Multi-modal Scene Understanding
Using Probabilistic Models

Sven Wachsmuth



Dipl.-Inform. Sven Wachsmuth
AG Angewandte Informatik
Technische Fakultat
Universitat Bielefeld

email: swachsmu@techfak.uni-bielefeld.de

Abdruck der genehmigten Dissertation

zur Erlangung des akademischen Grades
Doktor der Ingenieurwissenschaften (Dr.-Ing.).
Vorgelegt von Sven Wachsmuth am 11. Juli 2001
an der Technischen Fakultat

der Universitat Bielefeld.

Gutachter:

Prof. Dr.-Ing. Gerhard Sagerer
Prof. Dr. Sven Dickinson

Prufungsausschuf3:

Prof. Dr.-Ing. Gerhard Sagerer
HD Dr. Enno Ohlebusch

Prof. Dr. Helge Ritter

Dr. Bernhard Jung

Gedruckt auf alterungsbestandigem Papier °° ISO 9706



Multi-modal Scene Understanding Using
Probabilistic Models

Dissertation zur Erlangung des Grades eines Doktors der

Ingenieurwissenschaften (Dr.-Ing.)

der Technischen Fakélt der Universit Bielefeld

vorgelegt von

Sven Wachsmuth






Acknowledgments

First, | would like to especially thank my advisor, Prof. Gerhard Sagerer, for his open-
minded support, continual encouragement, and fruitful discussions. His way of mediating
experiences beyond technical aspects of research was very inspiring for me. | enjoyed
many joint conference visits with him and the cooperative organization of the workshop
“Integration of Speech and Image Understanding” which was associated with the Inter-
national Conference of Computer Vision 1999.

Secondly, | very much acknowledge Prof. Sven Dickinson from the University of
Toronto for being the second reviewer in my thesis committee. His comments encourage
me to continue research in this area. | have to thank Enno Ohlebusch for his offhanded
readiness to substitute Prof. Dickinson during my defence who had to cancel his flight
because of the terrorist attack happening in New York, Sept. 2001.

The present thesis was embedded in the Collaborative Research Center 360 “Situated
Artificial Communicators” that has been funded by the German Research Foundation.
| joined the research project “Interaktion sprachlicher und visueller Informationsverar-
beitung” (nteraction of speech and image proces3ify three exciting and inspiring
years.

The work would not have been possible without the support of my colleagues of the
“Applied Computer Science” group at Bielefeld University. The intense social and scien-
tific interaction within the group has been very fruitful for my own work. Franz Kummert,
Gernot Fink and Stefan Posch provided many useful comments, hints, and ideas during
the last four years. | have to especially thank Gernot Fink, Hans Brandt-Pook, Franz
Kummert, Christian Bauckhage, and Jannik Fritsch who provided the program modules
that realize the basic speech understanding and vision capabilities of the system. My of-
fice partner Frank tmker could answer nearly any technical question concerning imple-
mentation issues. Finally, | was able to start from previous work and to use data collected
by Gudrun Socher, Constanze Vorwerg, and Thomas Fuhr.

Furthermore, | very much acknowledge Gernot Fink and Thore Speck. Their com-
ments on my thesis significantly improved the quality of the presentation both in content
and language.

Last but not least, | like to thank my family Beatrix and Joris for their patient and
support. The birth of Joris during the preparation of my thesis gave me the necessary
motivation and energy to finish it.






Contents

1 Introduction 13
2 Problem Statement 17
2.1 Robust Processing in Human-Computer Interaction. . . . . ... .. 17
2.2 Basic Principles of Computer Vision. . . . . . .. ... ... ..... 19
2.3 Basic Principles of Automatic Speech Understanding. . . . . . . .. 23
2.4 Integration of Speech and Image Processing
—ANOVEIVIEW . . . . . 27
2.4.1 Psychological experiments and the level of information proces&ng
2.4.2 Linguistics and the symbol grounding problem . . . . . . .. 28
2.4.3 Spatialcognition. . . . .. .. ... . o 29
2.4.4 A categorization of computational systems. . . . .. ... .. 29
2.5 The Correspondence Problem . . . . ... ... ... ......... 32
2.5.1 Knowledge representation and control structutes. . . . . . . 35
252 Spatialmodels. . . . .. ... 40
253 Learning . . . ... ... .. e 43
26 OtherRelatedWork . . . . . . .. ... .. o 50
2.7 Contributions. . . . . . . . L e 53
2.7.1 Aprobabilistic translation scheme. . . . . .. ... ... ... 53
2.7.2 A separate integration and interaction component for speech un-
derstanding and vision base-line systems. . . . . ... .. .. 53
2.7.3 The choice of the applicationarea. . . .. ... ........ 54
2.7.4 Inferenceandlearning . . . ... ... .. ... ... .. ... 54
3 A Model for Uncertainty 57
3.1 Intensional and extensionalmodels . . . . . ... ... ........ 58
3.2 BayesianNetworks . . . . . . . . ... o 60
3.2.1 Definition of Bayesiannetworks. . . . .. ... ... ... .. 62
3.2.2 Modelingin Bayesiannetworks . . . . ... ... ....... 63
3.2.3 How to get those numbers? Some simplification . . . . . . . 65
3.2.4 Modeling corresponding variables. . . . . ... ... ... .. 68
3.3 Inferencein BayesianNetworks . . . . . ... .. ... .. ...... 71
3.3.1 I-maps, moral graphs, and d-separation . . . . .. ... ... 72

3



CONTENTS

3.3.2 Singly connected networks. . . ... ... ... L. 74
3.3.3 Copingwithloops. . . . .. . ... ... ... ... ... 75
3.3.4 A conditional bucket elimination scheme. . . . . . ... ... 84
3.4 Relationto Graph Matching. . . . . .. ... ... ... ........ 91
3.5 Applications of Bayesian Networks . . . . . ... ... ... ..... 93
3.6 Bayesian networks for integration of speech and images . . . . . . . 99
3.6.1 Modelingprinciples. . . . . . ... ... .. 99
3.6.2 Inferencemethods . . . ... ... ... ... ... ..... 101
3.6.3 An application to human-computer interaction. . . . . . . .. 102
Modeling 103
4.1 Scenario and Domain Description . . . . . . .. ... ... 103
4.2 ExperimentalData. . . .. .. ... ... ... oo 105
4.3 The General System Architecture . . . . . . ... ... ... ..... 107
4.3.1 The speech understanding and dialog components. . . . . . 108
4.3.2 The object recognition component . . . . . ... ... .... 111
4.3.3 Speech understanding and visionresults. . . . . .. ... .. 113
4.4 SpatialModeling. . . .. .. ... . e 117
4.4.1 A model for 3-d projectiverelations . . . . . ... ... .. .. 117
4.4.2 The spatial model intwo dimensions . . . . . ... ... ... 118
4.43 Theneighborhoodgraph. . . . . ... ... ... ....... 122
4.4.4 Localization attributes. . . . . .. ..o 124
445 SUMMANY. . . . . o e e e e e e e e 126
4.5 Object Identification using Bayesian Networks. . . . . .. ... ... 128
451 Previouswork. . .. .. ... e 128
4.5.2 Starting points forimprovements . . . . ... ... ... ... 131
4.5.3 An extended Bayesian model for objectclasses. . . . . . .. 133
4.5.4 A Bayesian model for spatial relations . . . . ... ... ... 137
455 Modeling structural relationships . . . . . ... ... ... .. 141
45.6 Integrating the whatandwhere . . . . ... ... ... .... 142
46 SUMMAIY . . . . o o et e e e e e e 144
Inference and Learning 147
5.1 Establishing referentiallinks . . . . . ... ... ... ........ 147
5.2 Interaction of speech and image understanding . . . . .. ... ... 150
5.2.1 The most probable class of the intended object . . . . . . .. 150
5.2.2 Interpretation of structural descriptions. . . . . . ... .. .. 156
5.2.3 Unknown objectnames. . . . . . ... ... ... ... 159
5.2.4 Disambiguating alternative interpretations of an utterance. . 159
5.2.5 Disambiguating the selected reference frame . . . . . . . .. 163
5.2.6 Detection of neighborhood relations. . . . . . ... ... ... 164
5.3 Further Learning Capabilities. . . . . . ... ... ... ... .... 166



CONTENTS 5

6 Results 169
6.1 TestSets . . . . . . . . e 169
6.2 Classification of System Answers . . . . ... ... ... ... .... 170
6.3 Results onth8elect-Objestset. . . . . ... ... ... ... ..... 171
6.4 Resultsonth8elect-Relestset. . . .. .. .. ... ... ....... 173

6.4.1 \rification of the neighborhood assumptian. . . . . ... .. 173
6.4.2 ldentificationresults. . . . . . ... ..o, 175
6.4.3 Qualitativeresults. . . . .. .. .. ... ... .. ... 177
6.5 Object Classification using Speech and Image Features . . . . . .. 178
6.6 Summary. . . . . ... e 179

7 Summary and Conclusion 181
7.1 The Integration of Speech and Images as a Probabilistic Decoding Pi&Ess
7.2 Contributions. . . . . . . ... e 182
7.3 FutureWork. . . . . . . 183
7.4 FinalRemarks . . . . . . .. .. ... ... 184

A The elementary objects ofbaufix" 185

Bibliography 187

Index 199



CONTENTS



List of Figures

2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11
3.13
3.14
3.15
3.16
3.17
3.18
3.19
3.20
3.21

Multi-level integration schemes. . . . . . . . ... ... ... ..... 19
Components of an object recognition system. . . . . . ... ... .. 20
Components of a speech understanding system. . . . . ... .. .. 23
Research directions in the field of integrating speech and images . . 27
Meaning and use of locative expressians. . . . . . . . ... ... .. 30
A categorization of computational systems . . . . .. ... ... ... 31

The correspondence problem in human-computer communication . 33
The correspondence problem in an encoding/decoding framewark . 34

Logical organization of language and vision . . . . . . ... .. ... 36
Projectiverelations. . . . . . . . . . . ... .. .. o 42
The six main variants of using projective relations. . . . . . . . ... 43
Inference rules for learning conceptual symbolsets. . . . . ... .. 48
Inference rules for learning conceptual expressions. . . . . ... .. 49
Example of two Bayesian networks in the tennis domain . . . . . . . 64
Noisy-orgate. . . . . . . . . . 66
Divorcing . . . . . . . e e e e e e e e 67
Anexample ofdivorcing. . . . . .. .. ... o o 68
Modeling of corresponding variables. . . . . . ... ... ... ..., 69
A two-to-two mapping in the tennisdomain. . . . . . . ... ... .. 71
Exampleofamoralgraph. . . . . ... ... ... ... .. ... 73
Singly connected Bayesiannetworks . . . . ... ... ... ... L. 74
Conditioning . . . . . . . . . . e e e 76
Thejunctiongraph. . . . . .. . . .. ... .. .. .. .. . . ... 77
Triangulation. . . . . . . ... 78
Bucketscheme. . . . . . . . . .. ... 80
Finding a good variable ordering. . . . . ... ... ... ....... 82
Calculating the variable ordering for the tennis example. . . . . . . . 83
Bucket elimination for the tennisexample. . . . . . .. ... ... .. 84
Bayesian network with corresponding variables . . . . . . . ... .. 85
Generating the variable order for the conditional bucket scheme. . . 91
A graph-matching example in the tennis domain. . . . . . ... . .. 92
Bayesian network structure of MUNIN. . . . . . . ... .. .. .... 94
Bayesian networks of the TEA-1system . . . .. ... ... ..... 95

7



3.22
3.23

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
411
412
4.13
4.14
4.15
4.16
4.17
4.18
4.19
4.20
4.21
4.22
4.23
4.24

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11
5.12
5.13
5.14
5.15

LIST OF FIGURES

The aspect hierarchy for recognizing primitives . . . . . .. ... .. 97
Bayesian network for speech and image integratian. . . . . .. ... 101
Table scenes in thmaufix"domain. . . . . ... ... ... ....... 104
Frequently named color, shape, and size adjectives. . . . . ... .. 105
Interaction of sysem components . . . . . ... ... ... ... ... 107
Speech understanding and dialog components. . . . . ... ... .. 108
Structured word sequence . . . . . . . ... e 109
Recognition of elementary and complex objects. . . . . .. ... .. 111
Recognition results of a typichaufix"scene. . . . . .. ... ... .. 112
Word and feature accuracies. . . . . . . . ... ... 114
Computation of 3-d projectiverelations . . . . . . ... ... ..... 117
Space partitioninginthe2-dmodel . . . . . ... ... ... . 119
Definition of acceptance areas for the 2-d spatial model . . . . . . . 120
First-level representation of the 2-d spatial model . . . . . .. .. .. 122
Projection of aspatialrelation . . . . . ... ... ... ....... 123
Degreeofseparation . . . .. .. .. .. .. ... .. ... ... 124
The neighborhood graph . . . . . . . .. .. ... ... ... .... 125
Potential fields of localization attributes. . . . . . . ... ... .... 126
Structure of the Bayesian network proposed by Socheretal.. . . . . 129
A Bayesian network modeling objectclasses. . . . . ... ... ... 133
Hierarchy of objecttypenames. . . . . . . . ... ... ... .... 136
A Bayesianspatialmodel. . . . . .. ... ... .. 0 0oL, 138
Bayesian networks for the spatial relatbmtween . . . . ... ... .. 141
Bayesian networks for structural relationships . . . . . ... .. ... 142
Example of daufix” scene.. . . . ... ... ... ... ... .... 143
Bayesian network for integrating the speech and vision. . . . . . .. 144
Selection of the group of possibly intended objects . . . . ... ... 148
Influence of theero-partitioningline . . . . .. ... ... ....... 150
Performance example.l. . . . . . . . . ... ... ... 151
Performance example2. . . . . . . . . . . ... ... 152
Performanceexample3. . . . . . . . . . . ... .. .. . 153
Performance example 4. . . . . . . . . . .. ... 154
Performanceexample5. . . . . . . . . ... .. ... . . 155
Performance example6. . . . . . .. . . .. ... ... ... 156
Performance example.7. . . . . . . . . . .. ... ... 157
Performanceexample8. . . . . . . . . .. .. ... .. .. ... .. 158
Performance example.9. . . . . . .. .. ... ... ... 160
Performanceexample 10. . . . . . . . . . . .. ... L. 161
Performanceexample 11. . . . . . . . . .. .. .. .. ... ..., 162
Performance example 12. . . . . . . . . .. .. ... 164
Performanceexample 13. . . . . . . . . . . .. .. ... ... ... 165



LIST OF FIGURES 9
5.16 An example for a construction dialog. The unknown nafieslage,
engine, and propelledenote subassemblies.. . . . .. ... ... ... 166

6.1 Selection of referenceobjects . . . . ... ... ... ... ... .. 174
6.2 Identification rates with regard to the number of selected objects . . 177



10

LIST OF FIGURES



List of Tables

4.1
4.2

6.1
6.2
6.3

Speechrecognitionresults . . . . .. .. ... . . o oL 115
Objectrecognitionresults. . . . . . . ... ... ... ... ..... 116
Identification results for th8elect-Obget . . . . . . .. ... ... ... 172
Identification result for th8elect-Reset. . . . . . . .. ... ... ... 176
Corrected unique types of precisely selected objects . . . . . .. .. 178

11



12

LIST OF TABLES



Chapter 1

Introduction

How do we explain a picture to another person? We talk about the picture, describe the
colors, shapes, and objects in it, mention how different objects are related to each other.
How do we explain a verbal statement? We show a picture which visualizes the con-
tent of the utterance, the objects mentioned in it and how they are related. In everyday
communication people use various ways in parallel in order to transmit their intention.
They point on something, put on a special face, gesticulate, or refer to the common
environment of the communication partners. They use diffemaodalitiesin order to
communicate. It seems to be just natural to use the same way of interactiamam-
computer-interfaces The consequence is a paradigm shift from passive interfaces, such
as mouse clicks or text typing, to an active communication partner that interprets the
auditive and visual environment, draws inferences using background knowledge, and re-
quests missing information. Subsequently, such an active human-computer-interface will
be calledartificial communicator.

However, the automatic interpretation of signals of a separate input modality, such
as speech understanding, gesture recognition, or visual object recognition are only one
part of the total. In order to build systems which communicate with people in a natural
way, the integration of modalities is an essential task that is not trivial. Each modality
has its own vocabulary and expressiveness. Pointing defines a region or direction of in-
terest, a special face may represent an emotional feeling, speech understanding provides
qualitative facts about the world, and vision perceives and interprets analogous shapes in
the world. | think it is not questionable that different formalisms are needed for process-
ing different modalities, and, indeed, this is the fact in the current state of the art (see
Sec.2.2,2.3). The question is, and this thesis will be an experimental study in this topic,
what is the most promising formalism to integrate the results of the specialized process-
ing components of such a multi-modal system or artificial communicator? How should
the individual components of the system be connected, and how should the processing be
organized? This thesis will give an innovative answer to these questions and present a
realization in a particular domain.

The most complex modalities for human-human communication are the use of lan-
guage and the visual perception of the environment. The understanding of speech and

13



14 CHAPTER 1. INTRODUCTION

visual impressions are abilities that people use extraordinarily well. But they do even
better if they have the chance to integrate visual and auditive information. Many psycho-
logical studies have supported this theory, eBjl712 LP74. The simulation of the visual
and auditive capabilities of human beings on a computer has achieved impressive results.
But the generality and complexity of successfully interpreted signals is far from that ac-
complished by human beings. Therefore, such research is still an extreme and inspiring
challenge. Due to the overwhelming complexity of these understanding tasks several
disciplines have been established in the science commuGiynputer Vision(CV) is
concerned with the interpretation of images and image sequeSpegch Recognition
(SR) is the task of mapping from a digitally encoded acoustic signal to a sequence of
words. Natural Language(NL) processing takes a sequence of words and extracts the
intention of the sentence. They all have achieved impressive results by developing their
own techniques (cf. e.gBB82, RJ93 All95]).

However, the need for integration of different modalities, especially for NL and CV,
has been proposed by various auth®&73, Wal81, Jac87 MP9q. In a very influenc-
ing paper of 1973, Terry Winograd states that

“Most attempts to model language understanding on the computer have followed this
strategy of dealing with a single component of langua§jé/in73, p. 152].

Although Winograd did not have CV in mind, he “describes an attempt to explore the
interconnections between the different types of knowledge required for language under-
standing.” Win73, p. 153]. He describes a system, SHRDLU, that can answer ques-
tions and follow instructions in a simple world of blocks. It uses an internal analogous
world representation that provides the context of the discourse understanding. There-
fore, SHRDLU is one of the first systems integrating natural language understanding and,
in this case, an internal representation of a virtual environment. Twenty years after the
publication of Winograd Hans-Hellmut Nagel asks:

“Why did it take so long to extend SHRDLU or analogous germs into approaches which
evaluate image sequences in order to derive an estimate of the actual configuration
of objects in a depicted real world scene and to represent the recorded activities of
(certain) entities as agents by natural language concep{s®ig94 p. 98].

