. Pr. Jorg Sickmann

Forschungsbereich Deduktions- und Multiagentensysteme, DFK]
Stuhlsatzenweg 3, Geb. 43, 66123 Saarbriicken, Germany

wibrary of Congress Copral Humber: 2005025115

ACM Computing Classification (1998): H.5, H.1.2, 1.2, L3, L.6.

ISSN 1611-2482

ISBN-10 3-540-23732-1 Springer Berlin Heidelberg New York
ISBN-13 978-3-540-23732-7 Springer Berlin Heide

berg New York
This work is subject to copyright. All rights are reserved, whether the whole or part of the material
;::dmrpeﬂ. sp:cijul_ly the rilghuﬂ translation, reprinting, reuse of iJiusE-:t'mns, re:;mign.
ragline renendislian an e laoa Bl - = ’

Page 547 of 1206



Page 548 of 1206



SNSRI UL IVLNSIY O aucation and Kesearch

Page 549 of 1206



A book such as this one could obviously not be put together without the help and

cooperation of many people.
| am particularly imdebted to the authors who graciously made their contributions
available in a timely fashion.

— i L] [ - [ (R = me L | el S e

Page 550 of 1206



Page 551 of 1206




List of Contributors

J. Adelhardt T. Becker
Friedrich-Alexander-University DFKI GmbH
Erlangen-Nuremberg Stuhlsatzenhausweg 3
Marienstralle 3 D-66123 Saarbriicken

P R SRR T

Page 552 of 1206



R. Engel

DFKI1 GmbH U. Haiber
Stuhlsatzenhausweg 3 DaimlerChrysler AG
D-66123 Saarbriicken Wilhelm-Runge-StrabBe 11
ralf.engeledfki.de D-89081 Ulm

udo.haiber@édaimlerchrysler.com
M. Emele

Sony International { Europe) GmbH

J. Hiubler
Heinrich-Herz-Stralle | European Media Lab
D-70327 Sturtgart Schlofi-Wolfsbrunnenweg 33
eme] eldigmx. net

D-69118 Heidelberg

Page 553 of 1206



ML Jist

European Media Lab
Schlof-Walfsbrunnenweg 33
D-69118 Heidelberg
joest®@eml . org

A. Kaltenmeier
DaimlerChrysler AG
Wilhelm-Runge-Strale 11
D-89081 Ulm
alfred.kaltenmeier®
daimlerchrysler.com

A. Kellner

Philips GmbH

WeiBhausstrale 2

D-52066 Aachen
Andreas.Kellnergphilipa.com

T. Klankert
IMS, University of Stuttgart

el L

PR PR R L

Otto-Hahn-Ring 6
D-81730 Munich
Michael . Luetzel erg@siemens.com

R. Malaka
University of Bremen
BibliothekstraBe 1, MZH

[D-28359 Bremen
malakasinformatik.uni-bremsn.de

M. Merdes

EML Research gGmbH
SchloB-Wolfsbrunnenweg 33
D-£91 18 Heidelberg
matthias merdesd
eml-r.villa-bosch.de

W. Minker

University of Ulm
Alben-Einstein-Allee 43
D-89081 Ulm
wolfgang.minkerduni-ulm.de

B. Mibius

Page 554 of 1206



e PVUIAYE

DFKI GmbH
Stuhlsatzenhausweg 3
D-66123 Saarbriicken
ndiavesdfki .de

H. Niemann

Friedrich-Alexander-University
Erlangen-Nuremberg
Martenstralle 3

D-91058 Erlangen
niemanng

informatik uni-erlangen.de

E. Niith
Friedrich-Alexander-University
Erlangen-Muremberg
Martenstralle 3

D-91058 Erlangen

noeth®

informatik.uni-erlangen.de

D. Pfisterer
University Libeck

Ratzeburger Alles 160
D-23538 Libeck

pfisterarditm.uni-luebeck,ds

N. Plleger

DFEI GmbH
sthlsatzenhausweg 3
D-66123 Saarbriicken
Korbert. Pflegeredfki.de

P. Poller

European Media Lab
Schiof-Wol fSsbrunnenweg 33
[-691 18 Heidelberg
porzeldeml .org

5. Rahold

University of Munich
Schellingstrafie 3
D-80799 Mumich

raboldé@phonetik.uni-muenchen.de

J. Racky

Stemens AG
Ouo-Hahn-Ring 6

D-81730 Munich

Jens . Racky@siemens . com

H. Rapp

Medialnterface Dresden GmbH
Washinglonstralle 16/16a
D-01139 Dresden

rappemediainterface . de

5. Rapp

Sony Intemational (Europe) GmbH
Heinrich-Hertz-Strafie |
D-T0327 Stuttgan

TEppEconante . com

N. Reithinger

DFKI GmbH
Swhisatzenhausweg 3

D-66123 Saarbriicken

Horbert .Reithinger@dfki .de

B Renes

Page 555 of 1206



IMS, Unaversity ol Stutigan
Azenbergsiralie 12

D-70174 Stuttgart
betcina.sacubarlichs

ims.uni-stuttgart.de

F. Schiel

University of Munich
Schellingsirafie 3
D-80799 Munich

ankial@mhanatr ik md amiianshan Ada

Intermational Computer Science [nstitute
1947 Center Street

Berkeley, CA, USA 94704-1198
stolcke®icsi.berkeley.edu

M. Streit
Bue de la Gare 108

F-57150 Creutzwald

M. Thomae
Technical University of Munich

Page 556 of 1206



DFEI GmbH
Stuhlsatzenhausweg 3
D-66123 Saarbriicken
wahlsterdadfki.de

e B e il HE R B ke

Page 557 of 1206

=

P =



Part | Introduction

Dialogue Systems Go Multimodal: The SmartKom Experience
Wolfpang Walister . ... .ioiiiiiaviaiissasissiasnesisssninmannsianys

Facts and Figures About the SmartKom Project
PUI P TIENTIET o i 50 i 45 o O 8 el e i e 0

An Exemplary Interaction with SmartKom
Norbert Reithinger, Gerd Herzog . ... ..o oo R A P 3

Part 11 Multimodal Input Analysis

The SmartKom Architecture: A Framework for Multimodal Dialogue
Systems

Page 558 of 1206



Modality Fusion
Ralf Engel. Norbert Pfleger

........................... 223
Discourse Modeling

Jan Alexandersson, Norbert Plleger . . . .o iiianicanaasranas 237
Owerlay: The Basic Operation for Discourse Processing

Jan Alexandersson, Tilman Becker, Norbert Pfleger .. ...viviviiinininnean 255
In Context: Integrating Domain- and Situation-Specific Knowledge

Rabert Porzel, Iryna Gurevych, Raimer Malaka .. .. .. .....ooiiinnennnsnn. 269
Intention Recognition

Jiirgen te Vrugt, Thomas Portele . .. ... .. iiiiiiiiiin s sna 283
Plan-Based Dulngne Managment for Mulluple Cnnperatiug ﬁpphr;almns
Markus Lickelr . P N W z ... 301
Emotion Analysis and Emotion-Handling Subdialogues

Michael Streir, Anton Batliner, Thomas Portele . .. ... . .0oveieo oo, 317
Problematic, Indirect, Affective, and Other Nonstandard Input

Processing

MRCREEESINN oo wcn mmiaininomsns e G T S B o e 333

Page 559 of 1206



Part V Scenarios and Applications

Building Multimodal Dialogue Applications: System Integration in
SmartkKom

Gerd Herzop, Alassane Ndiaye . .. ... o oo vonniins R R =

SmartKom-English: From Robust Recognition to Felicitous Interaction
Deavid Gelbart, John Brvant, Andreas Stolcke, Robert Porzel, Manja Baudis

and Nelson MorBam .. .. .. cciceieiiaisaasinsstssssinanasnetrsssssss

SmartKom-Public

Axel Homdasch, Horst Rapp, Hans RBHger. . . .. ..o ociiianninnnanns

SmartKom-Home: The Interface to Home Entertainment

Thamas Portele, Silke Goronzy, Martin Emele, Andreas Kellner, Sunna Torge,
JErBen 8 VPHEE . . ovs i iinnnstnss b isasansnasieasdbsainiinnans

SmartKom-Mobile: Intelligent Interaction with a Mobile System
Rainer Malaka, Jochen Hiuller, Hidir Aras, Marthias Merdes, Dennis

Pfisterer, Matthias Jést, and Robert Porzel . . ... ...ocooiiioanns
SmartKom-Mohile Car: User Interaction with Mobile Services in a Car
Environment

a " oa e E T | WEF. P~ ward.

Page 560 of 1206

. 439

. 505

7%




Page 561 of 1206



Introduction

Page 562 of 1206



Page 563 of 1206



T4 MR mana MYTIREEATET FWE WERNET SN WSO R LS R WL

N g rgaey = ——ry - -repen

A dialogue sysiem wuh ﬂmmnlnc multtm:-daruy must not only understand and represent the
wser’s multimodal input, but also itz own mullimodal oustpul, We present an overview of the
SMARTKOM system that provides full symmetric multimodality in a mixed-initiative dialogue
gysiemn with an embodied conversational agenl. SMARTEOM represenis a new generation of
mullimadal dialogue svsiems that deal not only with simple modality integration and synchro-
nmizalion but cover the full spectrum of dialogue phenomena that are associated with symmet-
nc multmadahity (including crossmodal references, one-anaphora, and backchannelling). We
show that SMARTEOM s plug-and-play archilecture supporis muliiple recognizers for a sin-
gle modality, e.g., the user’s speech signal can be processed by three unimodal recognizers in
parzllel (speech recognition, emotional prosody, boundary prosody). We detail SMARTKOM's
threc-tiered representation of multimodal discourse, consisting of a domain layer, a discourse
layer, and a modality layer. We discuss the limitations of SMARTKOM and how they are over-
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Dialogue Systems Go Multimodal: The SmariKom Experience 5

This complexily is compounded by the sheer proliferation of different systems lack-
ing a standard user interface. The growing emphasis on multimodal dialogue systems
18 fundamentally inspired by the aim to support natural, flexible, efficient, and power-
fully expressive means of human-computer communication that are easy to leamn and
use, Advances in human language technology and in perceptive user interfaces offer
the promise of pervasive access to online information and Web services. The long-
term goal of the research in multimodal dialogue systems is to allow the average
person 1o interact with computerized technologies anytime and anywhere without
special skills or training, using such common devices as a smartphone or a PDA.
We begin by describing the scientific goals of the SMARTKOM project in Sect. 2,
before we introduce the notion of symmetric multimodality in Sect. 3. In Sect, 4,
we introduce SMARTKOM as a flexible and adaptive multimodal dialogue shell and
show in Sect. 5 that SMARTKOM bridges the full loop from multimodal percep-
tion to physical action, SMARTKOM's distributed component architecture, realizing
a multiblackboard system, is described in Sect. 6. Then in Sects. 7 and 8, we describe
SMARTKOM's methods for multimodal fusion and fission. Section 9 discusses the
role of the three-tiered multimodal discourse model in SMARTK.OM. Section 10 gives
a brief introduction to SmartWeb, the follow-up project to SMARTEKOM, which sup-
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3 Towards Symmetric Multimodality

SMARTKOM provides full symmerric multimodality in a mixed-initiative dialogue
system. Symmetric multimodality means that all input modes (speech, gesture, fa-
cial expression) are also available for cutput, and vice versa. A dialogue system with
symmetric multimodality must not only understand and represent the user’s mulu-
maodal input, but also its own multimodal output.

In this sense, SMARTKOM's modality fission component provides the inverse
functionality of its medality fusion component, since it maps a communicative in-
tention of the system onto a coordinated multimodal presentation {Wahlster, 2002).
SMARTKOM provides an anthropomorphic and affective user interface through an
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warded to a list of subscribers. This kind of distributed event notification makes the
communication framework very flexible as it focuses on the data to be exchanged
and it decouples data producers and data consumers. Compared with point-to-point
messaging used in multiagent frameworks like OAA (Martin et al., 1999), the pub-
lish/subscribe scheme helps to reduce the number and complexity of interfaces sig-
nificantly.

GCSI, the Galaxy Communicator Sofiware Infrastructure (Seneff et al., 1999)
architecture is also fundamentally different from our approach. The key component
of GCSI is a central hub, which mediates the interaction among various servers that
realize different dialogue system components. Within MULTIPLATFORM there ex-

15ts no such centralized controller component, since this could become a bottleneck
firvr rraes cormnbsy sselis Al Alal

BT L S
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FOr example, e wWora nypoinesis grapn anda ine gesiure Rypoltnesis grapn, the hy-
potheses about facial expressions, the media fusion results, and the presentation goal
are all represented in M3L., M3L is designed for the representation and exchange of
complex multimodal content. It provides information about segmentation, synchro-
nization, and the confidence in processing results. For each communication black-
board, XML schemas allow for automatic data and type checking during information
exchange. The XML schemas can be viewed as typed feature structures. SMART-
KoM uses unification and a new aperation called OVERLAY (Alexandersson and
Becker, 2003) of typed feature structures encoded in M3L for discourse processing.
Application developers can generate their own multimodal dialogue system by
creating knowledge bases with application-specific interfaces, and plugging them
intn the reiigable SarTK Ond shall T iz nadicularly sacy ta add or remiove modaline
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4 Wolfgang Wahlster

time-stamped hypotheses, so that the fusion process can consider various lemporal

constraints. The key function of modality fusion is the reduction of the overall un-
certainty and the mutual disambiguation of the various analysis resulls. B;-.r_ fusing
symbolic and statistical information derived from the recognition and analysis com-
ponents for speech, prosedy, facial expression and gesture, SMARTKOM can correct
various recognition emors of its unimodal input components and thus provide a more
robust dialogue than a unimodal system,

In principle, modality fusion can be realized during various processing stages
like multimodal signal processing, mulimodal parsing, or multimodal semantic pro-
cessing. In SMARTKOM, we prefer the latter approach, since for the robast interpre-
tation of possibly mecomplete and inconsistent multimodal input, more knﬂw!ﬁd_ﬂ-ﬂ
sources become available on later processing stages, An early integration on the sig-
nal level aliows no backtracking and reinterpretation, whereas the multimodal pars-
ing approach has to prespecify all vaneties of crossmodal references, and is thus
unzble to cope robusily with unusual or novel uses of mullimodality. However, some
early fusion 15 also used in SMARTE . OM, since the scored results from a recognizer
for emotional prosody (Batliner et al., 2000) are merged with the results of a rec-
ognizer for affective facial expression. The classification results are combined in &
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Fig. 8. M3L representation of an intention lattice fragment

on to the action planner. The modality fusion process is augmented by SMARTK OM's
multimodal discourse model, so that the final ranking of the inlention recognizer be-
comes highly context sensitive. The discourse component produces an additional
score that states how good an interpretation hypothesis fits to the previous discourse
(Pfleger et al., 2002). As soon as the modality fusion component finds a referential
expression that is not combined with an unambiguous deictic gesture, it sends a re-
quest to the discourse component asking for reference resolution. If the resolution
succeeds, the discourse component returns a completely instantiated domain object.