There seems to be inherent difficulties in switching from an internal virtual environment

to an external realistic environment that is observed by a camera. Nagel mentions the
complexity of real world scenes, the sheer mass of data to be evaluated (even in the
simplest case of monocular gray value video sequences), and a lack of experience in
the development and exploitation of programming tools to cope with the aforementioned
problems as the main reasons. And | will add that one of the most serious problems in
relating results of a vision system and a speech understanding system is the treatment
of uncertainties. In computational systems these uncertainties have to be represented in
numbers leading to the questiddow to get those number€&en today, despite several

very successful research projects and innovating approaches, the question how to relate
natural language and image concepts is generally unsolved. Should we use neural nets as
Steven Harnad suggestddro(, a fuzzy temporal logic like that of Hans-Hellmut Nagel
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[Nag99g, or may a probabilistic framework like Bayesian networsrf94, which have
become very popular over the last ten years, provide the best concepts? | think it will be
an open race even for many years in the future. The only way to obtaining new advances
in this field is to build such systems and to reduce the lack of experience mentioned by
Nagel.

This thesis represents a new step towards a reduction of this lack. It introduces the
usage of Bayesian networks in the field of integrating speech and image understanding.
In an assembly scenario consisting of a robot constructor and a human instructor, an es-
sential part of a human-computer interface is realized which is able to establish referential
links between the visually observed scene and the spoken instructions of a user. This is
a work in progress that has been started by Gudrun So&uoa9[f and was supported
by the work of many other colleagues in tApplied Computer Scienggoup at Biele-
feld University. Socher presented a first step towards employing Bayesian networks in
a speech and image integrating task. In the course of my own work, the paradigm of
the integration component changed from a hybrid approach towards a unified Bayesian
network approach. This will be discussed in more detail in chapter

In the following chapters the contributions of this thesis are presented in detaip-
ter 2 gives an introduction to the topic of integrating verbal and visual information. After
a short review of basic principles in computer vision and automatic speech understanding,
different directions of research are discussed leading to a positioning of this tBkajs-
ter 3 developes the theoretic background of the proposed solution. Bayesian networks
are introduced as a mathematical framework for reasoning with uncertai@tiapter 4
applies the theoretical model to a particular domain. A human-computer interface is re-
alized for a construction scenariGhapter 5 examines different possibilities of drawing
inferences in the proposed uncertainty model giving several performance examples of the
implemented system. Further learning issues are discussed as an ouloajter 6
guantitatively evaluates the realized system showing its roboustness with regard to erro-
neous input data. Finallghapter 7 summarizes the contributions of this thesis and gives
an outlook to future work.

Notational remarks

Names, spoken text, and emphasized words or passages are writi#dio ivWhen a new
term introduced in the following text this is written bold-face italic
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Chapter 2

Problem Statement

Abstract. In order to understand the contribution of this thesis, the position-
ing and the limitations of the solved problems must be known. Therefore, an
overview of the research directions concerning the integration of speech/NL and
image processing is given and some basic principles of automatic speech under-
standing and computer vision as separate modalities are presented. Finally, the
scope of the thesis is described in more detail and related work from literature
is discussed.

2.1 Robust Processing in Human-Computer Interaction

The development of intuitive and natural human-computer interfaces is an important re-
search topic that influences and is influenced by the integration of computer systems in
our daily life. The perception of what we say and what we see are two natural abilities
that constitute an intuitive communication. However, the natural character of a commu-
nication does not exclusively rely on the kind of modality that is used. It also depends on
the syntax and processing of the transmitted content. An instructiond@ikenputer -

take - object - eleven " is very unnatural in the choice of vocabulary, in terms

of speaking isolated words, and using unique numbers for object identification. Its syntac-
tic structure is very simple and well defined. A natural instruction would be for example
“Mhm now I'd like you to take this big/ er long part that is in front of — the Phillips
screwdrivet. The words may be spoken with varying speed, words are shortetiéd) (*

or aborted (big/"), and hesitations (Mhnt, “er’) and corrections violate the syntactic
constraints. The identification of objects suffer from vague descriptidosd®.. in front

of”). Words like “Phillips” might not be modeled. A big problem is the selectivity of
any choice of vocabulary. Furnas et al. showed that for complex systems “many, many
alternative access words are needed for users to get what they Wa@DB7, p. 971].

First, they informally describe an experiment during which people were asked to name
a command for a specific information retrieval, namely interesting activities in a ma-
jor metropolitan area. Less than a dozen pairs of more than a thousand selected the same
name. This is confirmed by six experiments in five different domains: text editing (48 typ-
ists), decoder command naming (100 system designers), common objects (337 students),

17



18 CHAPTER 2. PROBLEM STATEMENT

category selection of ad items (30 homemakers), and keywords for recipes (8 cooks, 16
homemakers). The probability of two people applying the same term to an object is re-
ported to be between®@7 and 018 [FLGD87]. They conclude that an interface design
has to “begin with user’'s words, and find system interpretations. We need to know, for
every word that users will try in a given task environment, the relative frequencies with
which they would be satisfied by various object&1L{zD87, p. 968].

In the same manner, for a vision system isolated symbols or bar codes, colored line
drawings or geometric solid blocks can be recognized more easily than pliers and numer-
ous other tools in a complex workshop environment. A two-class problem can be solved
more accurately than the distinction of a hundred different object classes or the local-
ization and recognition of general shapes. Experimental settings with controlled lighting
conditions can be handled more stablely than outdoor scenes with different weather con-
ditions. An unconstrained system that is able to recognize and understand general speech,
to detect, localize and classify general objects, and understand its natural visual environ-
ment is currently not feasible. The task of a researcher is to find a compromise between
complexity and tractability. Therefore, the terobust processings always limited to a
constrained test domain. Anything outside this test domain will be treated as noise. In
this sense, one aspect of robustness is the performance of the system under noisy input.

However, besides this external source of noise, the system has to face an inherent error
source resulting from the ability of the system to abstract from measured data. The pro-
cessing of such audio or image signals is typically divided into different processing levels
in order to simplify the processing task (see the following sectibfs2.3 for a further
discussion). For example, the lowest level represents a digitized image. The next one ex-
tracts regions of homogeneous texture or color. On the following level the shape, texture,
and color of those regions is characterized by a set of classification nurebeesntricity,
spatial frequency, color valugs One step further, combinations of shape descriptions
are assigned to object labeldjacent wooden and metallic elongated regions with or-
thogonal main axes may form a hammerhe highest level may qualitatively describe
the relations of the objects found in the observed scdreammer is in the toolbdx
In traditional horizontal architectures the system answer or action is solely based on the
highest level of interpretation (Fig.1(a). However, on each processing level decisions
reduce the information basis of the subsequent level. Regions abstract from specific pixel
values. Shape descriptions abstract from a precise boundary representation. Object labels
abstract from the appearance of the image object. Qualitative descriptions abstract from
the numeric coordinates of the position and orientation of an object. Consequently, any
decision on a lower level deeply influences subsequent decisions on higher levels. Errors
are propagated. The information thihie hammer is in the toolboxelies heavily on the
decision if some pixel values have the same color.

The robustnesof the system describes how the system answer or action is affected
by propagated errors. Decisions on lower processing levels typically consider local char-
acteristics of the input signals that may indicate a wrong hypothesis. Therefore, the key
issue for a robust system is to passively or actively control the subsequent reduction of
the input data to a qualitative symbolic description. Temporary inconsistencies may be
resolved by exploiting theedundancyin the verbal coding of the speaker’s intention, in
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system answer/action system answer/action
. . 2
integration level ()
——————————————— P '; -
--- - - -—-- --- -—|>g<|— -—--
<
R N -———— —-—|>‘°"D<|—— -
Q
________________________ —T s <+—-_-->____
speech signal image signal speech signal image signal
(a) High-level integration (b) Multi-level integration

Figure 2.1: Traditional high-level integration schemes (a) lose much information be-
cause of low level errors that are propagated to higher levels of abstraction. Integration is
performed without considering the cause of errors on higher levels. Multi-level integra-
tion schemes (b) are able to model these error propagations which consequently leads to
a more robust system behavior.

the visual coding of a referenced object, and the redundancy in the combined auditive and
visual information. As a consequence, high-level integration schemes must be substituted
by multi-level integration schemes (Fig.1(b) that open up the possibility of a tighter
interaction between the interpretation processes of different modalities.

2.2 Basic Principles of Computer Vision

Since the early days of artificial intelligence in the nineteen fifties the idea of building a
machine that can perceive its visual environment just the way like humans can see using
their eyes has been a great challenge for computer scientists. Various approaches have
been proposed and many books have been published about this topic (cBE8g, [
Fau93). Since a general discussion of this topic will be far beyond the scope of this
thesis, this section concentrates on some basic principles which can be found in almost
every computer vision system. This section is mainly based on an introductory chapter
by Sven J. DickinsonDic99], and a more cognitive overview by Steven Pinkemi4.
Dana Ballard and Christopher Brown defi@emputer Vision(CV) as follows BB82,
p. Xiii]:
Def.: Computer Vision is the construction of explicit, meaningful descriptions of
physical objects from images.

Physical objects may be any kind of entity which is relevant for an application. For
example, if we wanted to find ships in aerial images showing a harbor, the physical objects
would be the ships lying in the harbor and the description would be their type and position.
In a medical application checking the functionality of the heart valves these would be the
physical objects and the description would include the regularity of their movement. In
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Figure 2.2: Components of an object recognition system [@tdJ9)).

the first case, a single still image — maybe infra-red — will be interpreted, in the second
case a sequence of ultrasonic images will be the input for the computer vision system.

This section will concentrate on some aspects concerninglijeet recognitiortask,
i.e. assigning a label to an image object. It is one of the primary functions of the human
visual system. Recognition allows us to understand the content of images and to ground
the image object in our own experiend®i¢99]. In a computer vision system the label
assigned by object recognition links the pixel image of a physical object with the knowl-
edge base of the system. In Fig2typical components of an object recognition system
are shown. The input of the system igligital imageand anobject databaseontaining
a number ofobject modelghat code the knowledge of the system about the objects to
be recognized. In the first step an appropriate sétaturesare extracted from the im-
age such as edges (brightness discontinuities) or regions (homogeneous image patches).
These features may lggoupedin order tohypothesize objecta the image. An inherent
task of the grouping process is the separation of an image object from its background,
because the grouped collection of features is used as a searchikegxing primitive
in the object database and, therefore, should only contain information caused by one ob-
ject. The generation of object hypotheses is a matching procedure of grouped features
and object models. If a single object model has a valid match the recognition procedure
is complete. Otherwise a last step has to verify each object hypothesis (matched object
model) in the input image in order to decide for the most probable one.

The first three steps are described as bottom-up (data-driven) processes, whereas the
verification step is a top-down (model-driven) process. However, this does not imply that
the grouping process may not influence the feature extraction process or that the grouping
is independent of the selection of candidate objects. These very complex interactions may
certainly increase the reliability and performance of the recognition systenbditom-
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up andtop-downterms shall indicate the initial starting point of the analysis process.

In order to make the different processing steps of this abstract object recognition
scheme more concrete, the following passages will describe how different recognition
paradigms fit into this framework.

Template matchings an aspect or view-based scheme. The object database contains
replicas of digital image projections of the physical object stored in an object model.
The feature extraction is just the selection of an appropriate window of the image or the
image itself. This is used without any grouping directly as an index to the database. The
matching is mostly realized by computing a correlation measure and the object model
with the highest correlation is selected.

In feature modelsan image object is transformed to a finite set of classification num-
bers, one for each feature (feature extraction and grouping). A feature may be thought
of as a “mini-template” that characterizes the shape of the image object. If an object is
to be recognized from different positions, angles, distances, or in different lighting con-
ditions, the features should be invariant across the corresponding transformations such
as translation, rotation, scaling, or variation of illumination. The classic approach to re-
alize the indexing into a finite set of object models given the set of featuneattisrn
classification[Sch98. Each object model corresponds to one object atasehe object
image is interpreted as a pattefifk) that describes a function of measurements taken at
positionsX. For each pattern a feature vectis given, that is the set of classification
numbers. A discriminating functiot(C) maps each feature vector to a classhat is the
index of the object model. The discriminating function may be defined by distance mea-
sures (e.g. next neighbor classification), minimization of an error measurement (e.g. back
propagation networks, polynomial classifiers), or probability distributions (e.g. Bayesian
classifiers) (cf. e.g.9ch98g).

The idea ofstructural descriptionds a divide and conquer strategy. In order to rec-
ognize a complex object it idividedinto meaningful subparts that are recognized more
easily. If these subparts have been detected in an image they may be combined by test-
ing specific relations stored in the object modabriquerstep). An object model may
consist of several decomposition levels resulting in a complex hierarchical description.
Now, the feature extraction process has to detect primitive subparts in the image. The
grouping process has to select a subset of primitives which shall be checked against the
object database. Often, the object models have graph-based representations with primi-
tives as nodes and relations between these subparts as edges. Such relations may also be
established in the grouping process, so that the indexing into the object database can be
realized as a comparison of two graph-based descriptions (se&eR384,[Vos91).

In all three cases (template matching, feature models, structural descriptions), noth-
ing has been said about the verification step in the object recognition scheme. The reason
is that any additional criterion that may be used for a verification can also be used in the
indexing step because it is defined in the same formalism. A useful verification criterion
must be based on another source of information or another complementary extraction
method. Therefore, the object verification step is a possibility to combine different recog-
nition paradigms, e.g. to verify an hypothesis based on a feature model, which may be
computed very fast, by a structural analysis, which may be more time consuming.
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The recognition of 2-d and especially 3-d objects suffers from diverse difficulties that
cause recognition errors to be inherent to any object recognition strategy. Perspective
displacements, dilations or contractions, rotations, parts that disappear or emerge, images
that become blurred and lose finer details, or lost parts that are occluded are only some
aspects which have to be considered when defining object models and indexing strate-
gies. The correct grouping of features suffers from the problem that edges or regions can
neither be distinguished from edges and surface details of surrounding objects, nor from
the scratches, surface markings, shadows, and reflections of the object itself.

However, the recognition strategies have different benefits and drawbacks. Template
matching works well for isolated objects and has difficulties with occlusions or changes
in distance, location, and orientation. Feature models can easily take account of invariant
properties of image objects, but typically do not consider spatial dependencies of model
features which causes some serious problems d8&7]). Another restriction is that
it is almost impossible to define natural shapes in terms of a fixed dimensional vector of
classification numbers. The advantage of structural descriptions is the explicit representa-
tion of meaningful decompositions and relations. They can be easily used to reason about
the structure of an object and to connect the object structure with background knowledge.
Another possibility is the definition of generic object models which describe an unlimited
set of objects by means of combination rules of primitives. The most serious disadvan-
tages are that we need another paradigm in order to recognize the primitives of our model
and that such models are very difficult to learn automatically.

A computer vision system which is used as a perceptual front-end of a human-
computer interface must enable the complete communication system to reason about the
visual environment in a robust manner. Especially, it has to define interaction points with
other modalities like speech understanding. There are two steps in the object recognition
scheme that are promising for interaction purposes:

e The indexing step: Visual features can be combined with verbally mentioned fea-
tures in order to obtain more precise queries to the object database. Therefore, the
vision system must be able to provide or represent unclassified object hypotheses
that are described by some set of visual features or another kind of visual charac-
terization. These indexing primitives will be calledknown objects

e The verification step: Verbal information can be used in order to detect visual
recognition errors to refine object categories, or to weigtdmpeting interpre-
tations i.e. alternative object hypotheses. Without previously calculated visual
information, the object model that is hypothesized by the verbal information can
define atop-down starting pointor visual analysis.

This thesis will explore aspects of both possibilities, which may be considered to happen
on different layers of abstraction. It will be shown that both kinds of interaction can be
realized in the same interaction framework.
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Figure 2.3: Components of a speech understanding system in a discourse context.

2.3 Basic Principles of Automatic Speech Understanding

Language is the most effective medium in human communication. However, that we
effortlessly understand and use language in our daily life is in contrast to the complexity
of the information processing task that has to be realized in a computer system which has
only marginal language understanding capabilities.

In computer sciencdormal languages- like ‘C’ or ‘Lisp’ that are invented, rigidly
defined, and easily processed by computers — are dividedrfedunal languages- like
Chinese, English, or German that humans use to talk to each other. In the following some
basic principles and problems concerning the understanding of spoken natural language
will be discussed. Traditionally, this research area is divided $p@ech recognition
andnatural language(NL) processing or understanding. Therefore, this section is also
devided into two parts. The speech recognition part is merily based on the books of Kai-
Fu Lee Lee89 and Douglas O’Shaughness®’B50Q whereas the understanding part is
based on the books of James All&il95] and Ray Jackendofflpc89.

Both reseach fields have a long history in artificial intelligence. Russel and Norvig
give the following definition for speech recognitioRNI95, p. 757]:

Def.: Speech recognition is the task of mapping from a digitally encoded acous-
tic signal to a string of words.

In linguistic terms, speech recognition is a transformation fromattmustic leveto the
orthographic ottextual level An important subtask is the segmentation of the speech
stream into single utterances, words and, sometimes, syllables. These discrete linear ele-
ments are not directly apparent on the acoustic level. For example, consider the boundary
between words in a pair like “Dick stops” versus “Dick’s tops”. The distinction between
their acoustic representations is not a space of silence before the 's’ or after the 's’. The
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primary difference appears in the acoustic realization of the 't’ that follows the ’s’ (see

[Jac89 p. 58]). The phonetic structure and the acoustic realization of words is mostly
modeled by Hidden Markov Models (HMMs) that combine the decompositional aspects
with the framework of a statistical classifier. The main challenges of speech recognition
arespeaker independeng¢eontinuous speecHarge vocabulariesnatural tasks[Lee89

pp. 2], androbustnes§MRBOQ].

The selection of appropriate features for the recognitizer is mainly based on ex-
perience, and most parametric representations of a speech signal are highly speaker-
dependent. Consequently, a set of reference patterns suitable for one speaker may perform
poorly for another. In order to recognize speech from any new speaker, speech parame-
ters have to be defined relatively invariantly between speakers, or multiple representations
have to be used. Another possibility is speaker adaptation which starts with an existing
set of parameters that are slightly modified during the first sentences of a new speaker.

Continuous speeclhis significantly more difficult than isolated word recognition.
First, word boundaries are unclear and, secondly, co-articulatory effects are much
stronger. Thus, the pronuncation of the preceeding word ending and that of the subse-
quent word depend on each other. Thirdly, content words (nouns, verbs, adjectives, etc.)
are often emphasized while function words (articles, prepositions, pronouns, short verbs,
etc.) are poorly articulated.

In 1989,large vocabularyspeech recognition started with vocabularies of about 1000
words [Lee89. Today, this term typically means a vocabulary aboved00 words, e.g.
Hermann Ney and Stefan Ortmanns report speech recognition results with a vocabulary
of 64,000 words [NO99. One fundamental problem of large vocabulary recognition
is that words cannot be modeled individually, because of a lack of sufficient training
material. Therefore, appropriate subword units have to be identified and used. The more
the vocabulary is increased, the more difficult is the classification problem because the
search space of possible word sequences explodes. Thus, special search strategies must be
applied in order to retain contraN[099. The word context becomes even more relevant
and must be exploited in the processing as early as possible to restrict the search space
and prune unpromising search paths. Typicddpguage modelsn form of grammars
or probabilisticn-grams are used to constrain possible word sequences. However, there
is a trade-off between the size of the vocabulary and the restriction on word sequences.
Large vocabulary speech recognition is mostly applied to controlled read speech whereas
acceptable recognition rates for uncontrained spontaneous speech are only obtained for
smaller vocabularies.

The termnatural taskrefers to these constraints on possible word sequences that may
be uttered by a speaker. As mentioned previously, they are typically represeritad by
guage modelsn form of grammars or probabilistic-grams. Besides the restriction of
the search space, language models are a powerful technique to disambiguate homophones,
such as ‘buy’ and ‘bye’, or words with a similar pronuncation, such as ‘dog’ and ‘dock’.
One aspect of natural tasks is covered bypbeplexity, an information-theoretic mea-
surement of the average uncertainty at each decision point, i.e. the word possibly uttered
next (cf. e.g. [ee89 p. 8]). Another aspect is that of novel, erroneous, or incomplete use
of language. These phenomena — typically refered tpastaneous speedh contrast
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to read speech- violate any strict definition of a sentence grammar and, therefore, must
be handled by exception rules or soft grammar definitions.

Humans even recognize speech in the presence of noise. They are able to separate
the speech signal from environmental background noise (e.g. in cars), human noises (e.g.
breathing or smacking, other speaking people), or echo effects. The transferred ability
of computational speech recognition systems is caldistness It describes how the
performance of a system changes from laboratory to realistic environmental conditions
[MRBOQ].

In parallel tocomputer visionthe termnatural language understandingnay be
defined by the following task definition:

Def.: Natural language understanding is the construction of an explicit, mean-
ingful representation of a string of words.

Therefore, the interface between speech recognition and natural language understanding
is a string of words. The problem with this widely used architecture is that knowledge
sources and processing are both completely separated into recognition and understanding
parts. These constraints may either be softened by exchanginghibst solutions of

the recognition process — that can be represented compactly by a word graph — (see e.g.
[AN95, WAWB*94]) or by incorporating knowledge used in the understanding part into
the recognition process (see e.§Z92 HW94, WFS98 BPFWS99).

Traditionally, three levels of processing are distinguished in natural language under-
standing. Thesyntactic levebdescribes the structure and word order of a sentence. First,
words are classified into parts of speechentical categoriesuch as noun, verb, adjec-
tive, adverb, preposition, and conjunction. Secondly, words are combined into phrases,
which are themselves classified inthrasal categoriesuch as sentence, verb phrase,
noun phrase, and prepositional phra¥zcB9 p. 68].

The distinct treatment of theemantic leveland thepragmatic levelis a matter of
discussion in the language processing communiBeranticss the study of aspects of
meaning that are due purely to linguistic forndac89 p. 121]. It analyzes the meaning
of a sentence independent of the conteRtdgmaticss the study of aspects of meaning
that arise from the interaction of language with one’s nonlinguistic perceptions, with one’s
knowledge of the social circumstances in which the sentence is uttered, and with one’s
general knowledge of the worldJfc89 p. 121]. Such a context may also be given by
the history of a discourse in a dialog. Both levels may be subsumed urndeicaptual
levelwhich is based on a unique knowledge representation.

The automatic understanding of natural language is far from being straightforward.
A central problem are various casesamfbiguity— i.e. competing interpretations that
appear on each level of analysis. Lexical ambiguity emerges if a word has more than one
meaning (“hot”: warm, spicy, electrified, radioactive, etc.) or category (“back” go back,
back door, the back of the room, back up your files, etc.). Syntactic or structural ambigu-
ity is often referenced for propositional phrase (PP) modifiers (“He sees the man with the
telescope.”) that may be attached to either the verb or the noun phrase. Semantic ambigu-
ities arise as a consequence of lexical and syntactical ambiguities or different meanings of
word combinations (“coast road”: road follows or leads to the coast). Referential ambi-
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guity is a pervasive form of semantic ambiguity. Typical forms are anaphoric expressions
such as “it” that may be a representative for any entity. Pragmatic ambiguity results from
a disagreement between the speaker and the hearer on what the current situation is (“We
will meet next Friday”). Vague meanings are another kind of semantic ambiguity that
may have consequences on referential ambiguities (“I will take the big one.”).

There are several evidences that can be used in order to disambiguate competing in-
terpretations. Lexical evidences may be a preference of one meaning of a word. The
preference to attach a modifier to the most recent constituent is a syntactical evidence.
The semantic interpretation of other parts of the sentence introduces another kind of pref-
erence that can be formalized as a conditional probability (“ball, diamond, bat, base” in
the baseball senses, “| ate spaghetti with a fork” versus “| ate spaghetti with a friend”). A
pragmatic evidence can be given by information extracted from the discourse history or
the visual context (we have been told that “he” is using a telescope, or we see that “the
man” carries a telescope).

The usage of speech as a fast, robust, and natural input modality in human-computer
interaction has consequences on the representation and processing issues. Spontaneous
speech introduces many phenomena such as novel yaberted words, incomplete
sentences, and hesitations that force recognition errors and increase the complexity of the
understanding task. The sentence structure is often corrupted guattiat interpreta-
tions of utterances are needed. Visual information may improve the performance of a
speech understanding system on nearly every level of processing. On the orthographi-
cal or word level, visual information can be used to constrain word sequences expected
by the speech recognizer. As reportedNSF"95] the perplexity of a test-set could in-
deed be reduced by applying such a strategy. But a significant reduction of the error rate
could not be achievedyntactical ambiguitiesan be resolved by looking into the scene.
Therefore, a scoring scheme based on visual information can be integrated into a parsing
strategy KWK99]. On a semantic levepartial informationabout referenced objects or
actions can be completed by visual information. An important observation in the case
of speech input, in contrast to textual input, is that a fused object description might not
be consistent due t@cognition failures Additionally, establishing the semantic corre-
spondence between verbal descriptions and object classes might be affected by newly
introducedunknown words This thesis will refer to the termanknown wordas a word
with unknown semantics. Thus, it is included in the recognition lexicon and the possible
syntactic categories will be constrained to specific open vocabulary word classes. These
restrictions simplify the task of processing unknown words in order to make this problem
tractable for the scope of this thesis.

1 Here the terrmovelis used with regard to a modeling lack in the speech recognition or understanding
part. In the following, this thesis will refer to the teramknown wordss a word with unknown semantics,
i.e. itis included in the recognition lexicon and the syntactic category noun is assumed.
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Figure 2.4: Research directions in the field of integrating speech/NL and image process-
ing.

2.4 Integration of Speech and Image Processing
— An Overview

The topic of integration of speech and image processing is an interdisciplinary study. The
way how psychology, linguistics, and computer science interact is very well characterized
by Jeffrey Mark Siskind: “I believe that the link between language on the one hand, and
perception and action on the other hand, is the cornerstone of higher cognition. Under-
standing and modeling how we talk and reason about what we see and do is the key for
us to understand our own minds and ultimately create artificial on8&9§ p. 2]. The
dualism ofunderstandingand modelingis the main aspect that will be reflected in the
following considerations.

2.4.1 Psychological experiments and the level of information processing

Psychological experiments that explore this link aim at answering questions about human
cognition. However, experimental studies in this area have to be designed and interpreted
very carefully. As Stephen M. Kosslyn states: “The scientific method rests on being able
to distinguish among alternative hypotheses to everyone’s satisfaction, which requires
that the subject be publicly observable. [...] Mental events are notoriously difficult to
put on public display.” Kos94 p.1-2]. If mental states cannot be observed and inter-
preted directly, the level of description has to be changed. Therefore, most psychological
studies describe cognitive systems at a more abstract functional level, i.e. the level of
information processing as described by Newell, Shaw, and Simon: “At this level of theo-
rizing, an explanation of an observed behavior of the organism is provided by a program
of primitive information processes that generates this behavid8958 p. 151]. The
theory is not at all concerned with physical structures in the human brain. Instead, human
behavior is reconstructed by a number of memories, a number of primitive information
processes operating on them, and a set of rules that combine these processes into complete
programs. Using this perspective, many phenomena have been described which imply a
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tight interaction of visual and verbal processing. For example, Paivio has discovered that
one’s ability to learn a set of words can be predicted well by how easily one could vi-
sualize their referentPgi7]. John D. Bransford and Marcia K. Johnson have shown
that subjects would be able to comprehend a passage of text quite easily if they received
the appropriate prerequisite knowledge from a picture providing information about the
context. Subjects who did not have the access to the appropriate knowledge would find
the passage difficult to understargl)[fJ. In another experiment described by Elizabeth

F. Loftus and John C. Palmer subjects watched films of automobile accidents and then
answered questions about events occurring in the films. They show that the phrasing of
the question used to elicit the speed judgment (use of different verbs: smashed, collided,
bumped, hit, contacted) influences the estimate. They draw the conclusion that questions
asked subsequently to an event can cause a reconstruction of that event in one’s memory
which influences the answers of further questidr®74]. The ability to reconstruct an

event in one’s memory is further referenced by Shepard and Cooper who showed that
people can mentally rotate objects in images, and that this rotation operation is incremen-
tal. Therefore, they conclude that analogous representations are used in mental reasoning
[CS73 SC83. A much deeper discussion about the representation and reconstruction of
visual sensations in the brain can be found in the book “Image and Brain” of Stephen M.
Kosslyn [Kos94. He especially discusses the need of analogous representation against a
pure propositional approach which is also known astegery debate

2.4.2 Linguistics and the symbol grounding problem

The linguistic part is very tightly coupled with psychology and computer science. The
main topics which are relevant in this context are language acquisition and speech percep-
tion. The first one investigates how children are able to learn the use of language whereas
the second one develops theories about the mental process of understanding language.
Both areas have been influenced by methods developeadifitial intelligence, which

tries to build intelligent systems using computational methods. It is intensively discussed
whether computer systems, in principle, are able to simulate human cognitive processes
such as language understanding. Does a computer program really understand a text, does
it really learn the meaning of a new word, or can it only manipulate some symbols? These
even psychologically relevant questions are raised irsyimebol grounding problenas
described by Stevan Harnaddr9(q and Searle’s Chinese roor8¢a8(. The key point

of both argumentations is that a purely symbolic system cannot learn and represent the
meaning of its symbols. Therefore, Marconi states, that “natural-language understanding
systems [which are typically realized as symbolic systems] are only metaphorically such,
for they do notreally understand natural languageM&r96, p. 120]. In order to under-

stand a story, Marconi distinguishiederencial competencandreferential competence

of a system. The former is the ability to draw conclusions from facts that we know from
the story or that had been given before, e.g. from “there are four elephants in the living-
room” the system may infer that ‘there are an even number of animals in the house'.
The latter refers to the ability to check the truth condition of such sentences in the “real
world”. A symbolic system cannot verify the sentence unless the “real world” is given
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to it through a linguistic description. Therefore, the meaning of the symbol ‘elephant’ is
extrinsic to the system. The symbol grounding problem may be solved by “interfacing a
linguistic analyzer with a vision system MP96, p. 140]. However, how to connect them

in an appropriate manner is an open question.

Connecting lexical word entries with visual recognizers would not be a sufficient
solution. The referential competence does induce the grounding of the whole phrase.
Therefore, it has to interpret the ‘elephant’, the ‘living-rooamdthe preposition ‘in’ in
combination.

2.4.3 Spatial cognition

The studying of such locative expressions is a research topic of its own and is often
referred to aspatial cognition Indeed, there are psychological evidences that “apprecia-
tion of an object’s qualities and of its spatial location depends on the processing of differ-
ent kinds of visual information”"yM82, p. 578] and are localized in different specialized
cortical areas. Ungerleider and Mishkin distinguish'tvbat’- and “where”-systemsof

the human brain. Nevertheless, locative prepositions cannot be interpreted independent of
the involved object types and shapes, rather without considering context and background
knowledge (see Fig.5), as impressively shown by Annette Herskovlie[8q. Barbara
Landau and Ray Jackendoff argue that shape is used by the “where”-system in a very
sparse and abstract sense whereas the “what”-system exploits shape information in a very
detailed mannerl[J93. They draw a parallel to the observation that we use more than
10.000 nouns to describe object classes but only about a hundred prepositions to describe
object locations. Herskovits mentions two central questions of spatial cognition. “The
decodingquestion is: given a locative expression used in a particular situation, can one
predict what it conveys, how it will be interpreted — that is, provided it has been used
approximately? If not, can one explain the inappropriatenessgfdtedingquestion is:

given a situation with two spatial objects, can one predict the locative expression that can
be used truly and approximately to describe their spatial relatioH@tdg p. 11]. The
answering of these questions results in a huge number of different computational models
that try to formalize spatial relations under different constraints and contexts. Section
2.5.2will discuss some of the relevant aspects of such spatial models.

2.4.4 A categorization of computational systems

The primary goal of computer science is not to discover principles, representations, and
processes that humans might use for perception and cognition. Its primary goal is the
design and construction of computer systems that realize a predescribed functionality.
Therefore, a system which shall communicate with a human partner in a natural way must
share some capabilities with humans such as understanding speech, recognizing objects
in the environment, or interpreting locative expressions but need not implement these
functions in the same way. Nevertheless, itis often useful to adapt principles discovered in
cognitive psychology or linguistics because they describe a system which has the intended
functionality —i.e. the human being.
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The pear is in the bowl. The potatoe is under the bowl.

(a) The Meaning of spatial relations diverges from simple geometric
relations.The pear is in the bowhlthough it is not in the interior of the
bowl. In the second example the potato is in the interior of the bowl,
but it isnot inthe bowl. The meaning is restricted by the orientation of
the bowl.
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A is to the right of X. B is to the right of X.

(b) The applicability of the spatial relatiaight betweenX andA is influenced by
the introduction of another contextual obj&tNow, in many situations onl is
to the right of X

Figure 2.5: Divergences, unexplained restrictions, and unexpected context dependencies
in meaning and use of locative expressions (fréter8g p. 14,15,16]).

A good overview of computational models and applications for integrating linguistic
and visual information is given by Rohini K. Sriha®1i94]. She distinguishes between
systems dealing with a single input stream, either language or visual inputs, that rely on
integrated visual/language knowledge bases, and systems incorporating both linguistic
and pictorial input streams.

A first representative of the first category is Natural Language Assisted Graphics
(NLAG). “In such systems, a natural-language sentence is parsed and semantically inter-
preted, resulting in a picture depicting the information in the senten&ei94 p. 188].

Waltz proposes an “event simulation mechanism” for such purpa¥ak8ll]. It shall be
capable of making plausible judgments about descriptions, is necessary for the resolu-
tion of anaphoric reference, circumvents short-term-memory limitations, and is a basis
for mental imagery Kos94. Other work, mainly concentrates on the interpretation of
locative expressionsADG84, OMiT94] which establishes the understanding-modeling
link to spatial cognitior2.4.3
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Figure 2.6: A categorization of computational systems.

The counterpart of NLAG is the generation Matural-Language Descriptions of
Pictorial Information. “The problem is to generate a coherent text describing rele-
vant objects, relationships between objects and events which are implicit in the output
of the vision system.” $ri94. Typical domains are the descriptions of traffic scenes
[NN83, Nag94 Nag99 HBOQ], the generation of sports commentaky§95, LVW93],
best path descriptions in landmark navigatiéiKp9], or the description of locations in
medical images like radiograph899]. Optical Character Recognitio{fOCR) may
also be seen as a function that generates a symbolic description from pictorial input
[Sri94). However, the characteristics of such a process is quite different from those men-
tioned earlier. The input data is inherently symbolic as it is just another coding of text.
Nevertheless, the recognition of handwritten text remains a challenging problem.

The second category includes systems that incorporate linguistic and pictorial inputs.
Srihari classifies them into four distinct areas: (i) diagram understanding, (i) map un-
derstanding, (iii) computer vision systems, and (iv) multimedia systddisgram un-
derstandingis the problem of producing an integrated meaning of combined groups of
primitives (lines, curves, text, icons) which have to be extracted by a segmentation pro-
cess (see Se@.2). Thus, it is possible to interpret documents such as maps, weather
maps, engineering drawings, business graphics, &B9(, Raj94. Map understand-

ing is mentioned by Srihari as an extra subcategory which closely related to diagram
understanding. She gives two examples: The system of Yokata et al. uses a common
intermediate representation in order to present information given as visual input verbally
and linguistic information pictorially in a weather report systeriTk84]. The system

of Reiter and Mackworth uses a formal framework in order to interpret geographic maps
[RM87]. Correspondences between domain, image, and scene knowledge are thereby
specified in an explicit manner. In the context of incorporated linguistic and pictorial
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inputs,computer vision systemsonsider situations where pictures are accompanied by
some descriptive text. The main idea of these systems is to benefit from the interpretation
of text in image analysis and vice vergeJT81, TR87, SB94 ZV88].

The last area is that ohultimedia systemécf. e.g. May93). These “integrate data
from various media (e.g., paper, electronic, audio, video) as well as various modalities
(e.q., text, tables, diagrams, photographs) in order to present information more effectively
to a user.” pBri94, p. 194]. Therefore, the design of intelligent user interfaces, which are
able to automatically determine the referents when using deictic gestures and speech with
reference to a visualized diagram or chart, is a main topic in this area. In contrast to
computer vision systems, multimedia systems have total control of the common visual
field which is internal instead of external to the system. This eliminates the need for an
image interpretation system.

An additional area not mentioned by Srihari aedio-visual processing systems
which benefit from a combined audio-visual input on a lower level than the linguistic
processing level. They utilize the fact that human speech is bimodal both in production
and perception when lip movements can be observed. That the human perception of
speech is affected by the visual cue of lip movements has been shown by McGurk and
MacDonald (see “McGurk Effect’'NIM76]). These effects are used in applications such
as audio-video coding, audio-visual speech recognition, or person verific@iR®i].

The central question in all system categories mentioned is how to correlate au-
dio/linguistic and image/graphical data. This is also known astieespondence prob-
lem[Sri94, p. 350] which will be discussed in more detail in the next section.

2.5 The Correspondence Problem

Srihari defines theorrespondence probleas “how to correlate visual information with
words [...] [or more precisely with] events, phrases or entire sentenSei€4] p. 350].

Why should this correlation be difficult? Humans can do this very easily. The reason why
human-to-human communication is very effective and robust is that both communication
partners share common mental models of the world.

Visual information is a quantitative measurement of physical objects in the world. A
speaker, who talks about the objects he or she sees, uses his subjective mental models
in order to generate a description of the visual scene and to form the sentence he or she
intends to utter (Fig2.7).

The communication partner has to perform a similar process. First, the message must
be linguistically decoded in order to generate a semantic representation of the utterance.
Secondly, it has to be referentially decoded, i.e. related to the physical world. The first
process is based on common knowledge about used words, sentence structures, semantic
meanings, i.e. linguistic knowledge. The second one is based on common mental models
used in visual scene interpretation. The terms common knowledge and common mental
models are written down easily, but human knowledge and human mental models are
very difficult to represent explicitly and can only be implemented partially in a computer
system. Even though linguistics and cognitive psychology have discovered many aspects
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Figure 2.7: The correspondence problem in human-computer communication: The
speaker encodes the verbal-visual correspondences in an internal representation of the
sentence he or she intends to utter. The communication partner has to decode these cor-
respondences.

of the human mind, the mental models, levels of processing and control strategies used
by humans are not precisely known. In cognitive research, there are some computational
models integrating speech and image processing that are motivated from the standpoint of
psychology and linguistics (cf. e.g. the model of Jackendoff discussed in s@csidn
However, this thesis will take a more technical standpoint:

Postulate 1 The correspondence problem is treated as an encoding/decoding process.
Thus, we lose restrictions on the design of the computer system and can apply the pro-
posed general integration approach even to technically motivated implementations in spe-
cialized domains.