Figure & shows an excerpt from the intention lattice for the user’s input “I would
like to know more about this [deictic pointing gesture]”, It shows one hypothesis
sequence with high scores from speech and gesture recognition. A potential reference
object for the deictic gesture (the movie title “Enemy of the State”) has been found
in the visual context. SMARTKOM assumes that the discourse topic relates to an
electronic program guide and the intended action of Smartakus refers to the retrieval
of information about a particular broadcast.
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The presentation planner specifies presentation goals for the text generator, the
graphics generator, and the animation generator. The animation generator selects ap-
propriate elements from a large catalogue of basic behavioral patterns to synthesize
fluid and believable actions of the Smartakus agent. All planned deictic gestures of
Smartakus must be synchronized with the graphical display of the corresponding me-
dia objects, so that Smartakus points to the intended graphical elements at the right
moment. In addition, SMARTK.OM's facial animation must be synchronized with the

planned speech output. SMARTKOM’s lip synchronization is based on a simple map-
ping between phonemes and visemes. A viseme is a picture of a particular mouth

position of Smartakus, characterized by a specific jaw opening and lip rounding.

Only plosives and diphthongs are mapped to more than one viseme.

'l"lru': af the dictinmichinn faamisas af Tus s el mn i%e sem dallie: Banina i sl s
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< presentationTask >
= pregeniationGoal =
< infarm = < informFoous >
<= RealizalionType > list < /RealizationType >
< finformFocus =< finform =
<absiractPresentationContent >
< discourse Topec = < goal > apg_browse</goal > < /discourse Topic >
<informationSearch id="dim24" > wProgram id="dim23" >
< broadeast = < timaDeictic id="dim 18" > now < /imaDeichic
«hetwean>2003-03-20T19:42:32 2003-03-20T22:00:00 < betwaen
< channel > < channel id="dim13% > < /channel =
< /broadcast > </vProgram >
<= JinformationSearch >
< resull = < event >
« piecaOfinformaton >
< bhwProgram id="ap_.3" >
<broadcast> <beginTime > 2003-03-Z20T 19: 50:H < /begin Time =
<andTime>2003-03-20T19:55:00</end Time =
< aviedium > < litle >Today's Stock News < fitle > </avMedium >
< channel>=ARD</channel>=
= fbroadcast>........</event>
< [result>
= /presentatonGoal >
< /presentationTask>

Fig. 9. A fragment of a presentation goal, as specified in M3L

situation, i.e., nothing is canned or preprogrammed. The presentation goal shown in
Fig. 9 is coded in M3L and indicates that a list of broadcasts should be presented to
the user. Since there is enough screen space available and there are no active con-
straints on using graphical output, the strategy operators applied by the presentation

rlammas lasd ba & - sl Bawsmaii #F tha liak mF hemadsaste In an swvas_bysew eibiia.
l.!ll.lllil.'ul e o A 1 S blﬂ!,.lll.ll.lﬂl sy QN Wi k5 Ul GIUDAois. Gl i) e woTieay ol

tion (e.g., when the user is driving a car), SMARTKOM would decide that Smanakus
should read the list of retrieved broadcasts to the user. This shows that SMARTEKOM's
madality fission process is highly context aware and produces tailored multimodal

presentations.
The presentation planner decides that the channel should be rendered as an icon,

and that only the staning time and the title of the individual TV item should be

mentioned in the final presentation.
In the next section, we show how the visual, gestural and linguistic context stored

in a multimodal discourse model can be used to resolve crossmodal anaphora. We
will use the following dialogue excerpt as an example:
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2002). SMARTKOM s three-tiered discourse representation makes it possible to re-
solve anaphora with nonhnguistic antecedents. SMARTKOM is able to deal with
multimadal one-anaphora (e.g., “the third one™) and multimodal ordinals (*the third
broadcast in the list™).

SmarTKOM’s multimodal discourse model extends the three-tiered context rep-
resentation of LuperFoy ( 1991 ) by generalizing the linguistic layer to that of a modal-
ity layer (see¢ Fig. 11). An object at the modality layer encapsulates information
about the concrete realization of a referential object depending on the modality of
presentation (e.g., linguistic, gestural, visual). Another extension is that objects at
the discourse layer may be complex compositions that consist of several other dis-
course objects (Salmon-Alt, 2001). For example, the user may refer to an itemized
list shown on SMARTKOM's screen as a whole, or he may refer to specific items
displayed in the list. In sum, SMARTKOM s multimodal discourse model provides a
unified representation of discourse objects introduced by different modalities, as a

sound basis for crossmodal reference resolution.
The modality layer of SMARTK 0M s multimodal discourse model contains three

types of modalily objects:

Linguistic Objects (LOs): For each occurrence of a referring expression in

SMARTKOM's input or output, one LO is added.
« Visual Objects (VOs): For each visual presentation of a referrable entity, one VO

15 added.
e Gesture Objects (GOs): For each gesture performed either by the user or the

system, a GO is added.

Each maodality object is linked to a corresponding discourse object. The central
layer of the discourse model is the discourse object layer. A Discourse Object (DO)
represents a concept that can serve as a candidate for referring expressions, including
ohjects, events, states and collections of objects. When a concept is newly introduced
by a multimodal communicative act of the user or the system, a DO is created. For
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Fig. 11. An excerpt from SMARTK 0M's multimodal discourse model
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Although SMARTKOM works in multiple domains (e.g., TV program guide, telecom-
munication assistant, travel guide), it supports only restncted-domain dialogue un-
derstanding. Our follow-up project SmartWeb (duration: 2004-2008) goes beyond
SMARTKOM in supporting open-domain guestion answering using the entire Web as
its knowledge base.

Recent progress in mobile broadband communication and semanric Web tech-
noiogy is enabling innovative mobile Intemmet information services, that offer much
higher retrieval precision than current Web search engines like Google or Yahoo!.
The goal of the SmartWeb project (Reithinger et al., 2005) is to lay the foundations
for multimodal interfaces to wireless Intemet terminals (e.g.. smart phones, Web
phones, PDAs) that offer Nlexible access to various Web services. The SmartWeb
consortium brings together experts from various research communities: mobile Web
services, intelligent user interfaces, multimodal dialogue systems, language and
speech technology, information extraction, and semantic Web technologies (sce
hitp:/f"www smartweb-project.org).

SmartWeb is based on the fortunate confluence of three major efforts that have
the potential to form the basis for the next generation of the Web, The first effort
is the Semantic Web (Fensel et al., 2003) which provides the tools for the explicit
markup of the content of webpages; the second effort is the development of seman-
tic Web services which results in 3 Web where programs act as autonomous agents
to become the producers and consumers of information and enable automation of

e
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Fig. 12. The semantic mediator of SmanWeh

methods and machine learning for the automatic annotation of traditional webpages
encoded in HTML or XML, SmartWeb generates such semantic webpages offline
and stores the results in an ontology-based database of facts that can be accessed via
a knowledge server (see Fig. 12). In addition, the semantic mediator of SmartWeb
uses online question answering methods based on real-time extraction of relevant
information from retrieved webpages.

But SmartWeb does not only deal with information-seeking dialogues but also
with task-oriented dialogues, in which the user wants to perform a transaction via a
Web service (e.g., program his navigation system to find the soccer stadium). Agent-
based access to web forms allows the semantic mediator to explore the so-called
Deep Web, including webbed databases, archives, dynamically created webpages
and sites requiring login or registration.

SmanWeb provides a conrext-aware user interface, so that it can support the
user in different roles, e.g.. as a car driver. a motor biker. a nedestrian or a sports
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Fig. 13. SmartWeb: open-domaim and multimodal question-anwenng

young research field many foundational questions are still open, so that intensive
research on multimodality will be needed throughout the next decade. Our research
roadmap for 2006-2010 shown in Fig. |4 outlines the research agenda for mult-
modality (Bunt et al., 2005).

Three “lanes” in the road identify three areas of research and development, in-

cluding empirical and data-driven models of multimodality, advanced methods for
miltimadal rommomicatian and taallite far miliimndal evefeme Froam 2006 ta 2000
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awarded tenured proflessorslup. 66 young researchers have finished their master’s or
doctoral theses in the context of the SMARTKOM project.

SMARTKOM's MULTIPLATFORM software framework (see Sect. 6) is being
used at more than 15 industrial and academic sites all over Europe and has been se-
lected as the integration framewark for the COMIC (COnversanonal Multimodal In-
teraction with Computers) project funded by the EU (Catizone et al., 2003), SMART-
KoM's multimodal markup language M3L had an important impact on the definition
of MMIL, which 18 now actively used in the 150 standardization effort towards a
multimodal content representation scheme in [S0's Technical Committee 37, Sub-
committee 4 “Intermnational Standards of Terminology and Language Resource Man-
agement”. In addition, M3L had an obvious impact on the W3C effort towards a
standard for a natural language semantics markup language (see http:/fwww, wl.org/
TR/nl-spec/).

The sharable multimodal resources collected and distributed during the SMART-
KoM project will be useful beyond the project’s life span, since these richly an-
notated corpora will be used for training, building, and evaluating components of
multimodal dialogue systems in coming years. 448 multimodal Wizard-of-Oz ses-
sions resulting in 1.6 terabytes of data have been processed and annotated (Schiel
et al., 2002). The annotations contain audio transcriptions combined with gesture

and emotion labeling.
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Facts and Figures About the SmartKom Project

Anselm Blocher

DFKI GmbH, Saarbrucken, Germany
blocherfdfki . de

Summary. The SMaRTROM project valogne-Based Human Compuier fnreraciion by Coor-
diveaied Analvsis and Generation of Multipte Modalities was one of six lead projects in the area
of human computer interaction funded by the Federal Ministry of Education and Research and
the Federal Mimistry of Economics and Labour of Germany, We describe the mtention of this
initiative and summarize the organizational and funding structure of the SMARTEKOM project.
The final functicnalities of the demonsiraior system are compiled as well as an overview of
the reception of the project in the research community and in the media.

1 Lead Projects in Human Computer Interaction

In 1998 the Federal Govermment of Germany initiated an ideas competition for lead
projects on human computer interaction. Based on the main interaction and com-
munication means of humans including speech, gestures, facial expressions, haptic
signals and visualization and integrated in a multimodal approach these projects were
to develop new assistance systems and agents for intelligent information and knowl-
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Fig. 1. The SMarTEOM consoriium

2 SmartKom: A Lead Project in Human Computer Interaction

The SMARTKOM project was designed as a four-year initiative. The network plan
was set up in spring 1999 defining nine subprojects with a total of 70 workpackages.
Within the twelve research groups (see next section) a total of 218 person years were
allocated. The project started September 1, 1999 and ended September 30, 2003,

2.1 The SmartKom Partners

The SMARTKOM consortium consisted of twelve partners, integrating research cen-
ters, large-scale industry, SME and universities (see Fig. 1).

= Research centers:
- German Research Center for Artificial Intelligence GmbH,
Kaiserslautern and Saarbriicken (DFKI, Main Contractor)
— Furnnean Media Laboratory GmbH. Heidelbere (EMLY
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industrial partners contributed 60% of their costs.

Table 1. Funding
rBI'ﬁ"I BFaFum'Ting,. 01091909 - 30,00 2003 16.8 Mio, "Eh
lnd.ust!ia.l and SME investment 2.9 Mio. &
Owverall volume 25,7 Mio. €

The project was conirolled by the German Aerospace Research Establishment
(DLR), Berlin (see Fig. 3).
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P—.-.-.-.-.-_...._.-.-.-._..._._.I.-......._

0% -00 08 2000 Module coordination Slasltgart
14122000 | Module coordination Mumich
14.-15,03.2001 | System integration Kaiserslastern
18.-19.04 2001 | Function modeling Stutigan
26.06.2001 | Module coordinanon Ulm
05.-10.10.2001 | Sysiem miegration Kaiserslautern
13.11,2000 | Module coordination Saarbriicken
15.01.2002| Module coordination Stutigart
10.-11.04.2002 | Doman ontology XML SaarbrickenHeidelberg)
1B.-19.06.2002 | System inlegration Kaiserslautern
FE.02.2003 | Module coordination Kasserslautern
19.05.-20.05.2003 | UserState processing Saarbriicken

agers all important decisions concerning interface definitions, offline data flow, de-
livery schedules, and integration cycles were prepared, discussed and communicated.
The implementation process was tightly monitored and supervised. It also provided
contact points for the Scientific Management and gave feedback to the SMARTKOM
Steering Committee.

Beside numerous bilateral and multilateral workshops, 17 large project meetings
were held to discuss the scientific mamers, to fine-tune details of the realization pro-
cess, and to synchrenize the inter-module communication (see Table 3).

Table 4. Project sicering and review meetings

joct steering meetings

ngs| FProject review meetings
052000 Swiigart Bunich

22.05.2001 | Heidelberg Saarbriicken

10.05.2002 | Heidelberg 05.0%.2003| Stngarn

2.4 Reviews and HCI Events

The SMARTKOM reviewers and the BMBF/DLR were informed in three milestone
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than 1000 slides. In the accompanging demonstration sesssions the current SMART-
Kom systeins were shown and industrial SMARTKOM spin-offs of the partners were
first presented.

In the ramework of the six HCI lead projects two Intemational Status Confer-
ences were held to reach a high degree in visibility both in the international re-
search community and in the media. In order to optimize the cooperation with and
to strengthen the undersianding of the HCl partner projects several workshops on
topics of general interest were organized (see Table 5).

Tahle 5. HCI events

Date HCI event
28.09, 1999 HCI Start Meeting
20,00 MWK | WS Multimodal Interaction and Modeling
29.01.2001 |HCI Congress
22.02.2001 | WS Domain Modeling and Ontologies
17.05.2001 | WS Architecture
03,07 2001 | WS Tracking
25.09.2001 | WS Adaptivity
W SRR F | ] i s LTl

Al AN T s Ve e W e TR D
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VCR control

Ooff Wind/rewind

Record Programiming using EPG

Play and the calendar

Pansze &
Lean-Forward! Select Lean-Backward Context-aware presenialions
Lean-Backward Dreactivate Lean-Backward 3
Total Home = 18
Public
Telephone Manipulative key operations  Audio handling

Telephony fumctions Address book 4
Hand comtour biometry Selection of biometry type Preseniation and camera control

Hand contour biometry Address book (see above) k
Voice biometry Presentation and audio control Address book (see above)

Woice biometry selection of biometry type

{see above) 2

Signature biometry Presentation and tablet control Address book (see above)

Signature biometry Selection of biometry type

(see above) 2

Fax Presentation and interaction  Address book (see above)

Fax handling Camera confrol 3
E-mail Presentation and interaction  Address book (see above)

E-mail handling Camera control {see above) 2
Cinema General program Seal reservation
| Mowie information Cinema location a
Trtal Paklie e
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The economic dnd scientific impact of the SMARTKOM project is described in
Wahlsier (2006), A list of SMarRTROM-related scientific papers, keynotes, talks and
presentations is available at the web site hiipi//www.smartkom.org.