The input of thecomplete decoding process the speech signal and an image or
image sequence. The result of the decoding process is an explicit description of the
speaker’s intention. Note that the image interpretation task can be regarded as a partial
decoding process of the image. Hence, the complete decoding process can be divided into
three parts that are interrelated (see FE@): (i) decoding of the speech signal (speech
understanding) (ii) decoding of the image data (computer vision) (iii) decoding of the
referential links.

In this encoding/decoding frameworkatural-language assisted graphicsnsists of
an encoding of the image description, i.e. generating the image, and thereby encodes
the referential linksNatural-language description of pictorial informatiaionsists of a
decoding of the image data and an encoding of the semantic description, i.e. generating
natural language or speech, and thereby encodes the referential links (s2@Fig.
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Figure 2.8: The correspondence problem in an encoding/decoding framework.

In this framework, the decoding and encoding of referential links can be identified
as the central processing subtask of systems integrating speech and image processing.
However, the border to the other subtasks is not always clearly defined. An extreme case
of a de/encoder of referential links is a static integrated knowledge base, e.g. linking
the lexicon entry for the wortted’ with a specialized object recognizer fied-objects
Consequently, the referential coding process would be subsumed by the speech and vi-
sion decoding subtask. In the following sections it will be argued that a separate active
inference process is much more flexible and that a referential coder should be treated as
a separate subtask:

Postulate 2 The referential de-/encoding process is organized as a separate subtask that
is realized by an active inference process.

The main problems of the encoding process lie in the fact that there may be thousands
of different semantic descriptions of the same pictorial information and, on the other side,
there may be an arbitrary number of pictures denoting the same semantic description.
Instead of selecting an arbitrary encoding, the task has to fulfill diverse restrictions, like
simplicity, specificy, typicality, etc.

The decoding process suffers from different problems. Ambiguity is closely related
to the arbitrary number of corresponding representations in the encoder. The restrictions
applied in the encoding step are not known. In the decoding process this has the conse-
guence that there may be more than one valid decoding result or decoding results with
different degrees of validity. Another problem is the occurrence of errors in the other sub-
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tasks, namely the decoding of speech (speech understanding) or decoding of the image
(computer vision).

The solution of the referential coder problem has many different facets. What kind
of knowledge representations are useful for such integration purposes? Do we need in-
tegrated knowledge bases, or can the integration process be managed by separate control
structures and a universal inference calculus? Can the correlation function be learned?
How should an integrated system be evaluated in order to show its robustness and effi-
ciency? Besides these more computational aspects, the solution of the correspondence
problem in a specific application is a question of modeling. The modeling task has to
define the semantics of the concepts used in an application. On the one hand, the mod-
els used must be adequate to the application. On the other hand, they should be general
enough in order to be able to switch to another domain. Much effort has been spent on the
investigation of general purpose qualitative spatial models (cf. day8(). However, a
framework that is general enough has not been discovered so far. Most computational spa-
tial models (see e.g.AK99, Gap94 MWH93, FSSS9]) or dynamic event models (see
e.g. Nag94 HBO0O, HKM " 94)) are restricted to domain-specific assumptions. Although
some of them have been verified or calibrated on real data (seevS§. 97, AK99]),
models that are able to learn spatial or temporal relations from data are rarely reported.
An example for learning dynamic event models is presented by SisRis&.

2.5.1 Knowledge representation and control structures

This thesis is not the first and not the only one that is dealing with the problem of how

to relate visual and verbal information. This section will discuss three approaches which
exemplify some principles in the fields of knowledge representation and control struc-
tures. Each of these approaches describes a different perspective on the same problem.
However, there are many aspects they have in common.

The level of translation

Ray Jackendoff treats the integration of auditive and visual information from a psycho-
logical standpointJac87 Jac89. He aims at discovering general principles that can be
applied to human cognition: “How can we talk about what we sed@tg§7 p. 90]. The

study of Jackendoff is based on the 3-d model of Marr and his own theory of Conceptual
Semantics that will be briefly described below. It is argued that both theories are well
suited for the formulation of translation rules between vision and language representa-
tions. He exemplifies this aspect by means of the notions of physical objects and spatial
expressions.

The logical organization of language and vision that is used in the argumentation of
Jackendoff is shown in Fig2.9. The organization of vision is based on the theory of
David Marr and H. Keith Nishiharajar82. It is composed of three different levels: (1)

In the primal sketchthe intensity image is converted into a representation that makes the
locations of edges and other surface details explicit. It can be thought of a set of array
cells that contain symbols indicating the presence of edges, corners, bars, and blobs of
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Figure 2.9: Logical organization of language and visidad8T.

various sizes and orientations. This two dimensional representation is then transformed
into (2) the %-d sketchby adding the third dimension using stereo, movement, shades,
sizes of texture, etc. This representation consists of an array of cells that correspond
to particular lines of sight from the viewer's vantage point. Each cell contains a set
of symbols that define the depth and orientation of the local surface patch and indicate
discontinuities in depth and orientation. Thé—d sketch is intended to comprise the
richest possible information that early vision can deliver. (3) The next stage B-dhe
model It is defined in object-centered, model-based, decompositional terms in contrast
to the view-point specific, data-driven representations in the lower levels. Objects are
represented in volumetric terms usiggneralized conefBin71]. The whole object is
represented by a coarse shape description using a single generalized cone. Then the
object is decomposed into its parielgborated resulting in a finer shape description
using a generalized cone for each part. These may be again elaborated into subparts, and
so on. Any decomposition is represented in the coordinate system of the upper level.
Variable shapes like a walking man may thereby be described very easily.

In language processing Jackendoff distinguishes three levels of representation: (1)
The phonological structuresdescribe the formation of words. (2) Tkgntactic struc-
turescombine syntactic categories (noun, verb, etc.) into phrasal categories (S, NP, etc.)
considering aspects like case, gender, number, and tense. (3giftaatic/conceptual
structuresare based on a theory of semantics calleshceptual Semanticilac8%. The
fundamental aspects of this theory can be characterized by the following four points: (a)
Meanings are mentally encodethdependent of the language user, truth statements are
not related to “the world”. They are justified in the reconstruction (or mental represen-
tation) of the world by the speaker. (Weanings are decompositionalny syntactic
structure of a sentence can be mapped to a sentential concept in the semantic theory. But
sentential concepts cannot be listed and must be generated from a finite set of primitives
and principles of combination. Even lexical concepts cannot consist of a list of instances.
They must be build up from finite schemes that can be compared to novel inputs. (c)
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Meanings do not, however, decompose into necessary and sufficient condtocepts

have fuzzy borderlines and bear resemblance to properties of other concepteerglls

no formal distinction of level between semantics and pragmalicts. proposes that even
nonlinguistic tasks such as object categorization can be managed by the same principles
of combination.

The only levels that include the notion of a physical object are the 3-d level of Marr
and the conceptual level of Jackendoff. Therefore, these are the only levels possible
for translation. An important correspondence that can be established between these two
levels is thepart-wholerelation. It can be found in the decompositional meanings of
Conceptual Semantics and is represented in the 3-d model in structural terms.

Jackendoff shows that Conceptual Semantics can easily be used to represent spa-
tial expressions, likéstatBE([ThingBOOK], [piaccON([ThingTABLE])])], that contribute to
the asymmetry between the reference object TABLE and the localized object BOOK.
Such structures can easily be translated into Marr's 3-d model. The conceptual struc-
ture [placcON([ThingTABLE])] corresponds to a volumetric representation of a place that
is bound to the volumetric representation of the TABLE. The state BE can be translated
into a geometric test between the 3-d model of the BOOK and the 3-d model of the place.

Such correspondences can be found or can be easily defined for nearly any primitive
concept osemantic part of speecim Conceptual Semantics, such@iject, Place, Path,
Action, State, Event

From text to visual constraints

Ronhini Srihari et al. focus on the development of efficient control mechanisms for in-
corporating picture-specific context for image interpretation tasks in a newspaper domain
[SB94 Sri95 CS9Y. They use the interpretation of the text accompanying a picture in
order to establish object hypotheses that are, then, localized and identified in the image.
This is realized in a goal-driven top-down process that exploits a set of constraints that
has been previously extracted from the text. Therefore, two aspects are addressed by Sri-
hari: (1) How to represent and extract visual information from texts. This is solved by the
definition ofvisual semantics(2) How to use this information in vision processing. This

is realized by a constraint satisfaction technique.

The linguistic and visual semantics is organized in an integrated knowledge base that
is realized in a KL/1 style semantic network formalism which is implemented in LOOM
[SB94. Each word in the lexicon is represented as a LOOM concept that is organized
in a WordNet consisting dk-a andhas-parthierarchies. Some of the entries are linked
to visual superconceptshich reflect type (man-made, natural), shape, texture properties,
boundary properties etc. of the objectisual is-aand visual has-partlinks thereby
superimpose a visual hierarchy on the WordNet concept hierarchy. Using this hierarchy,
objects can be modeled on various resolution levels. A tree may be characterized as
a natural object with a fractal boundary, may be described by its visual parts and their
spatial relationships, or may be linked to a specialized recognition procedure for trees.

The visual semantics can be used to link words, phrases and sentences to visual in-
formation. For example, the knowledge base entry for a “hat” contains an inference rule
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stating that, if the hat is mentioned together with a human, it can be found above the head
of the human.

Suchspatial constraintsaare then used by the image understanding process. Besides
this geometric or topological information, the NL module generatesacteristic con-
straints i.e. properties of objects like the sex or hair-color of a human,cmdextual
constraintsthat are e.g. predicted objects like the people present in a photo, or a classifi-
cation of the general scene context like outdoor or indoor scene.

The vision control loop consists of the following three steps: (1) select a set of object
classes of interest, (2) locate objects, (3) find a consistent labeling of the located objects.
Each step may be influenced by the generated constraints. The selection of object classes
can be set to ‘human face’ if the caption mentions a number of persons. The text may
indicate the organization of the faces in rows that can be used in face location. In the
last step, spatial constraints may be used to attach a name label to the faces. The process
of satisfying various constraints, spatial and others, result in repeated calls to the image
understanding module.

The system has been applied to a newspaper domain. The task was to locate and
identify human faces in a photograph. The constraints were generated automatically from
the captions of the images.

From visual primitives to verbal descriptions

Hans-Hellmut Nagel contributes to the problem of how to link conceptual descrip-
tions in terms of natural language expressions to the results of image evaluation
[Nag94 Nag99 HNOQ]. He identifies the system-internal conceptual representation as
a “principle system component in its own right, independent of the ‘surface modalities’
between which it mediatesNag99 p. 80]. The task of the mediating component is an
active one, namely the generation of the internal conceptual descriptions from modality
primitives. Therefore, the representational structures are closely related with an inference
machine — in Nagel's case fuzzy metric, temporal logic.

His application domain is the interpretation of traffic scenes. Driving vehicles like
cars or busses are observed and their trajectories are characterized by conceptual descrip-
tions that are closely related to natural language terms. This is based on the hypothesis
that “natural language has evolved in order to cope with the complexity of everyday life”
[Nag99 p. 81].

The interface between natural language descriptions and quantitative spatio-temporal
patterns, i.e. the trajectories of the vehicles, consists of a set of primitive concepts and
a terminology for building more complex concepts. The primitive concepts define the
elementary vocabulary of the terminology to be used, éghindvehiclet,object),
enter(vehiclet,area), movébodyt), with_increasingspeedvehiclet). The association
of these concepts to the observed spatio-temporal patterns is realized by specific recog-
nition procedures. The evaluation of each primitive predicate symbol yields a certainty
valuee [0,1].

Non-primitive concepts are constructed according $pecialization and
(de)compositionrules. Decomposition refines a concept by specifying a subset of
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component concepts and relations between them. Specialization is realized by the
conjunction of the given concept with an additional differentiating concept. The
specialization/decomposition hierarchy can be elaboratedsttuation treethat can be
directly used for inferences. If a child situation can no longer be instantiated the search
process reverts back to checking the parent situation. If the parent situation is consistent
alternative children may be checked.

Nagel mentions a series of experiments regarding the expansion and scalability of the
system-internal representation of knowledge about expected traffic situations. A system-
atic approach to the traffic domain identified 60-120 relevant motion verbs in the German
language IHKN91]. Therefore, one main issue is the organizational structuring of the
knowledge base. A graph-like representation of admissible action sequences had to be
extended to hypergraph-like structures that introduce a hierarchical composition and gen-
eralization. The hypergraph structures were then rebuilt in fuzzy metric, temporal logic in
order to facilitate a more controllable way to incrementally expand the knowledge base.

Principles of relating visual and textual information

Jackendoff claims the existence of a notion of an object as a prerequisite for representa-
tion levels that are suitable for integration of signal modalities. Such a notion exists in
the two other frameworks as an agent that causes the trajectory (Nagel) or the object class
that should be recognized (Srihari). However, the three-dimensional volumetric represen-
tation is no prerequisite in Srihari’s visual semantics. The generated constraints can even
applied on a simple visual blob level considering the blobs as unspecific objects or parts
of an object. Thus, some aspects of a viewer-independent representation of objects are
lost. Nevertheless, no principle problems are caused if the relation of the camera view and
the reference frame of the (virtual) speaker is known, which is the case in the newspaper
domain.

The structuring of the knowledge base by decomposition and specialization hierar-
chies is proposed by all three authors. But while Nagel is linking the quantitative visual
information only to primitive concepts and formulates the hierarchy closely related to
natural language terms, Srihari proposes linked but separated linguistic and visual hierar-
chies and a modeling of visual recognition on different levels depending on the precision
of the textual information.

The treatment of spatial relation in Srihari’'s and Nagel's framework differs from that
proposed by Jackendoff. Instead of modeling places as an entity of its own, they directly
calculate relations between objects by evaluating fuzzified predicates or by applying con-
straints.

In the presentation of Conceptual Semantics Jackendoff states that meanings have
fuzzy borderlines. This is reflected by Nagel in the usage of fuzzy logic. Within the
framework of Srihari, characteristic constraints generate a thresholded confidence mea-
sure based on (i) how well the criteria are satisfied and (ii) the reliability of the routine
itself. The confidence value is used afterwards to evaluate multiple solutions and to derive
partial solutions.

In both frameworks, presented by Srihari and Nagel, a control mechanism for relat-
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ing visual and verbal information is proposed. In Srihari’s framework this component is
merely controlled top-down by the textual information which is assumed to be correct.
Possible actions of the vision component are directly linked imtegrated knowledge

base called visual semantics. However, bottom-up recognition is still possible. Due to

a currently missing textual input in the system presented by Nagel, the natural language
descriptions are calculated bottom-up. But a more flexible control seems also possible.
He emphasizes that the system-internal representation that mediates between the visual
and verbal modalities should be treated agnaiependent system componertierefore,

his approach does not propose an integrated knowledge base. Nevertheless, the termi-
nology that is used to build up higher-level descriptions is closely related to language
concepts. Jackendoff neither proposes an own control mechanism nor a separate repre-
sentation level for integration purposes. Instead, he defines translation rules between the
level of Conceptual Semantics and the 3-d model of Marr. Such a scheme is quite similar
to the visual semantics of Srihari. Any link in the integrated knowledge base corresponds
to a translation rule in the Jackendoff style.

2.5.2 Spatial models

Spatial models are a very important topic in systems that integrate verbal and visual in-
formation. Understanding a visual scene, understanding verbal descriptions, and estab-
lishing correspondences between objects mentioned and objects seen is strongly based
on the spatial arrangement of objects in the scene. This section is merely based on an
introductory article by Amitabha Mukerjeévjuk97], the book by Annette Herkovits
[Her84, an article by Theo Herrmanmier9q, and partly the work of Daniel Heémdez

[Her94 CFH97.

The spatial arrangement of objects can be characterized by spatial relations between
objects that correspond to linguistic expressions that may be used in a verbal statement,
like “the chair is in front of the table” Such spatial expressions partition the space around
the table in a very loose fashion and with a large degree of ambiguiii97, p. 1]. There
are many positions around the table where a chair may be c¢ailédnt of” . However,
if we compare two positions one is more likely to be calledfront of” than the other.

The meaning of a spatial relation depends on inherent properties of the objects involved,
like their relative distance, orientation, shapes, but also on the specific context in that a
relation will be named. Spatial relations are typically classified into two basic categories.
“Topological relationsare able to describe all aspects of the scene which are invariant
with respect to common linear transformations (translation, rotation, rubber sheeting)”
[CFH97, p. 319], for exampléthe dog is in the kitchen'or “there are several chairs in a

row” . Projective relations Herrandez calls them orientation relations, “describe where
objects are placed relative to each oth&FH97, p. 319], e.g:'the fork should be placed

to the left of the plate”

As discussed by Amitabha Mukerjee, there is a trend fn@atapproaches, using dis-
tinct, well defined symbols, tecruffy approaches, handling degree and contieikt{97].

The first approach employs a qualitative paradigm. The space is discretized into a set of
qualitative zones oacceptance areathat are used to define appropriate predicates. An
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example for the one-dimensional space are the thirteen ordering relations defined by Allen
[AlI83] based on an interval calculus. This approach is merely used for calculating topo-
logical relations liken-contactor aligned It emerges to be very expressive in modeling
relations in the zones near contact, €aN [Muk97, p. 3]. Various mechanisms dealing

with overlapping and non-overlapping acceptance areas have been discussed by Daniel
Hernmandez Her94. The second approach models a gradation in a continuum. Either spa-
tial relations are defined as fuzzy classes over the quantized space employing a continuous
membership function (see e.3SS97), or possible locations of objects are modeled by
potential fields that can be tuned using a set of parameters (se&app4 OMiT94]).

This approach is merely applied to non-contact or non-alignment positionsdeefar,
in-front-of.

Clementini et al. argue that “positions in space are likely to be represented in the
[human] mind in a mixture of imaginal and propositional format€FH97, p. 318].
Therefore, mixture models of qualitative and quantitative aspects might be promising.

When designing a spatial model for an application, we have to answer the question:
what do we need to model? There are various aspects that may be relevant:

e dimensionality: shall the model work in the 1-d, 2-d or 3-d space? The relation
of two cars on a road may be adequately described in one dimension. In order to
describe a chair in front of a desk, a two-dimensional model is needed.

e topology: are objects in contact or aligned? There may be different definitions of
contact relations based on overlap, touching, etc.

e position and orientation: how shall the relative pose between objects be de-
scribed? Using discrete sets, continuum measures, constraint propagation? The
selection may depend on the domain. In small-scale environments such as “the
objects in a room”, combinations of topological and orientational relations may be
more relevant. For large-scale environments such as the geometric space, distance
relations have to be considerdddro4. The first scenario might be easily modeled
using discrete sets, the second one by employing continuum measures.

e scale:typically, quantitative measurements must be related to the size of an object.
Additionally, when interpreting the relation of objects further away from each other,
it might be advantageous to change the level of abstraction. A bike that is parked
near a big house might be more distant from the house than a tree that is near the
bike. On the other side, the relation of the cities Bielefeld and Hanover will not be
affected by the size of the cities because it is interpreted on a coarser scale, i.e. the
relation between two points on a map.

e shape:the question of how the shapes of the involved objects influence the mean-
ing of the spatial expression is a key issue in spatial modeling and remains an actual
research topic in cognitive science. The possible positions of someone sitting in
front of a table highly vary if the person is sitting at a long or short side of the table.
Most approaches simplify the shape of an object by rectangular approximations or
axis-based modeling.
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Figure 2.10: Projective relations are determined by the selection of the reference frame
(left: basic ordering; right: mirror orderingHer8§.

e multiple objects: most spatial relations are binary. Exceptions are for example the
often used trinary relationetweeror patterns liké'place them in a circle” Nev-
ertheless, even binary relations may be influenced by context objects. A chair will
be called in front of a table only if there is nothing between them that introduces
another context. If there is a bar between the table and the chair the bar gives the
context of the chair, and it is not directly related to the table.

e integrating time: shall the spatial relations be applied to events that happen over
time, e.g. one car overtaking another?

Another fundamental aspect must be handledpi@jective relationslike in-front-of.
Given an object arrangement, any choice of a projective relation automatically involves
the selection of aeference framethat determines the directional meaning of a projec-
tive relation. There are different taxonomies which classify different selections of the
reference frame. Heamdez mentions three basic concepts that are needed to describe a
projective relation: “the primary [or localized] object [subsequently, the tetended
object will be used], thereference objecthat anchors the projective relation, and the
frame of referencé [ CFH97, p. 319] (cf. Fig2.10.

Clark introduces two fundamental cases, the basic ordering and the mirror ordering
(see Fig2.10 [Cla73. Retz-Schmidt distinguisheageictic, intrinsic, andextrinsic axes
of the reference frame_[S8§. In the deictic case, directions are entirely defined by an
observer, the speaker. Intrinsic directions are defined by inherent spatial properties of
the object that anchors the relation, i.e. the reference object. The latter extrinsic case
is closely related to the intrinsic case. External factors, e.g. motion, instead of inherent
properties, impose a particular orientation on the reference object. Herskovits identifies

2 The termintended objectlenotes the object that is specified by a verbal object description. Localizing
this object by spatial relations is only one possibility of specification.
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Figure 2.11: The six main variants of using projective relations as proposed by Theo
Herrmann. The two rows distinguish three-point (view point, reference object, intended
object) and two-point (view point and reference object are identical) localization. The
columns distinguish the perspective used by the speaker (S), the hearer (H), or a context
object (O) Her9q.

these two properties, mirror ordering and intrinsic/deictic, as independent of each other
[Her8g. She mentions additional aspects that may contribute to a finer categorization
of reference frame selections introducing two-point and three-point localization. These
lead to a taxonomy as introduced by Theo Herrmann, that distinguishes six main vari-
ants of using the projective relatiofrent, back, left, right(see Fig.2.11) [Her9(. The
three possibilities of two-point and three-point localization correspond to three different
grammatical persongtom my perspective, behind you, in front of the.car

The design of a spatial model for a specific application can be simplified by limiting
the vocabulary, using coarse shape descriptions and consideringrthal useof a spa-
tial relation. However, there are some aspects that are fundamental for the interpretation
of locative expressions: they have gradual meanings, their meanings depend on context,
and they are selected according to a specific reference frame.

2.5.3 Learning

As stated before, the correspondence problem in relating auditive and visual information
is closely related to the symbol grounding problem in the language processing commu-
nity. What is the meaning of a symbol? How can a system check the truth condition of a
symbolic expression? How can it acquire the meaning of new symbols? The application
of learning algorithms to correlated auditive and visual inputs might be a solution to these
problems. There would be both theoretical and practical implications. On the one hand,
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such algorithms can provide models to test principles of how children perform language
acquisition. On the other hand, the fixed vocabulary problem in human-computer inter-
faces may be circumvented. Verbal terms that are unknown to a system in the lexical or
semantic sense may be adopted during a dialog.

Learning strategies in artificial intelligence, especially in the natural language pro-
cessing community, can be divided into five different clas€edd4]:

e rote learning knowledge presented is duplicated by the learner.

e learning by instruction the knowledge is transformed into an internal representa-
tion used by the learner using a trivial quantity of preprocessing.

e learning by deduction the learner derives truth-preserving inferences from the
knowledge available.

e learning by analogy existing knowledge is used to recognize similar situations.
Knowledge from a previous problem is transferred to a new domain.

e inductive learning it is a similar process to that of deductive learning. But the
truth preserving assumption may be violated by newly obtained knowledge.

This section will concentrate dnductive learningthat can be also interpreted as recon-
structing a function from a set of input/output examples, namely the mapping from words
to meanings. Inductive learning algorithms differ in the representation used to describe
the goal function and the feedback that is available (see RN9%, chap. 18]):

e supervised learninginputs and outputs of the function can be perceived.

¢ reinforcement learning the system receives some evaluation of its decisions but
is not told what decisions were correct.

e unsupervised learningthe system does not get any hint about the correctness of a
decision.

In the case of learning a lexicon from correlated auditive and visual signals, input and
output information is partly available but typically noisy and uncertain due to multi-word
utterances, multiple contexts and recognition errors. Jeffrey Mark Siskind counts five
reasons why such a lexical acquisition task is very difficult ind&2si9g:

e multi-word utterances: which words in an utterance map to which parts of the
utterance meaning?

e multiple contexts: which of the context objects/events is in fact the meaning of
the utterance just heard?

e start without prior knowledge (bootstrapping problem): how do children start
the lexical acquisition process without any seed information?
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e input is noisy: the corpus used for learning may contain utterances only paired
with incorrect hypothesized meanings. Which input should be ignored?

e many words are homonymous (can have several different sensegjhich sense
of each word is used at a given time?

The approaches proposed in the literature differ in the level of preprocessing assumed
for the input. This section will discuss two different systems. The system of Deb Roy
and Alex PentlandRP98h RSP99 is able to learn the correspondence of auditive and
visual information on a very low, i.e. near to the signal, representation level involving
the learning of visual concepts and new words. Correspondences are established on the
lowest levels proposed by Jackendoff: the primal sketch and phonological structures.
Siskind [Sis9§ assumes that a speech recognizer provides a sequence of uttered words
and a vision component is able to provide qualitative descriptions of visual events that are
translated into Jackendoff-style conceptual expressionsSiEd§ he gives some ideas
how such a visual event recognizer may be learned in a supervised way. The language
acquisition task is then to learn a lexicon from sequences of words paired with sets of
possible conceptual expressions describing the visual context.

Learning low level correspondences

Deb Roy and Alex Pentland describe a system that incorporates four types of learning:
(i) visual concept learning, (ii) learning new words, (iii) learning simple syntactical word
ordering, (iv) learning the correspondence between visual concepts and words.

The aim is to learn an audio-visual lexicon from correlated noisy acoustic input and
color images. The acoustic input may consist of natural multi-word utterances. There-
fore, the word learning task includes the segmentation of the acoustic input into words.
The figure background segmentation on the vision side is simplified by using a uniform
background and by avoiding occlusions.

In the training phase the correspondence problem is solved by pointing on the ref-
erenced object or presenting a single object to the system. A phoneme recognizer that
consists of an all-phoneme loop hidden Markov model (HMM) and a phoneme transition
bigram calculates the most likely phoneme trace from the acoustic input. It achieves a
phoneme recognition accuracy of about 70%. The visually observed objects are sepa-
rated from the background and are characterized by a color and a shape histogram. The
combined phoneme trace and histograms of the presented object are subsequently called
acoustic-visual events (AV-events). First, a sufficient number of Av-events is accumu-
lated. For each Av-event several word hypotheses are extracted by variable splitting of the
phoneme trace. The word-object pairs are reduced by several filter criteria, like prosodic
highlight, recurrency of speech segments, etc.

In order to find final word-shape or word-color clusters that constitute new words and
their visual categorical meanings, Roy and Pentland introduce separate distance measures
between visual events and between acoustic events that are combined using a mutual
information measure.
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The distance between two speech segmeliitss defined on the basis of a probability
measurement. The phoneme recognizer calculates the most likely phoneme sequences
Qa/p Of the segmenta resp.b. From these specific HMMx, y, are generated using the
phonemes as states and connecting them in a strictly left to right manner. State transition
probabilities are inherited from context-independent phoneme models. The distance is
based on the “cross”-production probabilities, that is the probability@has produced
by the HMM A, and vice versa:

e =Sl iGing] [ )

where Q) is the phoneme sequenceadfesp.b and

Aayp is the HMM derived from the speech segmamesp.b.

The distance of two visual events is measured byxhelivergence of the associated
histogramsX,Y:
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The calculation of the mutual information measure of a word-shapeXpdiepends on

two variable thresholds defining a cluster around the audio-visual guehwo variables

AV € {0,1} indicate the resulting membership of other word-shape hypotheses of the
cluster ofX. The two thresholds are optimized using the maximum mutual information
(MMI) 1(A;V) as a criterion:

(AV)= 5 ¥ P(A=sV=t)log
sci01}te{01}

The measure is high if the two events, that a word-shapefpas an element of the
auditive interval A = 1) and that it is an element of the visual interyél= 1), are highly
correlated. Thus, the mutual information measures a distance between the two probability
distributionsP(A = sV =t) and P(A = s)P(V =t). The selection of the final word-
shape clusters is performed using a greedy strategy. Successively, the hypotheses with
the highest MMl is selected and all other hypotheses which match an optimized cluster
both visually and acoustically are deleted. In a final step remaining clusters are selected
according to a threshold applied to the mutual information score of the cluster.

In experiments this learning strategy turned out to be very robust and effective. Its
most powerful characteristic is the generic representation of visual objects and words.
No previous modeling and no manual adaptation to new domains is needé&tP984
Roy and Pentland even present a first step towards syntax learning in that they generate a
co-occurrence statistics of the acoustic entries in the audio-visual lexicon that is used in
speech recognition. However, the aim of a boot strapping speech and image understand-
ing system is quite far away.
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Learning high level correspondences

Mark Jeffrey Siskind presents a more structured approach to learning the visual meanings
of words. He assumes as a prerequisite that a speech recognizer provides a sequence of
words for each auditive input and that a vision system is able to produce a conceptual
description in the Jackendoff style from the visual scene input, e.g. the sefijehce
walked to school”while seeing the visual event GO(John, TO(school)). While hearing
the spoken utterance, the learner may see several events happening simultaneously, each
of which would be a possible meaning of the utterance. The aim of the system is to
learn the correspondence of such sentences and conceptual expressions. Siskind refers
to it as themapping problem It can be divided into two stages, that are realized in an
interleaved manner: (i) The system learns the set of conceptual symbols used to construct
the conceptual expression that corresponds to a word,“mge”. { CAUSE,GO,UP
}. (i) The system learns how to compose these conceptual symbols,“®ige”:
CAUSE(x,GO(y,UP))

The result of the learning process is a word lexicon that is consistent with all pairings
of utterances and possible meanings. Therefore, an utterance meaning must be broken
down into parts and correctly assigned to the individual words. The task is complicated
by multi-word utterances, multiple contexts, noisy input, homonymous words, and by
starting without prior knowledge.

Siskind realizes his learning algorithm by exploiting four common sense principles
that have been previously proposed by various psychologic researchers (cRir8§ [
FHRG94). Siskind refers to it asross-situation learning

1. constraining hypotheses with partial knowledge: The system has previously
learned that a word must refer to a conceptual symbol or does not refer to a con-
ceptual symbol. This knowledge can be applied to the possible meanings of a new
utterance in order to reduce the set of possible meanings.

2. cross-situation inference: The system finds something common across all ob-
served uses of a word. Thus, possible meanings of words can be reduced.

3. covering constraints: All components of the meaning of an utterance must be
derived from the meanings of words in that utterance. If a meaning fragment of
the conceptual expression of the utterance is ruled out for all words of an utterance
except for one, this fragment must correspond to the remaining word.

4. principle of exclusivity: Words in an utterance meaning must contribute to non-
overlapping portions of the utterance meaning. If a meaning fragment is a neces-
sary meaning part of one word in the sentence it cannot be part of the meaning of
another word in the sentence.

From these principles Siskind has formulated inference rules &id,2.13 that are
applied to the actual representation of words in the lexicon. This representation consists
of three different sets defining the possibly uncertain meaning of a word



CHAPTER 2. PROBLEM STATEMENT

Rule 1 Ignore those utterance meanings that contain a conceptual symbol that
not a member ofP(w) for some word symbol w in the utterance. Also
ignore those that are missing a conceptual symbol that is a member
A (w) for some word symbol w in the utterance.

Rule 2 For each word symbol w in the utterance, remove ftBfw) any concep-
tual symbols that do not appear in some remaining utterance meaning.

Rule 3 For each word symbol w in the utterance, addAgw) any conceptual
symbols that appear in every remaining utterance meaning but that a
missing from?(w’) for every other word symbol’vin the utterance.

Rule 4 For each word symbol w in the utterance, remove ftBfw) any concep-
tual symbols that appear only once in every remaining utterance meanin

S

re

if they are inA’(w') for some other word symbolw the utterance.

Figure 2.12: Inference rules for learning conceptual symbol §249§.

e P(w) is the set of possibly corresponding conceptual symbols. It can be interpreted
eptual

as an upper bound of the correct meaning. Initially, it consists of all conc
symbols in the domain.

e A/(w) is the set of necessarily corresponding conceptual symbols. This can be

interpreted as a lower bound of the correct meaning. It is initially the empty set.

e D(w) is the set of possibly corresponding conceptual expressions. Initially, it com-

prises all allowed combinations of the possible meaning symbols.

By processing the set of utterances paired with hypothesized meanings, the representa-
For ex-

tions of the words in the lexicon converge successively to the correct meanings.
ample, let us assume that the following lexicon has been learned (exampleSisHf):

X 2
John| {Johnr} {John, bal}
took | {CAUSE} {CAUSE, WANT, GO, TO, arm
the | {} {WANT, arm}
ball | {ball} {ball, arm}

Now suppose that the algorithm receives the utterance
“John took the ball”
with the following hypothesized meanings:

(1) CAUSE(John,GO(ball, TO(John))
(2) WANT(John,ball)
(3) CAUSE(John,GO(PART-OF(LEFT(arm),John),TO(ball)))
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Rule 5 Let RECONSTRUGM, A’(w)) be the set of all conceptual expressions
that unify with m, or with some subexpression of m, and that contain pre
cisely the sef\’(w) of non-variable conceptual symbols. For each word
symbol w in the utterance that has converged on its actual conceptual-
symbol set, remove from(w) any conceptual expressions not contained
in RECONSTRUC(M, A (w)), for some remaining utterance meaning m.

Rule 6 If all word symbols in the utterance have converged on their actual con
ceptual symbol sets, for each word symbol w in the utterance, remove from
D(w) any conceptual expressions t, for which there do not exist possible
conceptual expressions for the other word symbols in the utterance that
can be given as input to COMPOSE along with t to yield one of the re
maining utterance meanings as its output.

Figure 2.13: Inference rules for learning conceptual expressi®is9q. The output of
COMPOSE is the set of conceptual descriptions that denote possible ways of combining
the given word sense meanings into utterance meanings.

Rule 1 eliminates the meanings (2) and (3). Rule 2 eliminates the possible meanings
‘arm’, and 'WANT’ from the lexical entries ofook, the andball. Rule 3 adds the symbols

‘GO’ and 'TO’ to the necessary meaningstobk Rule 4 eliminates the symbol "ball’

from the possible symbol set dbhn yielding the following lexicon:

e 2
John| {John} {John}
took | {CAUSE, GO, TG {CAUSE, GO, TQ
the | {} {}
ball | {ball} {ball}

Rule 5 and 6 are concerned with the possible conceptual expression that can be composed
from the necessary conceptual symbol sets. By applying rule 5 the algorithm converges on
the conceptual expressions of the waddhn, theandball, but leaves two possibilities for
the wordtook CAUSEK,GO(y,TO(2)) and CAUSEX,GO(y,TO(x))). Rule 6 eliminates
the possible expression CAUSEEO(y, TO(2)) from the setD(took) because there is no
word left that may provide a possible meaning that may be unifiedavith

The algorithm is applied in an on-line and single pass way so that it can process any
new utterance without considering previous utterances a second time.

The strategy described so far will fail if words have multiple meanings, for exam-
ple in case ohomonymyor noisy utterances, i.e. no hypothesized meaning corresponds
to the utterance. As a consequence, a lexical entry might becomapted Either an
impossible conceptual symbol is added to the necessary set or a necessary symbol is re-
moved from the possible set. Both cases cannot be directly detected because the correct
lexicon is not known. Instead, Siskind uses a weaker criterion in order to detect corrupted
lexical entries. An entry is calleithiconsistentf one of two invariants is violated: either
the necessary set remains no subset of the possible set or the possible set is empty. An



50 CHAPTER 2. PROBLEM STATEMENT

inconsistent lexical entry is necessarily corrupted, but not the inverse. In such a case, the
representation of a word is split into two senses of the same word. Senses that are not
supported by enough evidence from the corpus are treated as noise. The two phenom-
ena homonymy and noise are thereby captured and dealt with by the same algorithmic
strategy.

Learning versus modeling

Both studies discussed in this section intend to simulate language acquisition strategies
in early childhood. In the case of human-computer interfaces, the situation differs in
that one does not need to start from scratch. Learning strategies nekdildaip the
knowledge base, they shakpandthe knowledge base. Consequently, learned items in
the knowledge base must be compatible with modeled items. Additionally, they shall
expand it in anncremental way Therefore, new evidential items must be processed one
after the other resulting in a new learning state after each item.

In order to apply Deb Roy’s approach in such an environment, some prerequisites
must be fulfilled. The distance measures used in the auditive and visual domains must be
applicable to modeled items. The cluster generation needs an explicit training phase and
a sufficient number of training examples. Therefore, it is difficult to apply during a dialog
in an online way.

Siskind represents the ambiguity of word meanings in a more explicit way by enu-
merating possible meanings. On the one hand, this results in very large representations
if the meaning cannot be constrained by other items in the knowledge base. On the other
hand, existing modeled items can just be employed for this purpose. The representations
of learned and modeled items are automatically compatible because the same qualitative
representations produced by the vision component are used. The learning scheme can be
used and is applied by Siskind in an incremental way tracking all possible alternatives.
Therefore, it could be easily applied in a dialogue situation. The drawback of the learn-
ing scheme proposed by Siskind is thatuaiknown wordsnust be known by the speech
recognizer and all objects and visual events must be modeled in the vision component.

2.6 Other Related Work

Computer vision systems that incorporate pictorial and verbal information have been de-
veloped in many application areas. In the following, some of them that were influential
or seem to be promising will briefly be reviewed concentrating on the kind of integration
they propose and the application they realized it for.

One of the earliest systems integrating pictorial and verbal information is that of Abe,
Soga and TsuUjiAST81]. They describe a system that understands the plot of a story
by referring to both a series of line drawings with colors and narrations in English con-
cerning this drawings. The vision part of the system is realized in a top-down fashion
using structured object models. The conceptual description of the story is constructed
employing a rule-based approach. After that, the system can answer questions about the
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story.