3.2 Public Relations

SMARTKOM has been shown at two press conferences and in various presentations
to a large number of representatives of science, industry and politics (see Table 7).

Table 7. Press conferences and highlight presentations

Press conflerences
14,12 2000 Munich
05.09.2003 | Swtigan

Highlight presentations e
03,-07.09.2001 [EUROSPEECH'0I

22.05.2002| Dr. Angela Merkel (Party President CDU)

22 08 2002 | Josef Brauner (Deutsche Telekom AG)
Saarland Minister for Economic A ffairs and Labour Dr. Hanspeter Georgi
26.08.2002 |German Federal President Johannes Rau
Minister President of the Saarfand Peter Miller
Saarland Minister for Education, Culture and Science Jirgen Schreier
President of Saarland University Prof. Margret Wintermaniel
17.-20.09.2002 | ICSLP"02

07.01.2003|EU executive Mr. Horsl Forster

24.09.2003 | Indian State Secretary of the Department of Science and Technology

Prof. V. 5. Ramamurthy
03.12.2003 | Information Day “Mensch-Technik-Interaktion: Impulse fiir den Maschi-

nenbau™ of the German Engineering Federation (VDMA)

18.-24.03.2004|CeBIT 04
11.05.2004 | German Language Technology Congress “LT Summit™ at DFKI
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29.09. 2002 ZDF “hewe™

05.09.2003 | Saarlindischer Rundfunk “Aktueller Bencht”
03.02.2004) ZDF “heute-journal”

O8.10.2004| 3sm “Nano - Die Welt von Morgen™
Selected press articles

]
0303, 1999 Saarbribcker E_eilung Boru [Girders Saarbriicker Foracher mir Millionen
15031999 "t Rechner aofue Tustabur and Mawus

22031999 | Computerwarld Nier wegbemnan kevier svem sich niefie

(6. 10, 1999 Technisch Weekblad Spraakeestinnde darbankproiecien

30000 2001 | Die Well Eine Maschine verstelt Gesten des Menschen

19.02.2001 | Handelsblait Sprechen und Zeigen stait Tippen

23032001\ VDI nachnichien Maschinen lesen Wiinsohe von den Augen ab
01.06.2001 | c'ti-News Maschine versiehr Sprache, Gesten und Augenbewegnngen

(07.06.2001 | ComputerZeitung Mimik und Augenbewegungen stewern Computer
04.02.2002 [CHIP Er hirt aufs Wort

12.03.2002| Frankfurter Allgemeine Zeitung Sprich mir mir
14.03.2002 | Financial Times Deutschland Versrdindige Maschinen

22042002} Salzburger Machrichten Online Dewscher Zukunfispreistrédper entwickelr eimen
Computer-Butler ahne Manus wnd Tastanir

06/2002| Spektrum der Wissenschafi Redselige Chips

27.08.2002) Saarbricker Zeitung Mir dem Bus zum rofen Teppich
28,00 2002 | Handelsblatt Maschinen, die Menzchen besier verstehen

08.10.2002 | Stiddentsche Zeitung Grimassen fiir den Computer
262002 e* Talkmaster

105,07 200% | Hindugtan Times Talliie sassnater dn the malbinoe
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To give a deeper insight into the final SMARTKOM system, its scenarios, appli-
cations and functionalities and into multimodal interaction in general terms, videos
— in English and German — can be downloaded from the SMARTKOM web site
hup:/fwww.smartkom.org:

o SMARTKOM Complete: Covering all three scenarios Public, Home and Mobile
MMARFT = 170 MR
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An Exemplary Interaction with SmartKom

Morbent Reithinger and Gerd Herzog

DFEI GmbH. Saarbriacken, Germany
{reichinger, herzog tadiki. de

Summary. The different instantiations of the SMARTKOM demonstration system ofer a
broad range of application functions and sophisticated dialogue capabilities. We provide a
first look at the final SMARTKOM prototype from the point of view of the end user. In partic-
ular, & fypical interaction sequence is presented in order to illustrate the functionaliy of the

intaern e msilvimodal dialnooaes sustiem
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42 Morbert Retthinger and Gerd Herzog

2 From Dialogue Drafts to Dialogue Protocols

For a large, distributed project it is necessary to coordinate the design and develop-
ment efforts on various levels. One important task is to agree on those dialogue steps
and discourse phenomena that the system should be able to process. At the begin-
ning, the different scenario experts performed user studies (see, e.g., Horndasch et al,
(2006)). The goal was to come up with preferred interaction metaphors and interac-
tion sequences that should be realised. In addition, the wizard-of-oz data collection
{Schiel and Tiirk, 2006) provided imporant insights concerning natural interaction
SEQUENCES.

With this in mind, we designed a template for dialogue descriptions, which were
the basis for the communication between interface designers and scenario cxperts.
The idea was to collect all relevant information for tums, i.e., input/output sequences
between end user and system, and tum sequences that were to be realised.

Figure 1 shows a typical excerpt from such a document and presents one turm for
the English Mobile scenario. A tumn description staris with possible inputs from the
user. The list of utterances is not exhaustive and contains category types like names.
The explanatory notes section below contains remarks about the processing of these

B e PRTY T PORCA G WA S, ] i tpen, SRS, ~Cpege o P | ' G S L SRR o M GO T R e
LLEpFIL ULESLARIGES., L WS TARIIPIG, 1L COTalls abl Snuiss ol e CRgisn o

dinlD ISA LR

for sights in the town of Heidelberg. This is also the place to document limitations
of the system, The turn description ends with possible verbal system reactions and
example screenshots.

Initially, we took the interaction deseriptions as defined by the scenario experts
and wrote one document for each functionality. The documents have been made
available via the SMARTKOM intranet for project-wide discussion and potential en-
hancements. During the realization phase, the information in the descriptions was
further augmented with real processing results from the system. The scenario ex-
perts, who sometimes had no immediate access to the latest version of the develop-
ment system, could then comment on the results and provide feedback. To ensure
consistency, the head of the system integration group was in charge of all additions
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smartk o Dialeg Descreption english.doc
pherd Herrng Page 3 of 1K 13 0320030
Faasnpile dioksg for the English demmstmior, which is based on ibe mohile scemano wigh
imcgried rouse planmng

ST A7 < SenariEom syslom, fodoe gerany | USRD = User, <irer o

G Turn -
SR |
ay Where v a Cerepen®
bnj  Shaw me n Cnfegory. Non-exhaustive
el Shaw me Cprepnn list of possible
| i Whar Cutegory are tlvere? user ulterances
| el Show e nnap with ﬂu:-m plrase,
i 1 am looking for &
g 1 m loaking far sCategnry.
| Explanatory Mo
Al phiccts of the grves type will Be shown oo the map. In addis Rl-l'ﬂ-il‘ﬁ_! about
types, spocific lovation names way be wed o well. processing
The English base lexicon aligady conmuss tse followmg sighis M

| Bridioe, Saur Pewrs Church, Grove Marker, Patals Moress, Castle and the following rames
| for ohgect calepories. cimeck, mpuore, cinces, mnseum, ot pub, pork Mealir, faragy,
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the corresponding data exchange. On the wop of the page, there are two screenshots
which are the result of the previous user interaction, where the user asked for the cin-
ema program. The next message in the protecol contains the best hypothesis of the
speech recogniser, followed by the word chain that has been selected as the basis for
input interpretation in the system. The chosen hypothesis can be different from the
best chain since the speech analysis module is able 1o parse the complete word lattice
in order to select the most appropriate semantic interpretation. The next entry repre-
sents the derived user intention, which is used by the action planning component 10
select a suitable system reaction. In this case, the style sheet transformations create
a compact predicate-argument structure from the original M3L description, which
condenses the sometimes rather Iengm}r XML markup Finall:r the 53..'5::“1 output 15

Y LIr | [ S S
gt

ELE dd @ Ll JTLINES, 1 lowed |-||'_}' |-“|: Illlﬁ-t ol l:'._lb'bllul UI lI.IE ﬂlll[i-tfliﬁu PrEseit H-F"-l'l-l'll
In the end, the final dialogue descriptions and meaningful protocols of current

interactions provide a comprehensive overview of the detailed capabilities of the
multimodal dialogue system.

all el

3 An Extended Example Dialogue

In this section, we will walk through an example dialogue to provide the reader with
a feeling of how the actual system works. As the public information kiosk integrates

most of the functionality and features of SMarRTKOM (Berton et al., 2006; Homn-
dasch et al., 2006: Malaka et al.. 2006: Partele et al

26 the aresentation will
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the cinemas are. This is particularly important, if, for example, a movie is playing at
various theatres. Smartakus provides as spoken information:

{3) Sys: Hier sehen Sie die Filme die heute abend laufen, Auf dieser Karte sind

die Kinos markiert.
{ These are the movies plaving tonight. The cinemas have been marked on the

e}
Our user recalls that there is a new movie with Amold Schwarzenegger, so she

asks:

(4) Usr: Welche Filme mit Amold Schwarzenegger laufen denn?
{Are there any movies featuring Amold Schwarzenegger?)

It should be noted that the words “Amold™ and “Schwarzenegger” are not in the
base lexicon of the system, The result of a database query—in this case movie titles
and names of actors—may contain words that are not in the lexicon of the speech
recognizer or the speech synthesis component. Hence, those modules have to be
informed about possible words the user or the system might utter when presenting

or addressing the titles, actors and other information. In SMARTKOM, the dedicated
ronzy et al., 2006) creates the phonetic transcriptions for new

lexicon module (Goronzy et al | 2(06) creates

e

terms—since titles are often in foreign languages it has to provide pronunciation
variants—and propagates the added lexicon entries to the speech modules.

The user query results in an information display that contains only movies with
Arnold Schwarzenegger, as shown in Fig. 5 on the left side. The system utters:

{5) Sys: Hier sehen Sie die Filme die heute abend laufen.
{These are the movies playing ronight. )
MNow the user employs multimodality and, while poinfing to one of the movie
tiles, says:
(6) Usr: Gib mir Informationen zu diesem.
{Give me information about this one. )
SMARTKOM replaces the movie information frame and displays the description
for this specific film (see the enlarged display in Fig. 5, on the right), telling the user:
(7) Svs: Ich habe diese Informationen zu “Terminator 3 — Rebellion der
Maschinen™.
(I have got this infermation about “Terminaror 3: Rize of the Machines®.)
The user wanis to visit this cinema showing with her friend and tells Smartakus:

(8) Usr: Bitte 2 Kanten fiir diesen Film reservieren.
{Please reserve 2 seats for this film.)
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{18) Svs: Bitte nehmen Sie es jetzt wieder weg.
{ Please remene iF o )

The system displays the scanned document in the scanming area (see Fig. §, on
the left) and finally sends il via electronic mail.

{(19)8vs: Das Dokument wurde aufgenommen. Das Dokument wurde

abgeschickt.
i The dacumeny Has been seamned. The docioneni has beent sent., )

The user is satisfied with SMARTKOM and leaves the system to meet her friend,
saying:

{20} Usr: Tschau.
(Cennd b, )

(21) Svs: Auf Wiedersehen,
{See you again. )
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The SmartKom Architecture:
A Framework for Multimodal Dialogue Systems

CGierd Herzog and Norbert Reithinger

DFKI GmbH, Saarbriicken, Germany
{herzog, reithinger }adfki .de

Summary. SMarRTKOM provides an adaptive and reusable dialogue shell for multimodal
interaction that has been employed successfully to realize fully-fledged protolype systems
for various application scenarios. Taking the perspective of system architects, we review the
overall design and specific architeciure framework being applied within SMARTKOM. The
basic design principles underlying our approach are described, and the different instantiations
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and thus provides a generic way to control the applications.

s Presentation design: Given a system intention, the information to be conveyed
needs to be transformed into coordinated multimodal output. This functional
block constitutes the first stage of modality fission and deals with the overall
organization of the intended multimodal presentation. It includes in particular
subtasks like content selection, media and modality allocation, layout design,
and coordination.

e Modality-specific media design: In close cooperation with the presentation de-
sign stage, the processing on this layer is specifically concemed with the conver-
sion of abstract content structures into presentable media objects.

» OQutput rendering: The final function block comprises the technical means to

Page 618 of 1206



sis, execution, and generation. It does not rule out additional interconnections. The

individual components of the system could be regarded as communicating processes
rather than just pipeline stages.

If the system designer now refines this high-level architecture, various additional

aspects have to be considered (Bunt et al., 2001}, mcluding

Declarative data models: The benefits of a flexible and configurable knowledge-
based approach can only be exploited if system design strictly follows the prn-
ciple that there should be no processing and presentation without explicit repre-
sEntation.

Time-coordinated parallelism: Madality-specific analyzers and generators run in
parallel, Therefore the analyziz and generation of events must be coordinated,

AEEL Y e e e

and the architecture must support this behaviour. Especially important are tume
constraints on processing as well as the provision of iming information within
data formats.

Standardised interfaces supporting the handling of probabilistic information:
Modality recognizers usually provide altemative interpretation hypotheses aug-
mented with information about the recognition quality. The design of the integra-
tion platform has to support the maintenance and handling of multiple, competing
hypotheses.

Incremental processing: It cannot be assumed that only complete representations
are passed between the function blocks in the system, Increments of information,
either originating in the user’s input style or caused by processing methods, must
be handled properly in the system.

[terative development: A complex multimodal system usually starts from a lim-
ited core of modalities and functionalities, Step-by-step, the coverage of the sys-
tem is extended, with new input/output modalities being added. Therefore, the
design must be exiensible, not limiting additions by hardwired interaction and
control paths. This requires accessible interfaces and extensive suppont for de-
bugging and monitoring.

Distributed development: Depending on specific organizational and technical
constraints, software modules from various sites and with different backgrounds
have 1o be integrated. For instance, it is very typical that off-the-shelf recognizers
are to be used together with bespoke analysis components.
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3 SmartKom as an Adaptive and Reusable Shell for Multimodal
Dialogues

SMARTEOM represents a new generation of multimodal dialogue systems, dealing
not only with basic modality integration and synchronization but addressing the full
spectrum of dialogue phenomena arising in multimodal interaction ( Reithinger et al.,
2003b; Wahlster, 2002). With a clear focus on reusability, SMARTKOM has been
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the same approach is followed with respect to the output devices that are needed for
the rendering stage.