Lazarescu et al. use natural language understanding and image processing to index
and query a database of American football tag&8/N98]. Spatio-temporal character-
istics are automatically extracted and represented by Allen’s temporal primitives. They
extract the type of the happening action, the players involved in the action and some game
statistics like the score of the game from the commentary text. One task, incorporating
this information, is the labeling of the detected player positions from the video. The
system is able to find plays that are similar to a query play.

A probabilistic framework that fuses video and audio information for semantic index-
ing is presented by Naphade et aNKFH98]. They show two examples of detecting
explosions and waterfalls in a video database. First, the audio and the video tracks are
processed separately by hidden Markov models (HMMs). A supervisor HMM that en-
codes the correlation of states in both modalities then fuses the optimal state sequences
found by the Viterbi algorithm in the separate video and audio HMMs. The result of the
supervisor HMM is the detection of a probabilistic multi-media object (Multiject), e.g.
the occurrence of an explosion. High-level probabilistic dependencies between the dif-
ferent possible multijects are organized in a graphical network (multinet). For example,
the detection of the multiject “Beach” will increase the probability of the detection of
“Yacht” or “Sunset” and decrease the probability of “Snow Clad Mountains”.

Many approaches for video indexing are applied to news videos,|EL§SP8 1T98,
SS397]. These image sequences are highly structured by topics, have simple settings,
and include a single news speaker with a good pronuncation.

Takahashi et al. present a multi-modal user interface for a rait598. The robot
can be instructed by speech and gestures, e.g. “Bring that apple” while pointing on it. In
order to remove ambiguities in robot tasks, the control strategy includes the possibility to
ask the user for further information. They use a frame-based production system. The aim
of the system is to fill the object slots by collecting information from every available cue.

SAM (speech activated manipulator) is a robot system that interacts with a human
instructor BBW92]. The vocabulary of the speech recognizer comprises about 200 words
and is designed in relation to the technical capabilities of the system. Objects are localized
by an ultra-sonic range finder that is located in the gripper of the robot arm. In a training
phase the robot learns to characterize the object by its position, color, and general shape
and stores a verbal description of the object for later reference.

PLAYBOT is a long term project that aims at the developement of a prototype envi-
ronment which will assist disabled children in playMD "97]. The hardware platform
consists of a stereo camera head, a robot arm for grasping, and an ActiveDeskTop that
is a large-scale, touch-sensitive video display. The main aspect of the research is to use
vision as the primary sensor of the system that short-circuits the control loop between
the instructing children and the robot arm. The system design is based on a behavior
based architecture. Each behavior either performs actions on external physical objects
or on internal (logical) representations. Visual behaviors include visual attention, gaze
stabilization, object recognition, object tracking, object search, event perception, cali-
bration, and hand-eye coordination. Non-visual behaviors include the processing of the
PLAYBOT command language and the object grasp behavior. The language parsing and
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semantic analysis component reads the sequence of touches on the ActiveDeskTop and
translates them into well-formed commands for the robot. The object recognition com-
ponent is based on the detection of geons, small volumetric parts, that may be combined
in order to represent more complex objects.

Another application domain is augmented reality. The idea is to enrich the real world
with an electronic information space that can be used to provide further descriptions of
objects, e.g. in art galleries, to facilitate navigation in certain places, or other explana-
tory information. Nagao and Rekimoto presentiquitous Talkethat recognizes real
world objects by scanning attached bar codéR99. It classifies the current situation
with regard to a situation library that employs a non-linguistic context to the speech un-
derstanding part of the system. Based on the situation awareness, the speech recognizer is
constraint by selecting the vocabulary and grammar for analyzing the spoken utterances.
The user can verbally select an item from the displayed menu on a palmtop computer or
ask questions about the displayed information.

The system of Bronsted et al. utilizes a frame-based integration scheme that is real-
ized in a blackboard architecturBl[M *98]. They have developed a multi-media work-
bench which can be used as a campus information system. A blueprint of a building
layout is placed on the workbench table and queries can be formulated by speech or by
pointing with a stick.

Another category of system are multi-media systems that concentrate on error cor-
recting strategies using speech/NL and pictorial inputs. Waibel et al. present a sys-
tem incorporating speech, gestures, handwriting and face tracking as input modalities
[WSVY97, SMW9€. They develop diverse strategies to explicitly correct previously
given input, like respeaking, spelling, repair by handwriting, selecting among N-best, or
using pen gestures. They give a measurement based on accuracy and needed time in order
to predict the strategy the user will select. Their approach has been tested in a medical ap-
plication called QuickDoc, which helps a doctor to quickly identify, label, and comment
anomalous areas in a series of images such as X-rays or computer-aided tomography
scans.

In summary, the variability of applications for an integrated processing of visual and
verbal information is vastly increasing. However, most of the systems simplify the pro-
cessing of one of the input channels by using active displays, range finders, or bar codes.
Only a few of the approaches examine how different noisy channels combine. Waibel
et al. develope correcting strategies for multi-modal intefaces, Naphade et al. define a
super HMM in order to robustly combine the the input data streams. Nearly all systems
are limited to a dedicated domain. Only the PLAYBOT vision system realizes a first step
to the recognition of arbitrary shaped objects. The frame-based slot filling interactions
scheme is very popular. However, most approaches do not take account of contradictory
slot contents.



2.7. CONTRIBUTIONS 53

2.7 Contributions

This work is a new solution of the correspondence problem in correlating speech and
images. It will be applied in @omputer vision syster(cf. Sec2.4.4) that incorporates

both speech and pictorial data. Both input channels are analyzed by specialized vision and
speech understanding components that perform partial decoding processes on the input
signals. The task of establishing referential links between the partial decoding results is
treated as a third decoding process. The result of the decoding process is a set of possible
assignments of the verbal description of scene objects and their visual representation.

2.7.1 A probabilistic translation scheme

The modeling of this decoding task must contribute to different kinds of uncertainty in
order to make the solution robust despite of noise, propagated errors, and vague meanings.
Therefore, translation rules must be probabilistic in contrast to logical rules or links in a
knowledge base. Translation rules must be modeled on different abstraction levels, like
Srihari’s blob level and Marr's composed 3-d objects, recognized words and structured
object descriptions. This thesis will show that a unified modeling is still possible if any
partial result of a vision or speech understanding component is interpreted as an evidence
in a probabilistic network. In order to exploit the redundancy in the verbal and visual
description of an object, two different kinds of information must be integrated:

¢ Information about the object class or category.

¢ Information about the spatial and structural context of the individual object in the
scene.

These two aspects can be found in all three approaches of Jackendoff, Srihari, and Nagel.
However, only the scheme proposed by Srihari exploits spatial constraints for the object
labeling process in order to increase robustness.

The probabilistic network used for integration partially reconstructs the mental mod-
els of the speaker. For this purpose, a mixture of explicit and implicit modeling is pro-
posed. One part of this reconstruction is reflected in the structure of the network, another
part is reflected in the probability numbers that can be estimated using the corpus of the
application domain or calculated from simulation models.

2.7.2 A separate integration and interaction component for speech under-
standing and vision base-line systems

Today, a computational system that performs vision in an universal and confidential man-
ner, just as proposed by David Marr, does not exist. A computational system that un-
derstands spontaneous free speech in an universal way independent of any domain or
environmental condition does not exist either. Any existing computational system is in
some way specialized to the domain it is realized for and the paradigm it is realized
with. A translation scheme that is based on such universal processing schemes like that
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of Jackendoff currently seems not feasible. Therefore, an integration component must
in some way stand for its own independent of the techniques used for analyzing the sur-
face modalities. This aspect is best worked out in the approach of Nagel who proposes
an independent hierarchy and inference calculus for integration purposes. A drawback
of Nagel's approach is the fact that the interface between the specialized vision modules
and the integration component, i.e. the primitive concepts, is very small. This thesis will
broaden this interface by a more detailed modeling of the vision component.

The base-line system consists of a speech understanding component that is able to
extract simple instructions and (partial) object descriptions from spontaneous speech (see
Sec.4.3.]). The vision component extracts a finite set of elementary objects using a
feature-based approach and structural knowledge. Furthermore, the structure of com-
posed objects is analysed in a generic way (see&ec).

If referential links between both representations are established the same probabilis-
tic network that is used to solve of the correspondence problem can now be utilized in
order to draw inferences between both modalities. Some examples will be shown for the
indexing step in object categorization, the verification of object hypotheses, and for the
disambiguation of alternative verbal interpretations.

2.7.3 The choice of the application area

The application of the proposed integration scheme is a human-computer interface for
instructing a robot that is able to take, assemble, or put parts on a table. On the one hand,
this is a very simple domain. The elementary objects are known, the lighting conditions
and background can be controlled, some object shape categories or types are correlated
with a finite set of colors, the way how elementary objects can be joined together is
known. The structure of spoken instructions is simple, spatial relations mostly refer to
directions on the plane of the table.

On the other hand, complexity is introduced by two aspects. First, the technical names
of the elementary objects are not known to the speaker. Shape descriptiotierike
“big”, “thin” have gradations that depend on context. Secondly, complex objects that are
constructed from elementary objects introduce occlusions, new shapes, and more com-
plex object descriptions.

All these aspects can be controlled very well in this domain, which makes it a very
good test domain for speech and image integration systems. The test domain will be
described in more detail in sectidnl

2.7.4 Inference and learning

The identification of verbally referred objects and the drawing of inferences between
modalities are prerequisits of learning because they establish new facts about a particular
situation. This thesis will show that the probabilistic integration component is able to
link visual objects to unknown object names that were introduced by the speaker. By this
means, a rudimentary semantics is assigned to the unknown names.
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This task is even more difficult if instead of the complete assembly a subassembly
is denoted by a speaker. In this case the boundary of the named part must additionally
be learned. In an outlook secti@n3 a solution is presented that appl@®ss-situation
inferences- similar to those of Siskind (see Se&c5.3 — to asequencef dialog steps.
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Chapter 3

A Model for Uncertainty

Any reasoning task in a realistic domain requires simplifications. Conclusions are drawn
although many facts about a situation are not available. Decisions are taken without
considering all possibilities. Actions are performed before all consequences have been
checked. Reasoning with uncertainties is something normal and trivial in our daily life,
but something difficult to be exactly specified for a computer. Imagine the following
situation:

Example 1 You visit the Wimbledon Tennis Championships and walk beside the small
court number fifteen, where a dark-skinned man with rasta-curls is playing against a
white European with dark, extremely short hair. On the scoreboard you can see the names
of the two players, 'Agenor vs. Lendl’ but you do not know who is who. And you think
about a strategy to find out.

The first idea might be to check for correspondences between names of the players and
how they look like. If one name sounds French, for example, we would apply the infer-
ence ruldéf someone has a French name then he will also look Frektdwever, before
one can apply this rule, first, the conditions have to be checked under which this rule is
allowedto be applied. In artificial intelligence this question is known asgtalifica-
tion problem[McC77. There might be several exceptions that cannot be enumerated
completely, like “he might be a citizen of a former French colony and, therefore, has an
African, Asian, or Polynesian look”, “he might be a Brazilian who has been adopted by a
French family in early childhood”, “he might have a German looking parent from Elsass
that is a French region with much German ethnic and cultural influences”, etc. Therefore,
we can never be sure that the inferred statement is true. Judea Pearl compares reasoning
with exceptions with the navigation task in a minefield: “Most steps are save, but some
can be devastating.Pea88p. 1]. An alternative way of enumerating all exceptions is to
summarize them. It is like setting up some warning signs in the minefield to indicate that
a specific area is more dangerous than otheesa88p. 1].

The treatment of such uncertainty measures is different to that of truth values. Pearl
argues that two logic formula& — C,B — C can be syntactically combined yielding
the truth value ofAA B) — C. However, it is not clear how exceptions should com-

57
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bine. “Whereas truth values in logic characterize the formulas under discussion, uncer-
tainty measures characterize invisible facts, i.e. exceptions not covered by the formulas.”
[Pea88 p. 2]. Consequently, the principle of modularity cannot be transferred to the
uncertainty calculus, unless restrictive independencies can be explicitly assumed.

3.1 Intensional and extensional models

Pearl distinguishes two principle approaches to uncertainty treatiEetensional mod-

els are a generalization of rule-based production systems (well known examples are
MYCIN [ Sho7§, or PROSPECTORI)HN76]). Any rule is attached with an uncertainty
measure that is treated like generalized truth values. If the name in the given example
sounds French with a measuremenpef 0.9 and we have the given rule

name sounds French*’ looks French

the truth value that he will have a French look will be syntactically combined yielding
e.g..p =0.9-0.7=0.63. The measurememt = 0.63 summarizes the past inference
process. If we now get a second information from the scoreboard that the player with the
French name comes from Haiti and we have the rule

Haitian citizen—%2 looks French

the new information has to be combined wijph= 0.63 without considering that this
information has been inferred from the French name, e.g. applying a rule from MYCIN:

p’ =0.63+ (1.0-0.2) — 0.63- (1.0-0.2) = 0.704

The two factsHaitian citizenandname sounds Frenchre treated as irrelevant to each
other when deducinpoks French

Intensional systemsJensen calls themormative system$Jen96, do not model
the inference process of the expert. They declaratively model the domain. The uncer-
tainty measure is not coupled with rules, but attached tosthge of affairsor subset
of possible worlds Pea88 p. 3]. In the subset of possible worlds, where the predi-
catename sounds Frendis true, the probability that the same perdooks Frenchis
P(looks Frenctname sounds Frengh= 0.7. This is a statement about the domain, not
about the inference process. Given this statement, we cannot infer anything until we
know that the current situation is an element of the same subset of possible worlds. Start-
ing with the possible world in that the name is Agenor we have to consider both possible
worlds in thatthe name sound Frenchi$ true or false before deducing something about
a French look:

P(looks Frenctname is Agengr

=P(looks Frenciname sounds FrengR(name sounds Frengieme is Agengr
+P(looks Frenclh—name sounds FrengR(—name sounds Frengeme is Agengr
=0.7-0.94+0.1-0.1=0.64
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The second information that the man islaitian citizenchanges the subset of possible
worlds. Therefore, we have to calculate:

P(looks Frenctname is AgengHaitian citizen

=P(looks Frenciname sounds FrencHaitian citizen
P(name sounds Frengirame is AgenoHaitian citizen

+P(looks French-name sounds FrencHaitian citizen
P(—name sounds Fren@iame is AgengHaitian citizen

Although, if the information that he is ldaitian citizendoes not change the probability
that thename sounds French

P(name sounds Freng@iiame is AgenoHaitian citizen
=P(name sounds Fren@iame is Agengr= 0.9,

it might reduce the conditional probability lmfoks Frenchbecause in Haiti there are other
ethnic influences, e.g.:

P(looks Frenctname sounds FrencHaitian citizen) = 0.3
# P(looks Frenciname sounds Frengh= 0.7.

Therefore, the recalculated probability considering the information abottahian cit-
izenyields:

P(looks Frenclname is AgenoHaitian citizen) = 0.3-0.940.1-0.1 = 0.28

In turns out that the independence assumption of the two Haitsan citizenandname
sounds Frenclin the extensional calculation results in a different conclusion about the
expectation of &rench look The point here is not that the combination rule of the ex-

tensional approach has to be changed in order to fix the outcome of the calculation. The

point is that the knowledge implicitly coded in the combination rules of the external ap-

proach can be explicitly specified in the intentional approach. The price to pay, however,
is an increasing number of parameters (conditional probabilities) that have to be specified
as well as an increasing number of operations (multiplications, additions) that have to be

performed.
Another aspect of intensional systems is their ability of bidirectional inference. In-

stead of inferring the visual appearance of the player from the given name, the same
model can be used to infer the kind of name from the visual appearance, here by using

the Bayesian rule from probability theory:

P(name sounds Frendboks French

name sounds Frengh
= P(looks Frenclname sounds Fren .E.)(
( n ¢ P(looks French
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For rule-based extensional systems the introduction of bidirectional rules would lead to
circular inferences.

Without explicitly saying it, the intensional calculus applied in the previous example
is exactly that oBayesian networksilt is a rather intuitive formalism that is well founded
in probability theory. The language provided by Bayesian networks is very well suited
for modeling probabilistic causal and relevance relations and will be discussed in more
detail in the next subsections.

Besides Bayesian networks there are other uncertainty calculi that can be applied in an
intensional way, like th®empster-Shafer calculupLGS8q. This chapter will concen-
trate on Bayesian networks, which will be applied throughout this thesis because of their
foundation in probability theory, their capability to explicitly model relevance relations,
and their possibility to apply bidirectional inferences. The last property is especially im-
portant in integrated processing of different modalities. The integration model must be
able to draw inferences from — in this case — speech understanding to object recognition
and vice versa.

3.2 Bayesian Networks

Bayesian networks are one possibility of modeling declarative knowledge in a realistic
domain. Although Bayesian networks are numerically exact and mathematically well
founded in probability theory, the basic concepts used for modeling correspond to rela-
tionships that are also useful in normal discourse (Pea8p. 16]):

¢ likelihood: 4 is more likely thanB. This statement may be true either without any
prerequisite or it may be true due to some observaflpar written formally:

L(4|0) > L(B|0).

In the example, it is more likely that the black man with rasta-curls has a French
name than the man who looks like an Eastern-European. In Bayesian networks this
can be formalized by interpreting, B as two different states of a random variable

H and setting two probabilities

P(O|H = 4) = p1,P(O|H = B) = pp, with p1 > pa.

e conditioning: Given that what | know is C ...This can be syntactically captured
by placingC behind the conditioning bar in a statement IiKg\|C) = p. p denotes
the beliefin some statememt. The notionP(A|C) is also calledBayes condition-
alization. The definition ofP(A|C) is given by the famous ratio formula of Thomas
Bayes:

P(AIC) =P(A,C)/P(C) (3.1)

The belief that the man will look French is conditionalized by the information about
the French namélLooks French’and’name sounds Frencldre random variables
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with possible valuestrue false}:

P(looks Frenchname sounds Frengh
P(name sounds Frengh

P(looks Frenctname sounds Frengh-=

e relevance: A and B are relevant to each other in contextitthe likelihood of A
would change iB is added tcC:

L(AC) = P(C|A) # L(AC,B) = P(C|A,B).

The calculation of the belief i€ under different context®(C|A) andP(C|A, B)
captures exactly what is expressed by the taon-monotonic reasoningn arti-

ficial intelligence. The inferred knowledge about the French looking of someone
who has a French name must be completely revised when the information is added
that he is an Haitian citizen. In the other case, the Haitian citizen is not relevant
if we infer that the naméAgenor’ sounds French. The likelihood that the name
sounds French does not change.

e causation: A causes Bs a very intuitive notion in human reasoning. The prob-
abilistic interpretation is based solely on the notion of relevar@ausationis a
very strong tool for structuring and specifying probabilistic knowledgés adi-
rect causef A if the relevance relation betwe@randB is not affected by any other
context information. Therefore, the notion Afdirectly causes Blepends on the
level of modeling detail. Thus, in a reduced model the néhgenor’ may directly
cause a French looking. Introducing the predicate about the French name separates
the French looking from the nan¥sgenor’ that, now, causes it in a transitive sense.

More complex relevance relationships can be specified by combining causations. If
we assume that two reasoAC to independently cause an ev@jtonce we have
observed the event the two causes become related. Thus, confAmmigint lower

the belief inC and vice versa. The alternative reasonsex@ained away

Example 2 If Ronald Agenor scores a point against Ivan Lendl, he either scores
the point because of a well prepared attack or because of an unforced error of
Lendl. Observing that the last stroke of Ronald Agenor was a well timed volley
stop nearly rules out the assumption of an unforced error of lvan Lendl.

The perspective on probabilistic modeling, that is reflected in these basic modeling con-
cepts, is best characterized by Glenn Shafer: “Probability is not really about numbers; it
is about the structure of reasonindg®ga88p. 15].

Probabilistic reasoning is often criticized by statements like “How to get those num-
bers?” or “Why should beliefs combine like frequencies?”. Very often it is very difficult
indeed to get exact estimates of all conditional probabilities needed. Sometimes, they
must even be guessed from introspection. Pearl gives two reasons why probability cal-
culus is, nevertheless, a good framework. “If we strongly believe in the rules by which
exact quantities combine, we can use the same combination rules on the rough estimates
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at hand.” Pea88p. 21]. “Second, when we commit ourselves to a particular set of num-
bers, no matter how erroneous, the consistency of the model prevents us from reaching
inconsistent conclusions.Pea88p. 21].

3.2.1 Definition of Bayesian networks

A Bayesian networkB = (V,‘E, C) is a graphical representation of a joint probability
distributionP(U) = P(Aq, ..., A) with:

e A setof variablest = {Ay,...,An} each having a finite set of mutually exclusive
statesA; € {a(l')...a.%)}.

e Aset of directed edgeg C V' x V.

e The variables together with the directed edges form an directed acyclic graph
(DAG), i.e. there is no directed paty — --- — A, with A;,...,Aj € ¥ such
thatA; = Aj. The set of nodes that have an edge pointing to the same childmode
are calledparentsof A: pa(A) = {Bi|Bi € VA (Bj,A) € £},Ac V

¢ A set ofconditional probability tablegCPTSs):
C ={P(A|By,...,Bn) | pa(A) ={By,...,Bn},ABy,...,Bh € V}
such that to each variabla with parentsBy,...,B, there is attached a CPT
P(A|Bg,...,Bn).

e The joint probability distributiofP(U ) is given by the product of all CPT®(U ) =
MPAB.....Bnec P(AIBL, ..., Bn)

The notation in the following sections uses uppercase lettersAgfgr random variables
and lowercase letters (e.@) for values of variablesP(a) is the shortened version of
P(A=a). P(A) denotes grobability tablethat comprises the probability values for any
possible assignment &€ {a,...,am}:

P(A) = [P(A=a);i=1..m = [P(A=a),P(A=ay),...,P(A=ap)]

Bayesian networks provide an algebra for conditional probability tableslde assign-
mentP(B|A = a;,C) selects a subtable &(B|A,C):

P(b1|a1,cl), P(b1|a1,c2), P(b1|a1,cn)
P(BJA=a,C) = |P(bz|as,c1), -
P(bm|az,¢n)

Themultiplication of CPTsP(B,C|A,D) = P(B|A,C) P(C|D) is defined as follows:
P(B,C|A,D) = [P(bi|ax,cj) P(cjldi); i=1..mj=1...nk=1..rl=1..5]

Consequently, an observationafidencee = {A = ay} can be represented as a probabil-
ity table by assigning.D to the second component an@ @o the remaining components:

e=[0.0,1.0,00,...,0.0]
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Multiplying by a CPT, e.gP(A), results in:
P(A,e) = P(A) e= [0.0,P(a2),0.0,...,0.0]

Thedivision of CPTsP(B|A,C,D) = P(B,C|A,D)/P(C|D) is defined analogically to the
multiplication:

P(BJA,C,D) = [P(bi,cjla,d)/P(cjld); i=1..mj=1..nk=1...rl=1..5|

Normalizinga CPTP(A,B=b;,C,D = dy|F,G = g;) corresponds to a conditionalization
of the probability distribution with regard to the fixed variables, i.e. the variables that have
been assigned a value, e.g.

P(A, B= b1,C7 D= dz‘F,G = gl)
P(B=by,D = dy)

P(A,C‘F,B: bl,D = dz,G = gl) =

Marginalization of a CPTP(A, B|C,D) means that a variable is eliminated from the CPT
by summation, e.g.

P(AIC,D) = %P(A,B:b|C,D): [SpP(ai,blcj,dk); i=1...mj=1...nk=1...r]

Maximizationis an other possibility for variable elimination, e.g.
P(AIC,D) = ml;ele(A, B=Db|C,D)

= [max,P(aj,blcj,d); i=1..mj=1...nk=1..r]
B(A,C,D) = [argmaxP(a;, b|cj,dy); i=1..m j=1...nk=1...r]
b

The matrixB(A,C, D) stores the maximized values of the operation variable, Bere
Marginalization and maximization can only be performed over variables thaiodare
conditioned (here only or B).

3.2.2 Modeling in Bayesian networks

In order to demonstrate how different kinds of information can be translated into the
language of Bayesian networks, the story of Ronald Agenor and Ivan Lendl will be con-
tinued:

Example 3 (continued Ex.1) : You visit the court number fifteen at the Wimbledon Ten-
nis Championships. On the scoreboard you can see the two names 'Agenor’ from Haiti
and 'Lendl’ from USA. You do not know who is who. You think that 'Agenor’ sounds like
a French name, but no one on the tennis court looks like a Frenchman. However, one
of the players is dark-skinned and has black rasta-curls which might be compatible with
the French name and the country Haiti. Then you remember that you have read in the
newspaper about a young offensive player named 'Agenor’. This information may fit to
this dark-skinned player because he frequently takes a net position.
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P(C) P(H) P(NP)
Color Hair NetPosition
P(L\H P(OP | Ni
Look OffensivePlay
‘ visual player information
| corresponding variables
Look
/P(L | NF CQ :
Citizen 4— NameFrench OffensivePlay
P(CC | NF)
P(NF | N P(OP | N)
p(N)Name scoreboard information
Name (N) € {Agenor, Lend} — name on scoreboard

NameFrench (NF)

Look (L)
Citizen (CC)

€ {true, falsg

— name sounds French

€ {French, Eastern-European, exatic — looks like

€ {Haiti, USA}

OffensivePlay (OP) € {true, falsé

— citizen of country
— offensive playing

NetPosition (NP) € {true, falsg — net position
Color (C) € {black, whitg — skin color
Hair (H) € {rasta-curls, othef — hairstyle

Figure 3.1: Example of two Bayesian networks in the tennis domain that model different
kinds of information (cf. Ex3).

The story tells us something about the entries on the scoreboard and gives information
about the players on the tennis court. Certainly, these two different kinds of information
must be related, but how they correspond to each other is not known. Therefore, these
will initially be modeled in separate Bayesian networks (see Fij).

The first Bayesian network (scoreboard information) represents the joint probability
distributionP(L, OP,CC,NF,N). It models coherences between the lobk &n offensive
play (OP), the citizenship €©C), the sounding of the nam&lf), and the name of the
player (N). Without restrictions the joint probability distribution can be written as the
following product (applying the Bayes’ conditioning E2|1):

P(L,OP,CC,NF,N) =P(L|ORP,CC,NF,N) P(OP|CC,NF,N)
P(CCINF,N) P(NF|N) P(N)
Modeling in Bayesian networks means deciding about relevance relations. The first as-
sumption is that the citizensh{pC and the sounding of the nanNF are direct causes

of the lookL of the player. Given these information, the offensive pl#yand the exact
nameN are irrelevant:

P(L|ORCC,NF,N) = P(L|CC,NF)
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Secondly, the newspaper information did not include any detail about the country and we
assume that there is no correlation between a name that sounds French and an offensive
playing. Therefore, the offensive play®®P is only directly related to the name of the
playerN:

P(OP|CC,NF,N) = P(OP|N)

Thirdly, the exact name of a player is not relevant to the citizenship of the player if the
more abstract information of how the name sounds like is given. On the other side, the
knowledge about the sound of the name will change our expectation about the citizenship:

P(CCINF,N) = P(CC|NF)

Given these conditional independency assumptions, the joint probability distribution can
be rewritten as:

P(L,ORCC,NF,N) = P(L|ICC,NF) P(OP|N) P(CC|INF) P(NF|N) P(N)

This is exactly what is represented by the Bayesian netvgorkeboard informationin
Fig. 3.1

The second Bayesian networkigual player informationj models coherences be-
tween the look of the playeL], his skin color C), his hairstyle KH), an observed net
position NP), and an offensive playingXP):

P(L,C,H,ORNP) =P(L|C,H,OPNP) P(C|H,OPNP) P(HIORNP)
P(OP|NP) P(NP)

The net position and offensive playing is assumed to be irrelevant to the look of the player.
The skin coloiC and the hairstylél are only modeled to be correlated if the information
about a French, Eastern-European, or exotic look is given:

P(L,C,H,ORNP) =P(L|C,H) P(C) P(H) P(OP|NP) P(NP)

The resulting Bayesian network structure is given in Bid.(visual player information).

Before the modeling of the corresponding variables in the example will be described,
the next section will focus on another problem in Bayesian netwdtliksv to get those
numbers- i.e. the conditional probability tables?

3.2.3 How to get those numbers? Some simplification

The design task of a Bayesian network consists of selecting an appropriate structure and
determining the numbers of the conditional probability tables (CPTs). In networks that
include nodes with many parents these CPTs can be quite large. In the following some
modeling techniques will be described that simplify this task. Finn V. Jensen calls them
“modeling tricks” (see Jen96 pp. 47]).
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Boris Jelen
Boris Jelen ‘P( W, 1B) ‘P (W 1J
PWIBJ Wing Win
Win \ }K(W | Wg W
Win

Figure 3.2: Noisy-or gate (cf. EX).

Undirected relations

In many domains one has to model logic or probabilistic relations between random vari-
ables that do not have a direction such as causal relations.

Example 4 You are still at the Wimbledon Tennis Championships, but now you are vis-
iting a double with four players. On the scoreboard the four names of the players are
paired in order to form the two teams: Becker/Jelen vs. Jarryd/Edberg.

The pairing of the names defines an undirected binary reldgam Let

A B e § = {Jarryd, Edberg, Becker, Jele € {0,1},
Team= {(Jarryd,Edberyg (Becker,Jeley} C § x S.

The numbers of the probability table can be directly obtained from the definition of the
relation:

1.0, if (A,B) € Team

P(T =1AB) = _
( IA.8) {0.0, otherwise

P(T =0|A,B) =1.0—P(T = 1A B)

Noisy-or

A special case of an undirected relation is ttasy-or gate. If a probabilistic relation
P(A|B,C) is difficult to specify, but if it was possible to estima®€A|B) andP(A|C), the
conditional probability tabl€(A|B,C) can be constructed from the simpler CPTs.

Example 5 (continued Ex.4) You intend to estimate the probability that the team
(Becker,Jelen) scores the next point. They will score either because of a good playing
of Becker, a good playing of Jelen, a good playing of both, or because of a fault of the
opponents.

The variableW = true denotes that Becker and Jelen will score the pdng true that
Boris Becker plays well, and = true that Erik Jelen plays well. The conditional proba-
bilities P(W|B) andP(W|J) have been estimated. Now the assumption is introduced that
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A, A,.. A A, ..A, A,\/lz../xi A, A,
/ D
divorcing \
B B

Figure 3.3: The parents of no@eare divorced by a new mediating noDe

the reason8, J are independent of each other and combine like the lo@&alielding:
P(W|B,J) :wgw P(WWs,W;)P(Ws|B)P(W;|J)
EAAN]

whereP(WWg, W;) = ORWs, W),
P(We|B) = P(W|B),
P(W;|J) = P(W|J).

Evaluating theOR relation yields that the noisy-or can be specified by three values
quqlqu:l

P(W|-B,—=J) =1—P(-Ws|-B)P(-Wj|-J) = 1—qp
P(W[B,=J) =1—P(-Ws|B)P(-W)|=J) = 1 - qoth1
P(W|-B,J) =1—P(-Wg[-B)P(-W)|J) = 1— o2

P(W|[B,J) =1—P(-Wg|B)P(-W;|J) = 1 - go0102

Divorcing

The noisy-or is a special case of a technique that is cdliatcing [Jen96 p. 52]. The
set of parents of a nod®: pa(B) = {A;...An} is divorced by amediating variableD
(Fig. 3.3). Divorcing byD means that a subset of parefifs ... A } is substituted by the
variableD:

pa(B) = {D,Aiy1...An}

such thatD in turn becomes a child of the substituted spa(D) = {A1...Ai}. This
operation is valid iD € {dy,...,dn} defines a corresponding partitionifg, ..., Dn, of
the set of configurations:

A1><A2~-><A52UQ)J‘ with Dj CALxAz--- XA,
j

so thatif(ay,...,a),(a},...,a) € Dj, then

P(B‘ala"'aabAiJrl?"'aAn) = P(B|agl_7"'aa1{7Ai+la"'7An)

1 Note that the last probability can be calculated from the other probabilitiggig,) = %.
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CC=—NF S CC-—NF S C H

C H
V'Y /
LJ)
// Y //
divorcing S
L L

Figure 3.4: An example of divorcing (cf. ER, Fig. 3.1).

For example, if the evidence on the scoreboard and that from the visual appearance of the
players on the tennis court shall be integrated to obtain a common belief in the look of
the player (cf. Ex3, Fig. 3.1), divorcing can be used in order to reduce the size of the
CPTs. The look of the player is modeled by the cou@@/and a variablé&NF indicating
whether the name sounds French on the one side as well the skilCanhorthe hairstyle

H on the other side. The mapping from the entry on the scoreboard to the player on the
court is represented by a selection varig®ighich will be explained in the next section.

In this case it will be sufficient to assume that the varigbt®ntrols the causal influence

of the scoreboard entry on the look of the player on the court. Therefore, the probability
distribution may be modeled as follows (Fi&4, left):

P(L,C,H,CC,NF) = P(L|C,H,S CC,NF) P(C) P(H) P(CCINF) P(NF)

Divorcing the parents of node € Q_ = {French Eastern-Europearexotic} by a new
mediating variabld’ € Q, results in a modified structure of the Bayesian network

P(LIC,H,SCCNF)= Y P(L|L'=1,C,H) P(L' = I|CC,NF,S)

leQr

Here the visual evidencelsair’ (H), 'skin color’ (C) and the scoreboard evidenceii-

zen of country(CC), name sounds FrendiNF) are assumed to independently cause the
impression of the look.. In a second step, the divorced subset of variap®S NF, S}

can be divorced again resulting in the structure shown in @#.right):

P(L'ICC,NF,S) = ¥ P(L'IL" =1,5) P(L" =1|CC,NF)

leQr

The selection variabl& only considers the causal influence@E andNF summarized
inL”.

3.2.4 Modeling corresponding variables

The previous subsection discussed the Bayesian network structur8.(igf the tennis
example (Ex3). The resulting structure of the network consisted of two subnetworks that
were related by tweorresponding variablesWe cannot link them directly because the
first network models one of two entries on the scoreboard, and the other network models
the look of one of the two players. There are four sets of evidenf&gack’, rasta-
curls’}, {"white’;short-hair’ }, {"Agenor’/Haiti’ }, {"Lendl’USA’}. We do not know if
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. . . . . .
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(a) One-to-two mapping (b) Two-to-two mapping

Figure 3.5: Modeling of corresponding variables.

Ronald Agenor or Ivan Lendl should be related to the dark-skinned man with rasta-curls
or to the white man with short hair. Certainly, the questwho is who on the tennis
court?’” may be answered externally to the Bayesian network by setting up a search on
every possible combination of evidence with some matching criterion. However, there is
an internal modeling alternative:

Postulate 3 The modeling of corresponding variables is a key issue in relating multi-
modal input. This thesis will show that this problem can be solved in the language of
Bayesian networks in a consistent and efficient way.

What is the basic pattern behind the problem of corresponding variables? Let us assume
three random variables, B,C, where eitheA is related toB or C is related toB. The
conditional probabilitie®(B|A) andP(B|C) have been estimated. The situation is much
like that of a noisy-or (see Se8.2.3, but the combinational function is different. The
either-or decision can be modeled byadection variableSwhich has two possible values
{&,€} that denote the two possible corresponding variaBl€s The intended function-

ality can now be represented by the conditional probal#{|A,C, S) that is defined as
follows:

P(BIA,C,S) = [P(bilaj,c,s); i=1...mj=1...nk=1...r,sc {4:¢}]

P(b |a; if s— 3
whereP(bi|aj,Ck73):{ (bilaj) ,ifs zil
s=¢C

P(bi‘Ck) ,if
If S=4, Cisirrelevant toB. If S=¢, Ais irrelevant toB. The resulting Bayesian

network structure is presented in F&)5(a) It realizes a one-to-two mapping. A one-to-
N mapping can be modeled by extending the possible valu8&dfa, ..., ay}:

P(bla,...,aN) s) = P(bja),if s= &

For the next step a new variatllkeis introduced that is defined analogicallyBoi.e. it
corresponds to eithek or C (Fig. 3.5(b). This is modeled by a new selection variable
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T € {4,¢}. If the mapping of corresponding variables is exclusive this can be represented
by a relationR between the two selection variabl8s :

P(RST)=[P(r|s,it); r € {1,0},s€ {&€},t € {&4€}]
1.0, ifs#t

whereP(R=1|s;t) = .
0.0, ifs=t

The Bayesian network in Fig.5(b)models an exclusive two-to-two mapping. An exclu-
sive M-to-N mapping can be modeled by introducMgselection variable$,, ..., Sy €
{&s,...,8x} with conditional probabilities:

p(b[a®, ..., a™ ) — p(bi)al)),if V) —&,1<i<M,1< | <N

)
and an exclusive relatioR with

1.0, ifs#£sk 1<ik<M,i#k

PR=1sY, ... ,sM)= _
0.0, otherwise

These huge probability tables need not be explicitly represented in the Bayesian network.
The next section will describe an inference algorithm that combines conditioning and
bucket elimination techniques in order to efficiently evaluate such networks in a general
way (se€3.3.9.

Now, returning to the tennis example, the two-to-two mapping of the four eviden-
tial sets can easily be expressed (Hg). The selection variableS T have the values
{I74,"p}. The CPTP(L'y,|L"4,L"s, S/T) are defined as follows:

P(L'1|L3, Ly =1,S= |~Na) =P(L'1]l"a), 1 € Q
P(L'1|Ly =1,Lf,S=1") = P(L'1|L"p), | € QL
P(L|Lg, Ly =1, T =175) = P(L'2L"a), | € Q1
P(L'2lLy = 1,15, T =1"y) = P(L'|L"p), | € QL
PR=1ST)=[P(R=1|st); st {717}
whereQ, = {French Eastern-Europearexotic},
1.0, ifs#t

PR=1lst)= {oo if s=t

The CPT<P(L;|L’;,Ci,H;),i = 1,2 integrate the different types of evidence. If the value
of L differs from that ofL’; the conditional probability is set to zero:

P(L =l[c,h), ifl=I'

P(Li=Ili=1",c,h) =
(Li=liti=T.ch) {o.o, if 1 £1

The CPTsP(OFy/,|OP"3,OP"y, S/T),P(OP|OP,NP)),i = 1,2 are defined analogi-
cally.
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Figure 3.6: A two-to-two mapping in the tennis domain (cf. Bx.