Modality-specific input analysis can be modulanzed into separate components,
and it has proven useful 1o differentiate further between modality-specific recogni-
tion, Le., processing of sensory data on the lexical and syntactical layer, and subse-
quent semantic interpretation of the dernived symbolic representation.

Interaction management within SMARTKOM comprises several components. The
main task of intention analysis is to select the most plausible input interpretation
from the given set of hypotheses. Action planning constitutes the heart of dialogue
control and is backed by a supplementary help component that is activated whenever
difficulties occur during the interaction or if additional help is needed. The main pro-
cessing stages are supported by different components that actively maintain shared

knowledge sources:
The multimodal discourse model is utilized for the semantic and pragmatic inter-

L
pretation during input and output processing. It is dynamically updated as system
output progresses and performs contextual reasoning and scoring.

¢ Contextual information, as it is needed to handle references to situative parame-

ters like current place and time, is provided by the context model.
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data format for the representation of structured information employs XML notation.
XML, the eXtensible Markup Language, provides a flexible standard for the defini-
tion of specific data exchange formats that ensures interoperability between hetero-
geneous software components.

In the context of the SMARTKOM project we have developed M3L (Multimodal
Markup Language) to cover all data interfaces within the entire multimodal dialogue
system in a declarative way. Instead of using several unrelated XML languages for
the various information flows, we aimed at an integrated and coherent language spec-

ification, which includes all substructures that may occur on the different communi-
cation links.

<¥uml weraloo=*1.0% nnmding-"ﬂnrﬂ-ﬂ.ﬂ;l'?:-
‘<inmtentionlattices
<latticeStart>2003-01-24T11:01:55.000</latticeStaEts 4—

— Time slamp
<latticeluration>»PT3.025<flatticeiurations
<hypotheslsbaquancess

<hyporbesisSequancas
LRCOCEF

casuroeracousticd/ sourced<valuas0, B2/ values S
| </score> g Confidence in speech
| <scome>

recognilion résull
<scurcargesture</source><valuesD.13</valuss Enl
1 «fmoore>

LHOODeE>

Confidence in gesture

| Jﬂum:-um!urutundingﬂflnurmﬂmtn}ﬂ.ﬂi-:_fwlm} recognition result
scarer
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S TR understanding result

| £dd scoarseStatoa>
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by-step. A typical example of such a complex M3L expression is shown in Fig. 3. The
partial histing contains a so-called intention lattice that represents the interpretation
result For a multimeodal user input which combines a verbal information request (“Tell

me more about this film™) with a pointing gesture,
Conceptual taxonomies provide the foundation for the representation of domain

knowledge as it 15 required within a dialogue system to enable a natural conversation
in the given application scenario. In order to exchange instantiated knowledge struc-

tures between different system components they need to be encoded in M3L. The
corresponding parts of the M3L definition are derived from an underlying ontology

that captures the required terminological knowledge (Gurevych et al., 2003). For ex-
ample, in Fig. 3 the representation of the event structure inside the intention lattice
originates from the ontology. M3L can easily be updated as the ontology evolves

while novel application domains are being modeled.

4 Instantiations of the Generic Architecture

The SMarRTKOM architecture framework is designed to support a wide range of
enllaharative and multimaodal dizloeues that allow vsers to intuitively and effcienthy
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2003). Tt is basically a wrapper for a complex multiagent system, which in fact relies

on a different kind of middleware solution than the publish-subscribe style used to
interconnect the SMARTK.OM components.

4.3 Mobile Travel Companion

SMARTROM-Mobile provides a travel companion that can be used inside the car
and while walking around. This application scenario comprises typical services like
integrated trip planning and incremental route guidance through a city via GPS. Out-
side the car, the user operates the system using a handheld computer as a front end.
Inside the instrumented car, the onboard equipment of the vehicle is used for display-
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provide mmcrenental route guidance.
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KoM provides an adaptive and reusable dizlogue shell that has been employed suc-
cessfully to realize fully-fledged prototype systems for various application scenarios.

SMARTKOM is based on an open architecture for multimodal dialogue systems
that 15 fexible and adaptive. All available components can be reused directly, and
modular organization into different service components simplifies the integration of
application-specific functions. With respect to the dialogue backbone, the realization
of new application scenarios primarily becomes a knowledge engineering task in-
stead of an extensive programming exercise. In order 1o extend the domain-specific
dialogue behaviour, mainly the component-specific declarative knowledge sources
have to be adapted. The generic SMARTKOM architecture with its core components
and their interconnections promises to provide a solid l:nas: slructure, even in cases

whars a suctamirod soliisadal dia e meendame wen

o g e e el el e
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Modeling Domain Knowledge:
Know-How and Know-What
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Summary. The approach to knowledge representation taken in the multimodal, multidomain,
and multiscenario dinlogue system — SMARTKOM — is presented. We focus on the ontolog-
weal and representational issues and choices helping to construct an ontology, which is shared
by multiple components of the sysiem and can be reused in different projecis and applied o
various tasks. Finally, two applications of the ontology that highlight the usefulness of our

approach are described.

1 Introduction

The ways in which knowledge has been represented in multimodal dialogue systems
(MMDSs) show that individual representations with different semantics and hetero-
geneously structured content can be found in various formats within single natural
language processing (NLP) systems and applications. For example, a typical NLP
system, such as TRAINS (Allen et al., 1996) employs different knowledge represen-
tations for parsing, action planning, and generation, despite the fact that what is being
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2 The Representational Formalism Used

We give a brief outline of the formalism pertinent to the following description of
the ontology. Various standardization efforts oniginating, e.g., in W3C and Semantic
Web projects came up with a number of several knowledge modeling standards: Re-
source Description Framework (RDF ). DARPA Agent Mark-up Language (DAML),
Ontology Interchange Language (OIL) and Web Ontology Language (OWL). ? The
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data (Baker et al., 199%). Based on the analysis of our dialogue data, we developed
the following classification of processes (Fig. 2):

GeneralProcess, a set of the most general abstract processes such as duplication,
imitation, or repeition processes

MentalProcess, a set of processes such as cognitive, emotional, or perceptual
processes

PhysicalProcess, a set of processes such as motion, transaction, or controlling
processes

Social Process, o set of processes such as communication or instruction processes

The MentalProcess subtree includes CogniriveProcess, EmotionProcess, and
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henited by all subclasses of the Process class.

An EmetionExperiencerSubjectProcess inherits the slots of the Process class,
among them the slot theme that can be filled with any process or object (the basic idea
is that any physical entity or the performance of any process can become an object
of someone’s emotion). 1t also has several additional properties such as experiencer

to denote the one who undergoes the process, and preference o define the attitude an
expenencer has to the object of its emotion.

3.3 Ontology Instances

Consider the definition of the InfermartionSearchProcess in the ontology, It is mod-
eled as a subclass of the Cognitive Process, which is a subclass of the MentalProcess.
Therefore it mherits the following slot constraints: begin-time, a time expression in-
dicating the starting time point; end-time, a time expression indicating the time point
when the process is complete; stare, one of the abstract process states, e.g., start, con-
linue, interrupt, ete.; and cognizer, filled with a class Person including its subclasses.

The InformationSearchProcess features one additional slot constraint, piece-af-
information. The possible slot fillers are a range of domain objects, e.g., Sight, Per-

Sormance, or whole sers of those, e.g., TvProgram, but also processes, e.g., Control-
lingTvDeviceProcess. This way, an utterance such as:?

(1) I hine gerne  Informationen zum

Sehloss
I would like nformation

about the castle
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TimeDyration and TimeExpression. respectively. The class AvEntertainment fea-
twres itwoe addiional slots: langoage, whose filler 15 an individual Langnage, and
av-mediom, whose hiller 15 a class AvMedim. The class AvEmtertainment has fur-
ther subclasses — Broadcast, which represents an individual entry in a TV program,
and Pedformance, which models an entry in a cinema program. Both of them inherit
the slots of the superclasses Entertainment and AvEntertainment, while also featur-
ing their own additional slots, e.g.. cliennel and showview for the Broadeast, cinema
and sear for the Perfermance. This feature can be effectively utilized by a specific
dialogue nterpretation algorithm called OVERLAY(PRAeger et al., 2002).

4 Applications of the Ontology

There is no agreed methodology for ontology evaluation. In our opinion, the useful-
ness of an ontology can be evaluated by examining the ways it 1s employed within
the system, allowing us 1o draw tentative conclusions as for the reusability of the
ontology and its portability with respeet to new applications and NLP tasks. The
ontology described here is used by the complete core of the system, i.e., as a knowl|-
edge repository and model for language interpretation. discourse modeling, intention
recognition and action planning ( Engel, 2002; Lockelt et al., 2002: Alexandersson
and Becker, 2003; Gurevych et al., 2003b; Porzel et al., 2003b). In the next sections

we describe some examples of the usage within the project.

4.1 Semantic Coherence Scoring

One of the major challenges in making an MMDS reliable enough to be deployed in
maore complex real world applications is an accurate recognition of the users’ input.
In many cases both correct and incorrect representations of the users” utterances are
contained in the automatic speech recognizer's n-best lists. Facing multiple repre-
sentations of a single utterance poses the question, which of the different hypotheses
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For example, in our data (Gurevyeh et al_, 2002) a user expressed the wish 1o gel
more information about a specific church, as:

(3) Kamn ich bitre  (nformationen zur

Heiligpeistkirche
May 1  please information  about the Church of Holy Spirit
bekommen
get

Looking at two SRHs from the ensuing n-best list we found that Example 5 consti-
tuted a suitable representation of the utterance, whereas Example 4 constituted a less
adequate representation thereof, labeled accordingly by the human annotators:

(4) Kann ich Informarion zur Heiliggeisikirche kommen
May | information aboutthe Church of Holy Spirit come

(53) Kann ich [Information zur
May 1 information

Heiliggeistkirche pekommen
about the Church of Holy Spirit  get

According to the lexicon entries, the SEHs are transformed into two aliernative
concepl representalions:

CR|:{Person; Information Search Process; Church; Motion Directed Transliter-

k] Preence 'L'
S0 FTOUCES Iy

CRa:{Person; Information Search Process; Church; Transaction Process}.

The scores are normalized as numbers on a scale from 0 to | with higher scores
indicating better semantic coherence. Then, the resulting score assigned to Example
4 is 0.6, and the score of Example 5 is 0.75. The evaluation of the method against
the hand-annotated corpus has shown that it successfully classifies 73.2 in & German
corpus of 2.284 speech recognition hypotheses as either coherent or incoherent, given
a baseline 54.55 from the annotation experiments (the majority class).

Semantic coherence scoring method has been successfully applied to the task of
identifying the best SRH in the output of the automatic speech recognizer (Porzel and
Gurevych, 2003). Its additional application is the caleulation of a semantic coherence
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such as a discourse manager. The increasing employment of XML-based interfaces
for agent-based or other multiblackboard communication systems sets a de facto
standard for syntax and expressive capabilities of the information that 15 exchanged
amongst modules. The content and structure of the information to be represented
are typically defined in corresponding XML schemata (XMLS) or document type
definitions (DTD).

As discussed above, omelogies are a suitable means for knowledge representa-
tion, e.g., for the definition of an explicit and detailed model of a system's domains.
That way, they provide a shared domain theory, which can be used for communica-
tion. Additionally, they can be employed for deductive reasoning and manipulations
of models, The meaning of ontology constructs relies on a translation to some logic.

Thie waw tha miersacs malicatinne nf ctatemente s 0  whethar a slace cam ha re_
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Summary. The human machine interaction of SMARTKOM is a very complex task, defined
by natural, spontaneous language, speaker independence, large vocabularies, and background
noises. Speech recognition is an integral part of the multimodal dialogue system. It transforms
the acoustic input signal into an orthographic transcription representing the utterance of the
speaker. This contribution discusses how to enhance and customize the speech recognizer for
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2.1 Feature Transform and Classification (Vector Quantization )

The second black of the speech recognition engine (Fig. 1) includes feature transfor-
mation and classification. After signal analysis 9 adjacent mel-frequency cepstrum
(MFC) feature vectors (covering 90 ms of the input speech signal) were combined to
form a 117-dimensional super-vector. Linear transforms such as linear discriminant
analysis (LDA) or principal compoenent analysis (PCA) can be applied to reduce the
veclor dimension, from 117 to 32 in our case. Transformed vectors have an inherent
component ordering; the first component is the most important one for separation
or reconstruction, resp. Transform matrices are computed during forward/backward
training of acoustic HMMs. Both transfonns yield very similar recognition results
with LDA slightly superior to PCA,

Transformed feature vectors are vector-quantized (VQ) with a Gaussian classi-
fier consisting of 1024 classes with a full covariance matrix {full matrix inverse) for
each class. Due to the symmetry of covariance matrices and inverses, 33*34/2=36|
parameters have to be stored for each class, i.e., 561 * 1024 parameters for the whole
classifier. Taking advantage of component ordering, classification can be performed
in a hierarchical structure of classifier levels. Each level takes into account eight
components of a transformed input vector; The first level uses the eight most impor-
tant components and estimates likelihoods for all classes, The second level then adds
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Context-dependent models of diphthongs and vowel—r combinations.e.g., [...all...|
as in “Baum” or |...06...| as in “don™

Context-dependent triphone or generahzed triphone models, biphone and mono-
phone models as usual

Model parameters are trained with the well-known forward/backward algorithm
in an iterative manner, with four training sleps in our case:

|. Silence and background noise models, keep all other models fixed
2. + Whole word, alphabet, nonverbal utterances, monophone models

3. + Initialize triphone and syllable group models with monophone parameters and
train the complete model sel wogether
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e  HMMs as described above
A lexicon tree constituted rom HMMs and the recogmizer vocabulary, which

may be updated dynamically
A class-dependent language model (LM) for the active vocabulary, which may

be updated dvnamically, too

The nades of the tree represent states of HMMs; the arcs represent transitions to
other states with associated state-transition probabilities and approximated LM uni-

gram and bigram values.
Decoding is performed on frame-by-frame basis:

For each frame vector represented by V() classes and likelihoods, observation
probabilities are computed for all states, This requires approximately 7300 * 8.0

* 100 == 6,000,000 operations (multiply/add) per second.
Using these acoustic probabilities, all active paths through the lexicon tree are ex-

tended for one frame. At word ends (leaf nodes of the tree) we not only store the
best path and its associated word sequence, but we also store all promising word
candidates forming the so-called word hypotheses graph (WHG). The nodes of
this graph represent time stamps, and the arcs represent words with associated

acoustic probabilities.
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One of the common expectations that the majority of state-of-the-art dhalogue sys-
tems do not meet is that the user can interrupt the system anytime, even while the
system speaks to the user. This functionality that allows the user to speak his request
while the system is speaking is called Barge-In. The user expects an appropriate
system response to the request on interpretation fevel. This kind of interaction re-
lates to all modules of the dialogue system. Barge-In can be applied in the following
SCENArios:
1. Shortcut: e.g., early selection of a list item (before the end of the list)

2. Cancel: e.g., interruption due to misunderstandings or irrelevant system output

3. Back-channel: maintainance of the communication by the user during long sys-
tem outputs (e.g., user utterance of “Uhm")
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Fig. 2. Technical setup of the echo cancellation in the SMARTKOM system

speech uttered by the user. The noise signal N (system response) is simultaneously
recorded with the input signal § from the microphone on a different channel of the
audio device (Fig. 2), since only synchronous computation allows for canceling the

S¥slem response.
The following three tasks of an echo canceler can be distinguished:

l. Estimation of the signal impulse response of the system output (variation of the

signal between loudspeaker and microphone)
2. Convolution of the speaker output signal with the system impulse response

3. Substraction of the microphone signal after convelution

The impulse response consists of the room impulse response and the impulse re-
sponse of the loudspeaker and microphone. It is iteratively estimated by the language

model score (LMS) algorithm.
The echo cancellation has been implemented in cooperation with Medialnterface

Dresden. DaimlerChrysler provided the echo cancellation algorithm, and Medialn-
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signal. The stationary noises that will be substracted from the signal can be esti-
mated in speech pauses. The SPS requires a well-working voice activity detector,
which segments the signal. The automatic gain control that has been implemented to
improve voice activity detection will be described in Sect, 3.3,

We also investigated a new technique for robust speech recognition, namely the
missing data method. This method assumes that not all frequency bands are dis-
torted by noise. The aim of our investigations was to recognize speech only in the
nondistorted frequency bands. The selection of nondistoried bands proved to be very
difficult. The method performed better on noisy speech than a speech recognizer that

was trained only on clean speech, but worse than a recognizer also trained on noisy
speech.
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properties of the feature streams: the PLP features cover the short-term properties
of the signal (about 20 ms), while the M3G features represent the long-term char-
acteristics (about 2 5), like reverberation. However, the new methods did not prove
successful for large vocabulary continuous speech recognition, because the estima-
tion of posterior probabilities was nol discriminative enough for large sets of HMMs.
Therefore, the multistream approach has not been further considered for the SMART-

K.OM project.

3.3 Automatic Gain Control

Adapting the speech recognizer to the environment also means coping with various
signal levels. Some users speak louder than others, and there are different micro-
phone setups and various distances between speaker and microphone. The speech
recognizer however performs best if the signal level is well-adjusted to about half
the maximum level, Such an adjustment is performed by an awromatic gain con-
rraf (AGC), improving the speech-pause segmentation of the voice activity detector
and thus the recognition accuracy. In contrast to the standard approach, the method
developed at DaimlerChrysler adjusts the signal only in speech segments, while non-

emaanh cammanie remain onchanead Thic hao o vere moaithive affect on cromentatinn
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Some HMM states, like pauses and noises, are excluded from MLLR, so that they do
not contribwite 1o the estimation of the transformation.

Each of the two adaptation methods, VTN as well as MLLR, leads to an average
improvement in recognition accuracy of between %6 and 2% absolute. Both methods
are applied in the SMARTKOM system since the improvements can be provided at

low computational cost.

4.2 Speaker-Dependent Training

The SDT method expheitely adapis the vector quantization codebooks to a particular
speaker. Therefore, the speaker has to utter 20 to 100 sentences that are given by the
system. This supervised training method should be considered only if the voice of the
speaker is recognized with low accuracy and if the speaker frequently uses the sys-
tem. SDT can be applied in cars. but not while driving since such a training procedure
would distract the drver significantly. The Baum—Welch algorithm is incorporated
for SDT, because it 15 easier to implement than the maximum a posterion (MAP)
method, and also allows us to configure the recognizer user-specifically simultane-
ously with the speaker getting used to the system itself. Experiments performed on
test sets of city names, spelling units, and digits sequences showed a maximum rela-
live improvement in recognition accuracy of 33% for digit sequences and an average
improvement of about 20% for the entire test set (see Table 2). The SDT method
proved to be particularly suitable for problem speakers since for thesce speakers it
achieved an average improvement in recognition accuracy of almost 25%. Empirical
studies indicated that the more sentences the speaker enters for SDT, the better the
adaptation result. However, uttering 100 sentences is quite a burdensome task and

should be considered the maximum amount for training.

Table 2. Recognrition accuracy and its relative improvement for speaker-dependent training

for all speakers and the problem speakers using 20 to [00 utterances
[ [All speakers| Problem speakers]
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procedure. Therefore, CBM is used in SMARTEKOM, while 3DT is nol.

Table 3. Recognition accuracy and its relative improvement for codebook mixiure traiming for
all speakers and the problem speakers using 20 to 100 uticrances

All Problem m.‘real-:1.-_r§
o speakers
Basehne 22.5% 28.2%
CBM-10 20, T% 25. 7%
CHEM-100 19.6% 23.6%
Improvemnent (rel.) 12.5% |6, 2%
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Many applications of confidence measures have already been presented: rejec-
tion, word error minimization (Fetter et al., 1996), speaker adaptation (Pitz et al.,
200009, and language identification (Metze et al., 2000). In car applications, we use
confidence measures in the framework of dialogue systems, where the dialogue man-
ager decides what action o take next based on the given confidence level. A low
confidence is interpreted as rejection and leads to a repetition prompt. A medium
confidence triggers a confirmation step, and a highly confident recognition result
causes the user input 1o be executed.

The following sections describe two confidence estimation methods explored at
DaimlerChrysier, We also present our evaluation framework for confidence estima-
tion, the experiments and results, and finally the conclusions which can be drawn.

5.1 Confidence Estimation Methods

This section presents two different methods for confidence estimation. The first

method computes confidences directly from a large word graph, whereas the sec-
ond method is based on a typical two-stage classification framework. That is, fea-
tures that correlate with the word's correctness are collected and fed into a classifier

which estimates posterior probabilities for the word being correct.
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where &(w;,w;) is the Kronecker function.

5.3 Feature Collection and Classification

The second method for confidence estimation is based on statistical decision theory
(Eide et al., 1995). A set of confidence features m, each comelating with the cor-
rectness of the hypothesized word, is mapped into a binary class k with values 0 for

“erroneous” and 1 for “correct” word hypothesis. The posterior probability can then
be calculated as follows:

. d Pim,k=1)
k= lIm) = o =)+ Pm E=0) G)

A set of unterances must be excluded from recognizer training in order to train
the confidence classifier. The target vector for classification training is computed by
a recognition run on the heldout set and an alignment of the word hypothesis on the
reference transeription. Correctly recognized words receive the label 1, and recog-
nition errors receive the label 0 in the target vector. This is because errors should
ideally lead to a very low posterior probability and correct results to a high probabil-
ity. Because we used Levenshiein alignment for the experiments in Il-us study, only

rmemrdame e esbeitbebtanae baad e dalaiinmes sse sesicead & o=l

L Aa Frr
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Fig. 4. Schematic diagram of two-stage confidence classification

¢) LMScoreBestPath: language model score on the best path
d) LRWordPhonFree: likelihood ratio of scores of word decoding to scores of

free phoneme decoding (Young, 1994)
e} LREmiBestAvgFree: likelihood ratio of best and average emission probabil-
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Many different classification techniques can be employed lor confidence estima-

vion. We decided to investigate four different approaches, each with its own particular
advantages:

o I

1. Gaussian mixture models {GMM) — easy and fast o train; most features fulfill
the normal distribution assumption

2. Polynomial classifiers (PC) — better functional approximation than GMDM; prac-
tical solution by a system of linear equations

3. Multilayer perceptron (MPL) — complex and time-consuming lraining proce-
dure; robust against outliers; suggested if no knowledge about feature distribu-
1ions exists

4

. Suppon vector machine (SVM) — prevents overadaptation by minimizing the
empirical risk; focuses on modeling the class boundaries

5.4 Ewvaluation Meirics

The confidence measures in this study are applied to word rejection. This means a
binary output of “accept™ or “reject” is sufficient. Since the introduced confidence
measures are estimations of posterior probabilities, a threshold operation allows the
continuous values to be transformed into binary values. In order to compare the per-
formance of different confidence estimators, we are looking for a scalar measure
that represents the relative amount of errors. One such well-known measure is the
classification error rate (CER), the ratio of the number of emroneous classifications
to the overall number of classifications. Classification errors are rejections of cor-
rectly recognized words (type | errors) and acceptances of recognition errors (type 11
ETrars).

Type | errors increase with decreasing type 11 errors, and vice versa. For some
applications it makes sense to allow more rejections in order to be very sure about
the accepted samples. The optimal operating point for each application can be found
by investigating the detection error tradeoff (DET) curves that plots the two types
of errors against each other. The DET diagrams alzo help ue gain insight into the
performance of the estimators by comparing curves.

5.5 Experimental Setup

A semicontinuous HMM-based speech recognition system (Class et al., 1993) was
used for our experiments. This system was deseribed in detail in Sect. 2. For our
studies two different recognizers are compared. The first one was trained on the com-
mand speech database CARCOMM of DaimlerChrysler, which contains commands
spoken in the noisy car environment. The second one was trained on the spontaneous
speech database Verbmobil 11, which consists of human-to-human travel-planning
dialogues. Word transitions were modeled by a restricted command grammar for
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This section shows the performance of the direct confidence estimation method
{HAP). Results are presented in terms of relative reduction in CER over the base-
line system. The baseline CER assumes a naive classifier that always chooses the
maost frequent class, in our case the class “correct™. It is basically WER excluding

deletion rate,
Table 5 shows results for CARCOMM and Verbmobil II. CER can be signifi-

cantly decreased (about 30%) for both databases.

Table 5. Besults for direct estimation of acoustic confidences (HAP)
[Database  [Mo. of words in rec. sel] Size of vocabulary] WER (%)]CER %
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fact that command speech is more restricted, so that the distributions of confidence
features are betler separated.

The assumption made by the GMM approach that feature distributions can be
approximated by a mixture of Gaussians does not always hold. Therefore, we ex-

amined some other classification technigues. These techniques lead to further CER
reductions (Table 8), paricularly for the SVM classifier. Precise modeling of class

boundaries and minimizing empirical risk instead ol classification error on the train-
ing database pays off here.

L LB B L
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False Acceptance (type Il)

Speech Recognition 1a3

commands, direct calc |

— commands, lwo-stage|:

— Sspontan., direct calc
— spontan., two-stage
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Table 9, OO sets™MMs and lexicon entries

Set Start cons. classes|Vowel classes| End cons. classes|MNo. of HMMs| Lexicon entries
Mo

| 1 | 1 3 33

2 2 1 2 5 390

K 2 2 2 i 567

4 2 2 3 T 4509

5 3 2 3 B 49364

For each set, the phonemes of each maining word (60,000 German city names) are
mapped to the gencralized phoneme classes, and the resulting different generalized
words are introduced into the recognizer vocabulary as OOV words. The 33 lexicon
entries for set | roughly correspond to Fetter's length-dependent models.

In the test setup, a statistical trigram language model with backofT is used, where
all OOV words were in a single garbage word class. For the test purpose, the OOV
word rate in the test material was antificially raised to 23.2% by choosing the 1000
sentences of the LM training material that contained the most unknown words. In
a first recognition run the overall performance was evaluated (see Tabel 10). After
the first run, the timestamps of the recognizer output were used to cut out the signal
parts that were marked OOV. These signal parts should bear the unknown words that
were really uttered. In a second recognition run these signal portions were recognized
with a dictionary that contained those words instead of the O0Vs with a single word
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In a natural speech input environment the recognizer dictionary can never hold

all words that may possibly be uttered. Acoustic OOV models are a means to All in
the holes left by unknown words. Literature shows that length-dependent models out-
perform the single model appreach. Experiments prove that we were able to improve
the system performance substantially by replacing the length-dependent approach by
a greater number of generalized word models.

6.1 Conclusion

Significant improvements in speech recognition have been achieved in all four main
research areas investigated in SMARTKOM. The research demonstrators for the dif-
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a feature-based confidence classifier strongly depends on specific algonthms
implemented.

. Any changes in the recognizer setup (e.g., signal analysis, vector quantization,
HMM modeling, vocabulary size, and even parameters (o speed up computation)
may degrade classifier performance. In order 1o overcome these disadvantages
of two-siage caleulation, classifiers should be strictly adapted 1o a given setp.

Considering these drawbacks, we decided for direct estimation of confidences. This
is because we have a well-defined interface between the Viterbi decoding module
and the confidence estimation module: the word hiypotheses graph.

Finally, we mvestigated how te model words that are not covered by the vocab-
ulary of the speech recognizer. Using an approach of generalized word models we

were able to detect a large number of unknown words and improve the system per-
formance substantially.
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Summary. In this paper we introduce and evaluale two class-based language model adapta-
tion techniques for adapung general n-gram-based background language models to a specific
spoken dialogue task. The required background language models are derived from available
newspaper corpora and Intemet newsgroup collections. We lollowed a standard mixture-based
approach [or language model adaptation by generating several clusters of topic-specific lan-
guage models and combined them into a specific target language model using different weights
depending on the chosen application domain. In addition, we developed a novel word n-gram
pruning technique for domain adaptation and proposed a new approach for thematic text clus-
tering. This method relies on a new discriminative a-gram-based key term selection process
for document clustering. These key terms are then used to automatically cluster the whole
document ¢ollection. By selecting enly relevant text clusters for language model training, we
addressed the problem of generating task-specific language models. Different key term se-
lection methods are myvestigated using perplexity a3 the evaluation measure, Automatically
computed clusters are compared with manually labeled genre clusters, and the results provide
a significant performance improvement depending on the chosen key term selection method.

1 Tntrndnnstinn

Page 670 of 1206



Language modeling attempts o capture, represent, and exploit the regulanties
and characteristics of natural language. In large-vocabulary continuous speech recog-
nition {LVCSR), the language model provides a prior estimation of the probability
of a spoken word sequence. It helps 1o disambiguate acoustically ambiguous utter-
ances. It also facilitates the reduction of the search space to word sequences that
occur more frequently in natural language. State-of-the-art statistical n-gram model-
ing (Bahl et al., 1983) models the frequency of the occurrence of word sequences.
1t assumes that the occurrence of a word depends only on the preceding n-1 words.
Meither words with a distance more than n nor the semantic contexts are taken into
consideration. The probability of a word sequence W=w |, wa, wa,... wy 18 estimated
as:

N
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2 Copora Preparation

Since we are dealing with German, we had to collect and prepare suitable train-
ing corpora for the language model training. Besides using newspaper text from the
Stiddeutsche Zeitung (SZ ), we set up an automatic collection of domain-specific texis
from newsgroups and collected dialogue tums which were recorded during the WOZ

£l
experiments. Since the corpora are not directly in a format that can be used for lan-
guage model training. a set of filtering and formaiting tools was developed. The
module consists of two main components:

I. Removal of junk content. For the corpora, the filtering script removes the junk
material, e_g., the binary streams such as audio and video files in the newsgroups.

Then, it alsa removes all non-German news articles by using a simple language

guesser based on a wide-coverage dictionary for German, 1.e., CELEX (Baayen
et al., 1993), contaiming 359,611 words. It also removes nonalphabetic words,

like emoticons etc.
Text reformatting. This component does tokenization and detection of sentence

boundaries by trying to disambiguate interpunctuations, like period, whether it
15 part of an abbreviation or whether it marks the end of a sentence. Since Y

SHIPER L SC LA, PP DR B SIS CPEOE R e L i LR SR SR S S

LT R=L P PSS |l FafiSer B H
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combinations, ¢.g., 1 hked Star Trek very much™ etc.. smce both “Star Irek  ang
*James Bond™ are i the MOVIETITLE class.

In SMARTKOM the contert of the word classes can dynamically change. New
words can be added/removed to/from a class. We just need to recompute the in-class
probability for all words in the classes, which is trivial if all words in a class are
equally weighted. However, it would be possible 1o increase the weight ol those
words in a class that are currently displayed on the screen. This would account for
the fact, that if, e.g., a list of 20 movie titles is the result of a user request and only 10
can be displayed on the screen (to view the others you would have to scroll down).
then the user is more likely to say one of those titles that he can currently see on the
screen. Therefore their probability could be increased.

By updating the contents of the classes, we can achieve the adaptation of the
LM 1o a specific domain to a certain extent, without the need to completely change
and reload the LM as is done by many other dialogue systems, e.g., those based
on VoiceXML. Such an approach is very time-consurming and often not feasible in
dialogue systems of this coverage. Furthermore, by not restricting the LM to subparts

for certain kinds of expected dialogue turns (which is an often used strategy), the
capability of being able to speak words from all subdomains, no matter if they are
within the range of expected utterances at this stage of the dialogue, remains.

Currently, 31 word classes are defined. However, only the following classes will
be dynamically updated, because their content changes frequently depending on

the current dialogue state: ACTOR, CITY, GARAGE, GENRE, HOTEL, LOCATION,
MOVIETHEATER, and MOVIETITLE.
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systemn, Such a task-specific system usually employs a small or medium size vocab-
ularv. Therefore, the probability distribution of n-grams generated from such general
corpora usuaily does not reflect those that occur in the spoken dizlogue system due
to the presence of large amount of out-of-vocabulary (O0OV} words, Therefore, in the
n-gram pruning approach described below, n-grams with 00V words are pruned.
N-gram pruning using count cutoff has been used in the literature to reduce the
size of language models. Any word n-grams with counts below a predefined thresh-
old are pruned. Instead of using such a count cutofT, a novel word n-gram pruning
technigque based on OOVs is introduced to adapt a language model on the n-gram
statistical level. It exploits the basic assumption of n-gram language models that the
probability of a given word in a word sequence is only influenced by its n-1 pre-
ceding words. In word #-gram pruning, all word n-gram frequency counts are com-
puted. Then, any word n-grams that contain O0Vs are pruned. MN-gram probabilities
are directly estimated from the pruned word n-gram frequency counts, As O0OVs are
completely eliminated in the pruning step, the probability of unknowns or the like-
lihood of seeing an OOV in the test set can be set to values that are appropriate for
the application il an open vocabulary is required. This approach also allows rapid
adaptation to new vocabularies as the new vocabulary is only required during the
pruning stage and recounting of word n-grams from the corpora is not necessary.
The pruming step can also be interpreted as a corpus adaptation technique in which
the adapted corpora are formed of sentence segments, which consist of at least n
continuous nen-0O0Vs, In addition to word a-gram pruning, which is an adaptation
on the level of n-grams, we developed another adaptation technique on the level of
selecting only relevant documents from a general background corpus by applying an

automatic text-clustering approach,

4.2 Language Model Adaptation Using Thematic Text Clustering

In general, an application domain can be characterized by the subtasks that compnse
the overall dialogue flow. Each task can be characterized by a topic or a set of topics
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The process of term selection is based on standard information retrieval (1K) tech-
niques (Rasmussen, 1992), but in our approach the importance of a term is evaluated
by averaging over the whole document collection. The accuracy of the classifier is
therefore subject to the selection of key terms. The semaniic classification of the
document context is done by using a combination of standard technigues like text
preprocessing, random mapping projection (RMP, see Kohonen et al. (2000)) to re-
duce the size of the term vectors, and vector quantization (VQ) technigues like the

split LBG algorithm (Linde et al., 1980) for identifying the clusters in the reduced
vector space,

4.2.1 Term Selection and Document Representation

Text-clustering algorithms partition a set of documents into groups or clusters, In this
respect a document has to be transformed into a representation which is suitable for
the classification task. We used the vector space model (VSM) approach (Salton and
McGill, 1983) for coding the documents, where the documents are represented as an

m-dimensional stream of indexing rerms. In general, terms can be n-grams, instead
of simple words (n >1):

(i 2 3
'd - I:.||'.|'|‘r|—:sr'|='|11l""lltl--:llr'¢1,|l|l:| H"Ij:-r_hm = o “?j:-lr::lsrm "

Defining and selecting the most representative terms in a corpus using this tech-
Aique is based on the assumption that the terms in a document are conditionally
ndependent of each other (Robertson and Spérck, 1976). Due to this independence
a_ssum]:r_ﬁun gome information about the document is lost. Additional information
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lected. This is done by defining a term-weighting function which supplies a weight
for each term (w; | given a document & in the collection.

Since we are interested in defining the terms that are the most representative for
the entire collection and not in a particular document (as is the case for standard IR

systems) the formula below was used:
I Nﬂ—gnul ‘ N

«fe v X = R P [ P -
UL Bl 0 I B N Ly Fln—grami i, H
=g g H—gram
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where each term is an n-gram where n = |, Ny grm is the number of documents that
contain the term Wy gram:  i-gram g 15 the number of concurrencies of term wa—gram
in the document &.

Thus, the n-gram terms weights are computed according to their “average” im-
portance in the corpus. To select a subset of m terms in all documents, which repre-

sent the key terms, the s n-grams with the highest weight exceeding an empirical

threshold are chosen, The value of the vector elements wﬂgm for a document is
a function of the frequency counts of the n-grams in the corresponding document.
The documents are coded based on these values, represented by vectors in the vector

rimmn e blas ascecalimad be e scsali scantas Tea dthin sanee flea dlmamtinm af tha sonabma
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generated using the CMU SLM toolkit (Rosenfeld and Clarkson, 1997).

5.1 Comparative Study

Three sets of comparative experiments for the key term selection process were per-
formed, which are defined as follows:

1. Word Frequency Counts (WFC): Select as key terms in the corpus all words
with counts higher than a predefined threshold (as one of the standard proce-
dures).
Word Score Counts (WSC): Select as key terms in the corpus all words whaose
weight computed by Eq. (2) exceeds a predefined threshold.
. Bigram Score Counts (BSC): Select as key terms in the corpus all bigrams
whose weight computed by Eq. (2) exceeds a predefined threshold.

Some preprocessing steps are required for each of the three above approaches
in order to find a “good™ set of features. A combination of several methods is used
as follows: All nontextual information, all numbers. and all words in the stop list
are removed; words are converted to their base form using a stemmer; and finally,
:!nﬁtqmmt and high-frequency words are pruned (see Valsan and Emele (2003) for

etails).

The resulting set of features defines the vector of key terms, and all documents

in the corpus are coded according to this vector. Because the dimensionality of this
document vector is huze (around 120.000 for the Rret han anmenachas and 450 000
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5.1.1 Clustering Evaluation Based on Perplexity Results

Several experiments were conducted to investigate how well the automatic cluster-
ing algorithm picked out particular topics. Therefore, we have evaluated the per-
formances of the manual clustering against the automatic clustering for all three

approaches. Two steps are required for this evaluation:

'imp. A: manually clustering. Thirty-two Gcn:re clusters were pn:rduccd out of

1INTS o il i piotnn the abnlime A pamcd il T AN
i A TEITHIE GCUNICHIs I ne L il ihca ‘.l'l!l.l'l i l-I.ll."'-Jlil-E i l.-..-l.-n..u.uulbl_r, e A Y

were generated for each topic, and we refer to them as LM, i=1....,32. By using
some additional test documents from the same corpus, which have becn correctly
assigned to their topics, another 32 test sets were produced (each test set corresponds
to a topic; the topies are the same as those used for genre-clusters). Perplexity of
each of the LMg_ ,was evaluated on each of these test sets. Each time whena LMg_;
computes the smallest perplexity value an the corresponding test set §, we assumed
that the cluster contains documents related to the topic of the test set /. In this case,
we counted the manually assigned topic label as a correct one and we called such a
cluster a topic-winner.

Step B: automalic clustering. One LM was also generaled for each of the 32
smart-clusters in order to evaluate the separability between topics and at the same
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We also evaluated the sysiem in terms of word error rate (WER) using the SMART-
KoM recognizer that was developed by DaimlerChrysler (see Berton et al., this vol-
ume). We did so by using different speech corpora that were recorded by different
pariners. The results are listed in Table 2. “Pub” again reflects the public scenario
(recorded by DaimlerChrysler) and “Mobl™ are dialogues from the mobile scenarno
(car navigation, recorded by DaimlerChrysler). “Mobll™ are also dialogues from the
mobile scenario (pedestrian navigation, recorded by EML): “MTI" are dialogues for
the home scenano that were recorded during the MTI exhibition in October 2001
SKI and Skl were dialogues recorded in the SMARTKOM WOZ recordings.

The resulis for the WOZ recordings are rather bad. The reason is that these
recordings include huge amounts of off-talk that was completely out of domam (e.g.,
users starting to read movie descriptions that are displayed in the home scenario
when the task was to select a movie, etc.). For the more scenario-specific dialogues,
which did not include that much off-talk, the results are much better, ranging from
8.8% WER to 29.9%. Remember that these experiments included the dynamic up-
date of the word classes and the automatic generation of pronunciations for these
words. Please also note that SMARTK.OM is a multimodal system. Thus by combin-

ing speech with gestures a lot of sentences can be interpreted correctly, even if the
speech recognition rate is not perfect,

Table 2. Speech recognition evaluation using different corpora
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The Dynamic Lexicon

Silke Goronzy, Stefan Rapp. and Martin Emele

Sony International { Europe) GmbH
Sony Corporate Laboratories Europe, Advanced Software Laboratory, Stuttgant, Germany

silkedgoronzy-privat.net, {rapp, emele}@sony .de

Summary. The dynamic lexicon is one of the central knowledge sources in SMARTEOM that
provides the whole system with the capabability to dynamically update the vocabulary. The
corresponding multilingual pronunciations, which are needed by all speech-rejated compo-

nents, are automatically generated.
Funhermuu;, a novel approach for generating nonnative pronunciation variants and there-

fara Mne sdeciles ks scsssh sssscmmisar fe namnmsfiiee ascanfe o aracarsbad  Tha camakd e s
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sect. 2.2 betore Sect. 2.3 explans how dynamic changes ol the vocabulary 1ake
place. The automatic generation of multilingual pronunciations via grapheme-lo-
phoneme conversion is described in Sect. 3. Finally, Sect. 4 outlines the novel ap-

proach for the automatic generation of accented pronunciation variants.

2 The Dynamic, Multilingual Lexicon

Information systems like SMARTKOM often need to access databases, whose con-
tent might change frequently. In all three scenarios — SMarTKom-Home (Portele

et al., 2006), SMARTKOM-Public (Homdasch et al., 2006) and SMaRTKOM-Mobile
(Berton et al., 2006a; Malaka et al.. 2006) — this is the case for the content of the
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that new words can be added (and removed) to {from) the dictionary and the pronun-
ciation of these new words will be provided automatically. Especially m the context
of multimedia content and information such as movies or music titles, the original
language of the content needs to be taken into account when the pronunciation is

generated.

While it seems to be an obvious step 1o allow words to be added to the lexicon,
it is not so clear how exactly this can happen. There are many open questions that
need 1o be answered. First of ali, an ideniification of words ihai do aciualiy change
frequently is necessary, Simply allowing everything for the update-able content is not
suggested since this might lead to unnecessary lexicon updates, Second, it is not a
trivial point to determine which module in the SMARTEOM architecture is best aware
about the current status of the other modules and can thus deliver the information to
the lexicon, which words are needed for the next dialogue steps and which are to
be added to the lexicon. It then needs to be clarified what 1s the appropnate timing

for lexicon updates and how this can be synchronised with other modules 1o allow
for a more responsive system. Last but not least, it needs to be clarified which kind

of pronunciations are to be generated, taking into account the requirements of the

different scenarios.
All these questions played an important role for the design of the dynamic lexi-
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already contained 1 the current lexicon. IT so, it is checked whether a pronunciation
in the requested language, specified by a language tag in the update request, exists.
If everything is there already, no action is taken, If the word is not yet contained
in the lexicon, an entry for it is added. Additionally, the pronunciation for the word
is generated by automatic grapheme-to-phoneme conversion (G2P), as described in
Sect. 3. An updaie is wrilten to the output pool as described in Sect. 2.4.

2.3.2 Replacing Words in the Lexicon

A situation that often occurs when a user is searching for some content is the follow-
ing: he/she will ask the system for something and will receive an answer. However,
often a refinement of the user’s request to reach the final decision will happen. In
the EPG example, users might ask for “movies that are on TV tonight”. They might
get a lot of results, so they refine this query to “only news shows for tonight.” Such
multiple requests will result in repeated lexicon updates of the same word classes
{in this case MOVIETITLE). But since it is not necessary to always keep all words
in the lexicon, even the results from the very first request, the contents of the word

classes are replaced by the result of the new request. This is the default behaviour of
the lexican hnt nther behaviaor like addinefremovine words can alwavs be reauested
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24.2 Ineremental Update

The update mode that is most frequently used in SMARTKOM is the incremental up

date. In this case the lexicon writes only the differential lexicon to the pool, meaning
those parts that were changed. That means 1f a list of words is added 1o the lexicon

anly these words together with the generated pronunciations are written to the pool
and read by the other components.

1.4.3 Special Requests

In Sect. 2.1 the speech synthesis module was also named one of the modules that
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pronunciations then reflect the shortened versions of the titles as the users usually
say them. The shortened title versions are determined by splitting the titles at special
symbols such as -7, *I”, ©.", etc., that we found to often separate titles and subtitles.
This feature allows a more natural use of SMARTKOM while interacting with the

EPG application,

3 Automatic Generation of Pronunciations

After discussing the need for a dynamic lexicon and how it is integrated into the
SMARTKOM system, we now describe how we actually derive the pronunciations for
new words, Automatie grapheme-to-phoneme conversion ( G2P), the task of mapping
a written word (that is, a sequence of letters) to its pronunciation (that is, a sequence
of phonemes} can be achieved in various ways. First, in the knowledge-based ap-
proach, a set of manually wntten rules can be deployed that define how a given
letter or group of letters is pronounced in a given graphemic, phonemic, morpho-
logical or other context (such as a specific foreign language origin). Such rules can
frequently be found printed at the beginning or end of pronunciation dictionaries to
advise speakers on the pronunciation of words not found in the dictionary. that is.
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representation output from the first stage gives a canonical (“standard™ :pmmarhcla-
tion. The second stage can be altered 1o derive pronunciation variants, such as those
needed to represent different dialects, foreign accents or recognizer phone seis. For
SMARTKOM, the two-stage approach simplifies development and contributes to the
recognition performance.

For one, we could wke advantage of the rather large coverage German pronun-
ciation lexicon CELEX (Baayen et al., 1993) to achieve pood prediction accuracy.
CELEX has listed about 360,000 pronunciation entries, much more than what would
have been available from the SMARTKOM and Verbmobil data collections. On the
other hand, the pronunciations found in CELEX are more phonemic {or canonical)
oriented than what is typically deployed in state-of-the-art speech recognizers, This
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{2) the already predicted phonemes corresponding to the three (non-null) graphemes
to the right. To allow for prediction of word siress and syllable boundaries as well,
the number of stressed svllables to the night of the current svllable and the number
of consonants up to the next vowel 1o the nght are also taken into account.

For the second step, the generation of one or more phonetic representations, we
use rules written by phonetic experts. Currently, we have implemented such rules for
American English and German. For American English, they generate pronunciation
variants. For German, they currently only constitute some postlexical rules (Sect. 4).

3.1.1 Building Classifiers

Like most machine leaming algorithms, C5.0 can be adapted to different leamning
tasks by setting some training parameters. These parameters have an influence on
the degree of gencralisation of the resulting classifiers. There has been speculation
that generalisation is often harmful in natural language tasks and that the best results
are achieved by highly specialised classifiers (Daelemans et al., 1999).

The parameter with the strongest influence on generalisation in C5.0 is the
prepruning parameter m, which specifies the minimum number of cases that must
be covered bv each hranch in the tree. Small values for m vield highlv snecialized
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Fig. 2. Word accuracy rates for classifiers trained on german data
square and circle series, respectively. Boosting gave higher rates than did the series
without boosting, as indicated by the diamond symbols, again at the expense of larger
classifiers.

An interesting comparison is between the strongly pruned trees trained on the
100K training set and the less strongly pruned trees built from the smaller 20K set.
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m = 16 on training data from a 100K dictionary, with a total of approx. 195K nodes.
This accuracy compares favourably to the results of others. The same parameters on
20K training data vielded 69.5% accuracy. For American English, first experiments
on training data of 53K entries show lower accuracies, namely 63%, The difference
between American and British English 15 attributed 1o the different lexical resources
that were deployed. On the other hand, the considerably improved accuracy of Ger-

man over English is consistent with the findings of others and can be explained with
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man accent, A novel method was developed within SMARTEOM and will be outlincd
in this section. A detailed description can be found in Goronzy (2002) and Goronzy
et al. (2004). There are several approaches 1o pronunciation modeling. They can be
categorized into two broad classes, which are knowledge-based and data-driven ap-
proaches,

Knowledge-based approaches make use of existing knowledge that was derived
by experts (e.g., dictionaries). Such knowledge is often used to generate rules that
are able to generate typical pronunciation variants from canonical pronunciations or
from the orthography of a word. Data-driven approaches try to derive the pronun-
ciation variants directly from the speech signal, e.g., using manual transcriptions or
automatic transcription using phoneme recognisers. In the latter case, in order to
obtain a cenain generalization capability to new words, the generated variants are
often not used as they are. Rules can be generated therefrom, or decision trees can
be grown that are able to predict the pronunciation variants.

In general, the pronunciation variants that are generated can then be added to the
dictionary. A detailed overview on pronunciation modeling can be found in Strik and
Cucchiarini {1999),

While knowledge-based approaches are completely task-independent, they tend
to overgenerate. In contrast, data-driven approaches are rather database dependent.

For our problem we would need to explicitly record accented speech databases,
which is a cumbersome and expensive task.

4.1 Automatic Generation of Nonnative Pronunciation Variants
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The first item simply means that phonemes that exist in both languages will be
pronounced as in the source language rather than as in the target language. This can
be handled easily by speaker adaptation techniques that adapt the Hidden Markov
Models (HMMs) to the current speaker. The second point means that speakers will
tend 1o reproduce certain phonotactic structures characteristic to their source lan-
guage when speaking the target language, thus resulting in wrong phoneme se-
quences, The consonant-vowel structure of Japanese might serve as an example here.
Beacause fapanese speakers often experience difficuity in pronouncing subsequent
consonants, they often insert vowels, like in “table™; /tel b I¥ becomes ftelburw' In
addition to the pronunciation of the /I/ as an /r/, two phonemes (/u/) are inserted be-
fore and afier the /t/. Standard acoustic speaker adaptation algorithms are often used
o improve performance for nonnative speakers, While taking into account that cer-
tain phonemes are pronounced differently, they totally neglect potentially different
phoneme sequences. In the above example, acoustic adaptation would try to adapt
the HMIM for /I to /u r o since it uses the native canonical pronunciation as a ref-
erence for adapting the HMMs, However, in reality three instead of one phonemes
have been produced, which would cause a misadaptation that might cause the overall

recognition rates to decrease.
In order to generate these accented pronunciations, we simulate the leaming pro-
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The Prosody Module
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Summary. In mulimodal dialogue systems, several inpul and output modalities are used
for user interaction. The most imporiant modality for hunan comprrer inferaciion is speech.
Similar to human human interaction, it is necessary in the human compuier interaciion that the
machine recognizes the spoken word chain in the user's utterance. For better communication
with the user it is advantageous o recognize his internal emotional state because it is then

memnnilla te cdemi ke dislosos srearsmms fon the cifuafian 1 ardars i radiaee fae svarmals shese
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et al. (1996} actor data of five speakers are used to detect lour emotions — 0%, sad-
ness, rage, and fear. The authors use several FO features, speaking rate and statistics
about the whole utterance. In Amir and Ron ( |998) actor data of more than 20 per-
sons are used to detect joy, anger, grief, fear, and disgust. The authors use, e.g., FO,
energy and derived features based mainly on the whole utterance. In Li and Zhao
{1998) joy, anger, fear, surprise, sadness, and neutral are detected with actor data
of five speakers. The authors use, e.g., formants, FO, energy, and derived short-term
features as well as several derived long-term features. In Petrushin (2000) data of
30 persons showing 5 emotions, jov, rage, sorrow, fear, and neutral, in their speech
are classified, The authors use features like FO, energy, speaking rate, formants, and

bandwidth of formants. In addition, minima, maxima, average, and regression of the
features above are used.
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Picard { 1997), It covers, e.g., emetion in speech, facial expression, and physiclogical

signals.

2 Module Description

The prosody module used in the SMARTKOM demonstrator 1s based on the Verb-
mobil prosody module described in detail in Batliner et al. (2000a) and Néth et al.
{2000}, Compared to the Verbmobil version, several major changes have been made
concerning both implementation and classification models. Since the SMARTKOM
system provides a different approach for module communication (Herzog and Ndi-
ave, 2006), the module interface has been fully reimplemented. The classification
core remains essentially the same, except for some minor changes, which increase
the stability and performance of the module. All existing classification models for
the recognition of prominent words, phrase boundaries, and questions have been re-
trained on the actual SMARTKOM WOZ dataset (Schiel and Tiirk, 2006). This makes
it possible to achieve much better recognition results than those obtained with the old
models on the current dataset (Sect. 3.1). Additionally, the user state classifier has

been trained and intearated into the module.
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LM classificarion: The recognized words taken from the WHG are used here to
detect Symactic phrase boundaries (S-labels) with a Language Model classifier
described in Batliner et al. (2000a); Schukat-Talamazzini { [ 995).

XML generators: The output of classifiers is used to annotate the original WHG
stored at the parsing step. Technically, we generate the XML structure only for
the annotation parl and paste it to the onginal lattice. This improves the perfor-
mance of the module because disassembling of the complex WHG structure and

reassembhing of a new WHG from scratch can be avoided. Additionally, the user

state labels are used to generate the user state lattice for the current tum. After

generation, both lattices are sent to the output pools.

Control: The control component determines the order of execution of all other

parts and also handles the data transfer,
Apart from the main input pools shown in Fig. | the prosody module also gets

data from the lexicon and the configuration pool. The processing of lexicon data
miakes it possible to update the internal static lexicon with new entries. The configu-
ration data are used to set the internal module parameters from the GUI.

2.2 Execution
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Table 1. The classwise averaged (Cl) and total {(Rr) recognition rates (in *a) yielded for a
two-class problem on phrase accents, phrase boundarnes, and rising intonation

Classifiers SMARTKOM Verbmobil
[Tested on SK-train | SK-test | SK-test |Verbmobil

— CL RR|CL RR|CL RR|[CL RR
4
g

Prominent words |[B1.2 81.0]77.1 77.0|72.8 72.8| 79.2 78.
Phrase boundanes || 90.7 89.8|88.5 88.6|82.2 82.7|81.5 BS.
Rising intonation [|75.6 72.0/79.2 66.4/57.4 81.1/60.1 89.7|

Pis| oy, o,..., iy ) = ﬁFI,’.s | ) . (1)
=1

3 Experiments

3.1 Detection of Prosodic Events

Like in Verbmabil, in SMArTEOM we have three different prosodic events to detect.
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wking both speech and facial expression into account: During the annotation the la-
beler could observe the test person and hear the recorded utterances simultaneously.
Then he was supposed to detect the changes in the user state of the test person and as-
sign the corresponding label to the actual time interval (Schiel and Tiirk, 2006). The
disadvantage of this method is obvious: 1f the observed user state change is judged
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Table 3. Classwise averaged recognition rates (in %) yielded in Lo{S)0 tests on the WOZ data
for five difTerent class mappings. The results of two different classifiers, ANN and LDA, are

given n st two columns

I Results
MNo. ol classes Liser states ! ANN|L DA'
Joylul | Joyful |Surprised Nwlr:I|Hesilant' Angry | Angry

! (strong)|(weak) (strong) {wcak}“']'u's B
5 Joyful Surpriscd | Neutral| Hesitant Angry |/ 36.3]34.2
4 Positive Meutral| Hesitant Angry 345 |39.1
3 Positive Neutral Problem 42.7 [45.5
2 Not angry |  Angry [ 668|618

classwise averaged recognition rate of 29.7%, J48 47.5; for the two classes nor angry
vs. angry, the figures are 68.9% for LDA and 76.5% for J48. These results indicate
a mutual reinforcment of the two modalities, which, in tum, leads to a more stable

annotation if holistic and facial impressions converge.

T A Mintarntinn of noor ctator an the Maltimadal Fmaorom (ARG dafa
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Sentencell 340 | 64.5

L

72.1
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Sentence|| 398 | 47.5 48.1

Table 5. Confusien matrix of user state recognition with the ANN on the best feature set (91
features) using LOSO. Both the wordwise and sentencewise resulis are computed (in %a)

Reference Wordwise Senlencewise
User state || Neutral| Joyiul Angr_lr'li-icsi:tant Meutral| Joyful] Angry|Hesitant

Neutral 68.3] 1235] 126 6.6]] 67.7] 12.0] 165 1.8
Joyful 13.8| 658 106 0.3 143 664 138 5.5
Angry 145 113 647 05| 139] 92 708 .|
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for the rest ! set containing sentences with the same syntactic structure as the training
sel. For the rest2 set, which contains only one-word sentences and special expres-
sions, POS features have worsened rather than improved the results. Because of the
construction of the MMEG database, the POS features reflect to a great extent the
structure of sentence and thus cannot be properly applied to the user state recog-

nition in this case, In a speaker-independent test for user state classification without
POS features we achieved an average recognition rate of 67.0% wordwise and 68.3%

SETILEIIC W Ly,
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Gestures and Real Objects
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Summary. Natural human communication is based on visual and acoustical signals. Thus a
technical system needs the same senses 1o allow intuitive interaction. The acoustical interface

has been described in earlier chapters. In this chapter we concentrate on the perception of con-
scious visual utterances, for example, hand gestures and handling of dedicated (real) objects,

€.g., paper documents,

1 Gesture Recognition

The gesture recognition modules supply the SMARTEKOM system with video-based

interaction capabilities. The users pointing gestures are captured by a downward
looking video camera. Based on the well-known Siemens SiViT technology (Mag-

gioni and Rdétiger, 1999) the position of the user’s fingertips is determined and trans-
formed to screen coordinates. In a second step the individual measurements are ag-
gregated to gesture strokes that provide deeper insight into the user’s intentions.
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e« Intuitive: The system has to be adequate to the natural gesture vocabulary of the

users, e.g., the users should be able 1o use their natural hand position and not be
required o leam any specific hand position,.

1.2 System Integration

A module for capturing pointing gestures can be seen as an abstract pointing de-
vice, similar 10 a computer mouse, a pen or a touch screen. These devices sup-

ply streams of single-coordinate readings. Individual measurements are then aggre-
gated to sesture stokes o neavide hicher lrvale infrirmatinn Ta teean different in-
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if applicable the pressure supplied (e.g., for pen input) and the confidence, modeled
as probability, that a pointing event has been successfully detected.

sooordinatebatas

cHOUTCas gesture </gources>
csampleRates 25 «/sampleRates>
startTimes 2001-09-25T15:25:33,002 </acartTimes
cendTimes 2001-09-25T15:25:33.953 </ endTimes
chumberOESamples= 25 < /numberdfSampless
<coordinataEdges

erpcordedTime> 2001-09-25T15:35:33.082 < frecordedTime>

egcreenPositions
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activate (automatic) document detection, chose between simple and panoramic
imaging, select binarization method for fax document generation

2.2 XML Interface

The XML interface’ consists of three parts:

e The comttrolfcommand interface

o The State interface (Sect. 2.2.2)
» The Data interface (Sect. 2.2.3)

An element called document!D is included in most data structures, as a reference to
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Command Command —
Sean Transaribe

Fig. 5. General structure of Recognizer. Realdocument

This a base class for object representations. Currently only imagelike represen-
tations are used.

s RealObjectImage =

imageCodingTvpe (ImageCodingType),
imageSize (ImageSize),
imageColorType (ImageColorType),
codedlmageData (Binary),

Binary (i.c., base-64 coded) image representation of the real object (according to
imageCodingType). As all eurrent coding formats are (originally) file based, the
Binary data type was implemented with a stream interface.

2.3 General Module Structure

The general structure of the module is shown in Fie. 5. It communicates with the
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5. The processor then calls the concrete command implementation, which pro-
cesses the data, e.g., converls a previously recorded image to the desired output
format.

The result is written by the processor to the data pool, and

command completion is signaled to the scheduler,

which generates an appropriate status message for the status pool.

If the new state {now reached) is not stable, the next state is computed, continu-

ey weith elam A
g wth slep 4,

ool

2.4 Object Detection

Detection of the presence of the real object to be acquired is a fundamental feature of

the module. The implementation utilizes the same set up as gesture recognition, i.e.,
an IR camera~based approach resulting in a robust contour-based image segmenta-

tion.
A real object is considered to be present, if there is only one object, and it meets

the following criteria;

o Contour and area exceed a given sizeflength.
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algorithm from Shi and Tomasi {1994). Tracking is done by the algorithm
described in Lucas and Kanade (1981 ) and Bouguet (1999), followed by an
outlier removal based on variance and median filtering.

The approach showed good results and could be computed in real time if
maotion blur was low. Unfortunately the angular speed of the EVI-D30 de-
pends on the current zoom, which leads to total motion blur at the required
zoom level, The lnear mapping was adequate for the given setup, but was

very sensitive against erroneousiy detected feature poinits.

Translation only: As the angular range within the SMARTKoM-Public setup

is low, it was possible to use a correlation-based approach to robustly and

sufficiently compute the translation. Figure 6 shows an exampled for this
approach.

3. Stilching, i.e., assembling pieces of the recorded images to form the panoramic
image, We distinguish two concepts: Parching uses exclusively the pixel infor-
mation of one image to set a pixel value within the panoramic image and blend-
ing uses the pixel information from (some or all) overlapping pixels to compute
the final value for the panoramic pixel. It has been found that for the SMART-
Kom-Public setup (which utilizes an artificial illumination via the video projec-
tor) the first approach is sufficient, as can be seen from the example.
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As a consequence, we investigated segmentation techniques, e.g., Otsu's algo-

rithm, to perform the binarization. In particular, the following algorithms were mm-
plemented:

Bipartite histogram panitioning minimizing intra- and interclass variance, ac-
cording to Owsu (1979),

Thresholding surface from a potential surface passing through the image at local

PPN e P LWL, AU
ENES LERIE Ul

| PP | g3 i Bk = L 1 B o { —— W= a ]
LIE BRAad v LidpEs, avCOriing o Tandwliid and Bricksicln § L Fosn

Because of the present hardware setup (defined illumination), Otsu’s algorithm
shows good results, as long as the real object does not contain too much shading
(e.g.. a sheet of white paper with black text will be segmented well). As this is not
always the case, we decided 1o use Yanowitz and Bruckstein's method by default.
This proved 1o be a good compromise between the amount of data and the image
quality. The methods described here have been applied successfully in the SMART-

R.OM-Public scenario to capture and transfer images of real objects and to enable
hand-contour verification.
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The Facial Expression Module

Carmen Frank, Johann Adelhardt, Anton Batliner, Elmar Nath, Rui Ping Shi, Viktor
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Summary. Incurrent dialogue systems the use of speech as an input modality is commaon. But
this modality is only one of those human beings use. In human-human interaction people use
gestures to point or fcial expressions 1o show their moods as well. To give modern systems
a chance 1o read information from all modalities used by humans, these systems must have
multimodal user interfaces. The SMARTKOM system has such a multimodal interface that
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et al. (1998a), and Tian et al. (2001). The first system classifies each frame of a se-
quence, and the results form a trajectory of changes in the face, wiich 1s classified
using an eigenspace. Both other systems use a newrral image to find refative changes
to the current one. This comparison allows users 1o determine the intensity of the
facial expression.

Depending on the field of application, a facial expression recognition sysiem
must have a special category set, to which the faces should be classified. Very com-
mon is the concept of six basic emotions (happiness. sadness, anger, lear, disgust
and surprise) used by Ekman (Lyons et al., 1999; Thomaz et al., 2001; Otsuka and
Ohya, 1997). Subsets of these emotions are also used. Often there is one additional
expression, “raised eyebrows™ (Milller et al., 2001; Schwerdt et al., 2000; Essa and
Pentland, 1905, _

Besides these complex categories, there are several methods which use achon
units {AUs) (Ekman and Friesen, 1978) as a category set: Lien et al. {1998a), Tian
et al. (2000), Tian et al. (2001), Otsuka and Ohya ( 1999), and Braathen ct al. (2001).
Als are the smallest units in facial movements similar to phonemes lor speech. The
major interest to the AUs arises from their relevance in field of psychology. Because
AUs are a standard technique for coding facial expressions, automatic coding would
provide a much larger set of data for further experiments in psychology.

There are only a few papers concerning classification of user states that are not
part of the basic emotions. Most systems that detect states necessary for a human
computer interaction (atiention, point of interest, stress, fatigue, etc.) use touch sen-
sors. One example for the recognition of fatigue from an image sequence is shown
in Li et al, (1999),

Als are not only used as a category system, but also as features. Some systems
using Als as features are explained in Lien et al. (1998b), Otsuka and Ohya (1999),
and Cohn et al. {1998),

For feature extraction to expression classification, one can distinguish between

template-based and analytic methods. Template-based methods match a face model
to a face. Then positions of facial features are extracted from this model, or muscle

R L
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Markov Models are well known (Qtsuka and Ohya, 1997; Miller et al., 2001 ; Oliver
et al., 1997: Lien et al., 1998a). Rule-based methods include rules to map Features
to classes. In Chen and Huang (2002) the results from different classification stages
are fused using handmade rules. An expert system using AUs for classifying facial
expressions is explained in Pantic (2001 ). Methods based on neural nets can be found

in Tian et al. (2000), Hu et al. (2002), and Zhang et al. (1993).
Furthermore, methods and systems for facial expression classification can be dif-

ferentiated using facts like

e the use of handmade markers in the face
e the initialization of a sequence by hand
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For face classification a new image is projected to each cigenspace and the
eigenspace which best describes the input image is selected. This is accomplished
by calculating the residual deseription error.

Imagine we have training sets F, of | samples y; with similar charactenistics for
each class £, k£ 1,... .k There is different illumination, different face shape, etc.,
in each set Fy. Reconstructing one image y, with each of our eigenspaces results in
k different samples ¥*. The reconstructed images do not differ in characteristics like
illumination, because this is modeled by each eigenspace, But they differ in the facial

expression of specific regions, such as the mouth or the eyes area.

With a set of eigenspaces for each class £, we receive distances vy of a test
image v, to each class

v = |lvi— ¥} (3

& = arg min vy. 4
k arg min Vi (4)

An image is attributed 1o a class k with minimum distance as eriterion.

In addition to the modeling of separate models for each user state, we use only
a subset of the available pixels, i.e., only “significant” pixels; the extraction of this
subset is described in Frank and Néth (2003). This method creates a map of signif-
icancy of pixels and allows us to delete less significant ones, In Fig. 5 one can sce

such a map (lefimost image). Only pixels significant for facial expression (mouth
and eye areas) are selected as features for the halistic clascifier
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Pule 1

iF mouth area classifier classifies smile
THEN [overall result 15 smile

These two rules are based on the low false alarm rate of the mouth area classifier
for the classes smile and showt (4% for smile and 0% for shour). The classification
rate 15 96% and 97% for showr and smile, respectively. The high recognition rates
combined with low false alarm rate makes the mouth area a trustworthy face region
for classification of smile and showt.

Duning speaking it is not possible to use the mouth area for classification, because
this face region has considerable changes due to moving lips. In this case the other
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dis_playcd facial t:tpr;..ssinns are {from Ioff to right): newtral, srile, ang;r. The first one was
classified as wwife (cve area), showd (nose area); The second as anger (both), the third as smiife
(eye area) and mnewfral (nose area)

The recognition rate of combining the eye area classifier and the nose area classifier
achieves 67%. All classifiers missed the right decision for 23% of the images. It is
not possible to solve the classification for these images. Some of these misclassified
images are shown in Fig. 8. The confusion matrix for the fusion of results from eye
and nose area classifiers is given in Table 3,
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summary. Authentication s undoubtedly an important task for all systems providing a com-
ponent responsible for the interaction between humans and computers. Tradittonal suthenti-
cation techniques like PINs, passwords or ID cards show significant drawbacks: they might
be forgotten, misplaced or lost, or even stolen, copled or forged. Biomerrics use physical or
behavioral characteristics to veni by the identity of a person and thus overcome these problems,
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the biometric feature acquisition is requested, but identification requires a precise
biometrics and a full search through a central reference database. In contrast, venfi-
cation systems are generally faster and more accurate than identification systems.
According 1o the respective biometric characteristics, biometric systems can
broadly be classified into two categories: physiological and behavioral, Physiological
biometrics verify fingerprints or hand contours, i.e., characteristics that practically do
not change over a person’s lifetime. Behavioral biometric systems analyze the way
a person is acting. Examples for monitored behaviors are signature movements of
voice-prints, It should be noted that behavioral biometrics also have a physiological

component, e.g.. the articulatory system in the case of speech.

In general, biometrics is a pattern recognition task, A biometric system consists
R 7, RAES SR R PR L. ST, BRI e = " N s a 1
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SMARTKOM-Public. Below, the particular biometric technologies either enhanced
or developed in SMARTE.OM are introduced.

1.1.2 Hand Contour Recognition

In SMARTKOM a gesture recognition is integrated, where the hand is used for point-
ing — s0 why not use il 1o recognize the user?

Biometric systems based on hand contour authentication are not new and have
been available since the early 1970s. One of the most well known hand contour ap-
plication is the INSPASS system in the Unites States, allowing frequent travelers
o bypass waiting lines of immigration (*Your hand is your passport’™). Hand con-

ammm s Fuw
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of signing is also taken into account. Typical features are velocity, acceleration and
pressure (Gupta and MeCabe, 1997). Since the signature is a quite variable charac-
teristic, five to six signatures are required during enrollment.

The main advantages of dynamic signature recognition are (Nanavati et al.,
2002):

It leverages exisung processes.

It is perceived as non inlmsive,

It has a high user acceptance.

Users can change their signatures if needed.
It has a “buili-in" liveness test,

Dynamic signarure verification is ideally suited for online applications. The sig-
naiure may be performed on the paper document or pasted into an electronic doc-
ument. Hardware expenses are comparably low: only an off-the-shelf PC tablet is
required. In SMArRTKOM, the flat surface of the tablet also serves as the projection
and pomting area of the SiViT system.

The main ficld of application is the authentication of electronic documents ar

everywhere else where today simple signing is used. Financial transactions (from
insurance (o credit cards) and any form of contract may be safeguarded by this bio-
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nition was applied. The advantages of speaker recognition are;

¢ Itis ideally suited in the context of communication applications and has the abil
ity to leverage existing telephony infrastructure.
s 1tis perceived as nonintrusive.

« It allows for synergy effects in combination with other processes such as speech
recognition.

To account for the natural variztions in everyone's voice a minimum of three enroll-

ments is required. Furthermore, to achieve a high accuracy of speaker recognition,
also some quality measures were developed:

s Anoutlier detectinn engures that a narticnlar neer does not chanes his nass-phrase
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Authentication

Fig. 2. Multimodal biometrics in SMARTEOM

calculated distances between reference and test panerns, whereas scores indicate the
probability that the patterns stem from the same user. Multimodal biometrics are also
binary classification problems, where the dimensions of the feature space depend on
the number of single biometrics considered. The demanding task in multiple bio-
metrics is (o combine or fuse the expert outputs optimally in order to reach a higher
performance than any single biometrics. An ideal multiple biometric system should

meet the following requirements:

higher degree of security than the best integrated individual biometric technology
low and possibly selectable FAR

low and possibly selectable FRR

Aexibility with respect to modification

fast decision time

In addition, multiple biometric systems may also exhibit the following character-

istics:

Increase in robustness and reliability because of redundancy.

Spoofing attacks become more difficult.
Increase in user-acceptance (e.g., if a user can chose his or her preferred biomet-

ric).
Enlargement of the population {e.g., if the universality of a particular biometric

is insufficient).
In general, we distinguished between two main strategies to combine different

biometrics: feature fusion and decision fusion (Ross and Jain, 2003).

Feature fusion (Fig. 3) or early fusion combines all features extracted from differ-

ent modalities. As the new feature space has a higher dimensionality and all features
can be weighted optimally, the strategy is generally believed to be more discrimi-
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Fig. 3. Feature fusion

Most multimodal approaches are based on decision fusion or late fusion, which
combines the output of all single biometrics (Fig. 4). This output of the so-cailed
expert modules are either similarity measurements (costs, scores) or binary deci-

sions. Usually the supervisor or decision module does not need any expert knowl-
edoe about the cinele hinmatrire and thair frabhirse Thoaralfhes thie methad i more
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2.2 SmartKom Approach

The multimodal biometric approach developed in the SMARTKOM project is also a
decision fusion method, but it does not use any of the above-described combination
methods and does not make any assumption about the distribution of scores or costs
like in Bayesian statistic approaches {Bigiin et al., 1997). It is based on the multidi-
mensional probability density of the similarity measurements for the genuines and
imposters, which can be derived from the real measured cost or score distributions
of the individual biometrics,

In the following the approach is described by an example, where biometrics 1, B,
which is based on costs, and biometrics 2, 83, which provides scores, are combined
to an overall multiple biometric system. The cost or score probability densitics of a
single biometric are calculated by normalizing the integrals of the single distributions
to unity. Figures 5 and 6 show the probability densities p,(x), p;(x) of 8 and pg(y),

fi(¥) of 8; for the genuines (g) and impostors (i),
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determination of the single cost or score distributions, the borderlines in the decision
space and for evaluating the combination method.

For speaker verification 1500 genuine and 70,000 imposter costs were available.
The values result from a database of 47 persons and the SMARTKOM speaker ver-
ification system, which utilizes two-digit random numbers between 2| and 99, The
SMARTKOM dynamic signature verification system and a signature database of 20
persons offered 2150 genuine and 2200 imposter scores of the second biometric.

All similarity measurements were divided into a training set for the calculation
of the decision criterion and into a distinct evaluation set to evaluate the described

enmtbhinatian methad Barteainone and svaloatias the sock :'I‘Hi'" arars i linee nrers meo -
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(ROC), and is a standard method o compare different biometric systems (Biometric
Working Group).
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Fig. 9. ROC curves

Page 753 of 1206



Pdultiple Biomelrics 93

logical AND and OR combinations. In every operating point the SMARTKOM ap-
proach exhibits supenor performance to the stand-alone biometrics and the logic
combinations. Furthermaore, the method flexibly allows modification and integration

of different types and numbers ol biometries.
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