3.3 Inference in Bayesian Networks

The basic inference in a Bayesian netwdtk= (7, ¥, C) is belief updating(bel). The
values of some variablds;, ..., E, C 7 in the network are known and we ask about the
probability of the values of another varialilee 1’ with regard to the known evidence.
The first type of variable is called observedawidential variablesand each assignment
is called an observation evidence The second type is referred to as theery variable

BellQ=0q) =P(qe) =P(Q=qlE1 =ey,...,

If the joint probability table is knowrP(g|e) can be easily calculated by selecting the
appropriate table entries and summing over all unspecified variables:

P(ale) =

En=6n)

P(al, e
)JEV\{QE1,....En}

,a8m,€), o = normalizing constant

(al,....

The second probabilistic inference that can be calculated from Bayesian networks is find-
ing themost probable explanatiorimpe). Given a set of evidences, the configuration

(aj,...,a;,) of all remaining variabledA,...,An} = V' \ {Eu1,...,Ey} with the maxi-
mum probability is searched for:
(a1,...,ay) = argmax P(as,...,am,€)
(at,...,am)€V/{E1,....En}

The third probabilistic inference is a mixture of belief updating and finding the most prob-
able explanation. Instead of querying the configuration of all variables of the Bayesian



72 CHAPTER 3. A MODEL FOR UNCERTAINTY

network, finding themaximum a posteriori hypothesi@nap) requests the configuration
(b1,...,b;) of a subset of variable = {Bg,...,Bx}. This is an mpe-task on a marginal
distribution:

(bi,...,bg) = argmax P(by,...,bx,a1,...,8m«k,€)
(by,...b)€Q L(ay,... am 1) € VN({Ex,....En}UQ)

The following subsections will first concentrate on belief updating. The other tasks will
be described for the bucket-elimination algorithm because their realization is very much
straightforward in this framework.

Typically, the joint probability table is too large so that it is not feasible to calculate
and store it. Bayesian networks represent the joint probability table in a distributed man-
ner by using smaller conditional probability tables. Algorithms that perform inferences in
this network utilize the structural characteristics of the network in order to calculate belief
updates in an efficient way with short computational time and small storage requirements.

3.3.1 I-maps, moral graphs, and d-separation

All evidence does not directly influence all nodes within the network. Mostly, an evidence
E:1 = e; influences a variablé only through another variabl@. In such a case, we say
that the variabl€ separates the variabiig from A. The consequence is that the evidences
on both sides o€ can be integrated independently and then be combined in theGiode
The whole evidence setis divided into two independent subsets e U eZ with regard

to C. This concept is formalized by thieseparationproperty of causal networks:

Def. 1 (d-separation) Two variables A and B in a causal network arseparatedf there
is an intermediate variable V for all paths between A and B such that either

e the connection is serial or diverging and the state of V is known or

e the connection is converging and neither V nor any of Vs descendants have re-
ceived evidence.

The d-separation is denoted K Z|B) whereZ is the set of known variables that sepa-
rate the variables A and B.

If two variablesA, B are d-separated in a Bayesian netwsrlwith regard toZ the corre-
sponding probabilities are conditionally independent:

(Alz[B)s = P(AB|Z)=P(AZ)P(B|Z)

Therefore, a Bayesian network preserves the independency assumptions of the joint prob-
ability distribution. It is a so-callethdependency mapr I-map of P. If we can identify
small subsets that d-separate the network into smaller subnets, evidences can be integrated
by an efficient divide and conquer strategy.

The d-separation properties of a Baysian network can be analyzed by the construction
of a so-callednoral graph(see Fig3.7). Each node in the Bayesian network corresponds



3.3. INFERENCE IN BAYESIAN NETWORKS 73

P(C) P(H) P(NP)

Color Hair NetPosition @

NpLiLHC) P(OP'| OP" NP)
P(S)

L(}ok/ S \Oi”fensgvePlay @

Look’ OffensivePlay’
PiL” S* P(OP'I OP" 3

o

I
Look ’?

P( L NF CC) OffensivePlay’’

szen <+ NameF rench @ @

P(CC | NF)
P(NF P(OP”’ I N)

P(N) Name 0

3

(a) Bayesian network (b) Moral graph

Figure 3.7: Example of a moral graph (b) that is constructed from the Bayesian network
(a) of the tennis example (cf. ER, Fig. 3.6)

to a node in the moral graph. Whenever two nodes of the Bayesian network have a child-
parent relation or have a common child — i.e. the random variables occur in the same
conditional probability table (CPT) — they are connected by an undirected dependency
edge in the moral graph.

Theorem 1 If for all paths ? = (A,Cy,...,Ck, B) between two nodes, B in the moral
graph M = (V, F) there exists a node € Z C ¥ that is an element of’, then Z
d-separates the nodesBin the corresponding Bayesian netwk (A| Z|B) 3.

There are two properties of the moral graph that are used in the efficient organization of
the belief updating task of a Bayesian network.

1. Thewidth of a node is determined by the number of neighbors that have an edge
to the node. This measure is tightly related to the complexity of the belief updating
task in the Bayesian network (s8e3.3bucket eliminatioh

2. A subsetC C ¥ of the nodes of the moral graph is calletique if all nodes
are connected to each other. The moral graph in Big(b) has the cliques
{{LU,L,C,H},{L',L" S}, {L",CC,NF},{NF,N},{N,OP"} , {OP’ OP,S},
{NP,OP,0OP'}} plus all subsets of these. The determination of the cliques of a
moral graph can be used in order to organize the belief updating task in an efficient
way (se€3.3.3junction tree}.
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\oi/ NN
) '““\/7\
/ﬁ\ L4 A

fa /a\ AN

Figure 3.8: Singly connected Bayesian networks (left: tree, right: poly-tree).

3.3.2 Singly connected networks

The simplest case of belief updating is given for tree structured networks, i.e. any node in
the network has only one parent. Consequently, any Addehe network d-separates its
parentH and childrerB, D (Fig. 3.8, left). Therefore, if the belief oA shall be calculated,

the evidence can be divided into oneausal subsefparent sideg; and onediagnostic
subseffor each childeg, e5:

—eaflle - _ e | le=
e=eiUe,, € =eUe

Pearl has proposed a recursive propagation scheme that directly exploits these indepen-
dency assumptions in the network (here for the child n@Jj&y:

Bel(a) = P(alex, €, ) = aP(e, |a)P(a€y)
P(ex|a) = P(eg, & (@) = P(eg |a)P(ep[a)

Conditioning over the variable B results in the conditional probability tBRA), which
is given, and the diagnostic evidential teRfe; |b) that can be recursively computed:

P(egla) = %P(eélb)P(bla)

The causal evidenag can be divided into three independent subsgts: €/, Ue; Uej
with regard to the parer:

Plalef) = Y PanPiflef ¢ &)

—GZF’&\ P(hlef)P(e [h)P(ey |h)

Again, the conditional probability tabR(A|H) is given and the other terms can be recur-
sively computed. If the variable of an evidential term has a known value in the evidential
sete, the term is trivially calculated by assigning 1 for the known value and 0 otherwise.
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From another point of view, the recursively calculated results can be interpreted as
messages from one node in the network to another moga) = P(h|e} ) is calledcausal
supportof A contributed by parert. Ag(a) = P(eg |a) is calleddiagnostic supporbf A
contributed by chilB.

If the nodeA has more than one pareft C in the network, but there exists no path
betweerH andC except the one though, the network is called a singly connected poly-
tree (Fig.3.9). In this case, a similar recursive scheme can be applied. Each diagnostic or
causal subset of the parents is d-separated from the other by the complete set of parents,
e.g.(e |H,C|el). Consequently, the causal supporfiafan be calculated by:

P(aley) =a ; P(alh,c)P(hlef;)P(e [h)P(e; [h)P(cled )P(ec)

So far, the d-separation properties could be directly inferred from the tree or poly-tree
structure because there is only one path to check in any case. If there exists another path
undirected loops are introduced to the network that complicate the d-separation analysis.

3.3.3 Coping with loops

If the network is not singly connected, the basic assumptions of the recursive propagation
scheme are not applicable. The evidences cannot be divided in diagnostic and causal with
regard to a single variablé because there might exist another path between the parents
and the children oA. There are four possibilities to make propagation in networks with
undirected circles tractable: (i) instead of propagating messages between nodes they are
propagated between cliques of nodes that are singly connectejli(stion treeg; (ii)
additional independencies are introduced by variable assignments such that the condi-
tioned network is singly connected (seenditioning); (iii) the impact of a node on the

whole network is calculated without distinguishing between diagnostic and causal sup-
port (seebucket elimination; (iv) stochastic simulation

Conditioning

Undirected circles in a Bayesian network can be broken up by assigning a value to a
variable of the circle (see Fi§.9). The joint probability distributiorP(U) represented
by the Bayesian network onditionedby a set of variable€; ...Cy:

—c(D —c
p(a) 2= S=CT py|c, = ¢D,Cp = ¢) with ¥ = U\ {Cy,...,Cnl,

such thaP(7/|Cy,...,C,) can be represented by a singly connected Bayesian network.

A belief updating task for a variable € 1’ must be calculated for any configuration
of the conditioning variable&;, . .., C, applying e.g. the recursive propagation algorithm
for singly-connected networks (c3.3.2:

P(Alg= Y PAlec®...c™)pch.. cMe)
D...cn

ol )
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(a) Bayesian network (b) Conditioning ofS T € {dp,,0p, }

Figure 3.9: The undirected circle of the Bayesian network (a) is broken up by condition-
ing of the variableS T € {dp,,0p,}. In this example the properties of the modeling of
the corresponding variables are exploited.

TheP(cV,...,cM|e) terms can be interpreted as a mixing weight for the configuration
(cM...cM). It can be easily calculated applying the rule of Bayes:

P(cM...cMie)=a P(ec...c™) PV ...cW), wherea is a normalizing factor
P(c...cM) is the a priori probability of the configuration, afde/cV)...c(") can be
calculated from the Bayesian network representatidh(6f|Cy,...,Cy).

Junction trees

One way of making the d-separation explicit is the constructionjahation tree from
the moral graph (see Fig.10).

Def. 2 (junction graph/junction tree) A junction graph for an undirected graphg is
an undirected, labeled graph. The nodes are the cliqueg.ikvery pair of nodes with a
non-empty intersection has a link labeled by the intersectien96 p. 85]. Theunction
tree 7 is a spanning tree of the junction gragh, such that for each pair of nodes, ¥
all nodes on the path between U and VJicontain UNV .

In the example shown in Fi@.10eight cliques, also calleclusters have been identified

in the moral graph. The junction tree is constructed from the junction graph by removing
appropriate edges from the graph. The set of nafled an edge in the junction tree
d-separates the sets of node¥ included in the two remaining subtre€s)| Z|7), e.g.

S = {NP;,OP;,0P;,0P;,,0P,,N,, S}

Z = {OP;,0R;, S}
T = {R S T,NP, 0P, OF}, OP,, OP{;, Ny}



3.3. INFERENCE IN BAYESIAN NETWORKS 77

P(NP) P(RIS T) P(NP)
NetPosition ; R NetPosition , @ @
P(OP | OP’ NP* /\P(T) ¢ P(OP1 OP’ NP @ @
OffensivePlay,| S T, OffensivePlay
P(s) R
I [ OP; S T OP;
OffensivePlay’ 4 X OffensivePlay; ! 2
P(OF 1 OO (OF; | O OF3’ 1)
\ 7
OffensivePlay’;] OffensivePlay’; OB’ or)’
P(OPIN) P(OP | N) ~
Name , P(N) P(N)Nameb a
(a) Bayesian network (b) Moral graph

OP;,0P.",0P}",T

OP;,0P.’,0P)",T
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Figure 3.10: The junction graph (c) is constructed from the cliques of the moral graph
(b). The nodes are shown as ellipses. The edge labels are shown in rectangles. The
junction tree defines a spanning tree of the junction graph.



78 CHAPTER 3. A MODEL FOR UNCERTAINTY

AN a
5/ w7/ o
e

\ /F
G
(a) Bayesian network (b) Moral graph
(a)
Q/AQ
RN
©
(d) Triangulated moral (e) Junction graph (f) Junction tree

graph

Figure 3.11: Triangulation: the moral graph (b) is triangulated (d). A junction tree (f)
does only exist for the triangulated moral graph.

The recursive structure of the tree can now be used in order to propagate the evidence
through the network.

In Fig. 3.11(a-c) the construction of the junction tree is more complicated because
the junction graph has no spanning tree that complies with the properties of a junction
tree. An undirected circle remains if a spanning tree is tried to build up. This problem
is circumvented by the solving of a more restricted problem. An edge is added to the
moral graph such that the corresponding junction graph has a junction tree. A sufficient
criterion for the existence of a junction tree is that any circle of more than three nodes in
the moral graph must havechord, i.e. an additional edge that connects two nodes in the
circle (see Fig3.11(d-f)). This transformation of the moral graph is caltedngulation.

The junction treel’ = (7, E) in Fig. 3.11(f) represents the joint probability distribu-
tion P(A,B,C,D,F,G). The nodesl = {W,...,W,} are labeled witttluster tablegyy,
the edgesE = {S;,...,Sn} with separator tabless;. The joint probability distribution
P(U) can be calculated as the product of all cluster tables divided by the product of all
separator tables:

P(U) =P(A,B,C,D,F,G) = Miz.ntw (3.2)
[Mj=1.mts
Initially each node clustépf and edge separat§y is assigned a table of ones, etg. =
(1,1,...,1). Then each CPP(X|Y1,...,Yk) is multiplied by the tablé\ of an unique
clusterW with {X,V1,...,Yx} CW. Evidencee = {A=ap,D = d;} is represented by
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the corresponding tables, = (0,1,0,...,0),e5 = (1,0,...,0). These are analogically
inserted into the junction tree resulting in a representation of

i t
P(U,e) = P(A— ,B,C,D = dy,F,G) — Lli=tn'W (3.3)
Mi=1..mts;

The propagation in junction trees is based on an operation calisdrptionthat rear-
ranges the information represented in the junction tree so that it remains invariant under
Eq.3.3

Def. 3 @bsorption) LetV and W be neighbors in a junction tree, let S be their separator,
and letty, tyw andts be their tables. Thabsorptionoperation is the result of the following
procedure Jen96 p. 73J:

e calculatets = ZV\StV:

e give S the tablé¢;
e give W the tablegy, = tW%.

We say thaWW hasabsorbedfrom V. After the propagation is complete, i.e. the tables
tw, ts, remain invariant under absorption, we have for each node the junction tree
and each separat&r

tv =% P(U,e)=P(V,e) andts=P(Se) (3.4)
Utv

From this representation the belRfX|e) of a nodeX €V can easily be calculated:

P(X|e) =a z ty, whered is a normalizing factor (3.5
VX

The propagation algorithm can be realized by a recursive scheme that is analogical to
the propagation in singly-connected networks. The complexity of the algorithm is deter-
mined by the sizes of the clusters and separation tables that are exponential in the number
of nodes of the cliques. In the worst case, the junction tree consists of a single clique
containing all nodes of the Bayesian network. The number of absorption needed is linear
to the number of cliques.

Bucket elimination

Bucket elimination is a general problem solving method that is tightly related to the dy-
namic programming approach. The application to probabilistic inference was introduced
by Rina DechterDec9g. The bucket elimination scheme shares some ideas with junc-
tion trees but is organized in a simpler linear way instead of operating on graphs.



80 CHAPTER 3. A MODEL FOR UNCERTAINTY

AN GPGDF)  G=g
B C F :P(F|C) Ac(D,F)
i/ l B :P(B|A) P(D|B,A) B=Db;
D F
N

D: )\F(D,C) )\B(D,A)
4 :P(C|A) P(A) A (A,C)
C: A (C)

a) Bayesian network
(2) Bay (b) Buckets

Figure 3.13: Bucket scheme for the Bayesian network in (a) and the variable ordering
C,A D,B,F,G. (b) shows the buckets after they have been processed in reverse order.

Assume the network presented in Figl3a). The belief updating task for variable
C is defined as follows if evidenae= {G = g2,B = b, } has been observed:

P(C|G = gZaB: bl) =a g P(Cv f7d7927a7 bl)
f,d,a

=a 5 P(@ld.f) P(diby.a) Plbafa) P(T]c) P(cla)
f.d,a

The same term can be written in the algebra of conditional probability tableswith
(0,1,0,...,0),e5 = (1,0,...,0):

P(C|G=gz,B=hy)
=a % P(G|D,F) P(D|B,A) P(B|A) P(F|C) P(C|A) P(A) e; &5
a,d,b,f,g

=a ZP(A) CZ % P(D|B,A) P(B|A) QBZP(F]C) z P(G|D,F) eg
a g

The splitting of the complete summation into summations over single variables is essen-
tially what the bucket scheme introduces. Conditional probability tables are factored out.
The scope of the summations then definestilnekets The bucket operation consists of

a multiplication of all CPTs in scope and a summation overhheket variable If the

bucket variable has been observed the summation can be substituted by a selection of the
subtable that is determined by the observed value. The expression is evaluated starting
with the innermost bucket. The result of a buckgtYi,...,Yy) is a new CPT that may
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be factored out again:

O(ZP Z_%P D|B,A) P(BJA) eBZPF|C P(G|D,F) &5

:agp zr%me,A (B|A) @BZPHC c(D,F)
—a Z P(A) (Z A:(D,C) % P(D|B.A) P(BJA) &g

—a z P(A) ZAF(D,C) Ae(D,A)

—“ZP ) Ao(C,A)

=a Aa(C)

In each step, one bucketediminatedfrom the expression. FigR.13b) explicitly shows
the representation of the buckets. Initially, the CAX|Y,...,Yk) of the Bayesian
network in Fig.3.13a) are inserted into the buckets. A CPT is placed in the first bucket
whose bucket variable is member of the CPT. The buckets are checked in reverse order.
For exampleP(BJ|A) is placed in buckeB. Then the evidences, e.§G.= gy, are added to
the corresponding bucket, hege Afterwards, the buckets are evaluated in reverse order.
For example, buckeB produces a messagg(D,A) that is placed in buckeD. The
result of the belief updating task is collected in the last bucket, that is the bucket of the
query variable. It is calculated by a normalized product over all elements in the bucket.
The complexity of the algorithm strongly depends on the ordering of the buckets. A
bad ordering would for example start with bucket

M (G,F,AB) = ZP(G|D, F)P(D|B,A)

resulting in a large CPT with a dimension that is the product of the variable dimensions,
i.e. the number of possible values of each variable.

The calculation of the optimal variable ordering, with the smallest CPTs, is NP-hard.
However, a good solution can be obtained by analysis of the moral graph using a greedy
strategy (see Fig.14). The moral graph of the Bayesian network in Fdl2(a)is shown
in Fig. 3.14(a) The ordering of variables is obtained by selecting the node with minimal
width in the moral graph, here one of the no@€, G. In Fig. 3.14(c)G is selected and
eliminated from the moral graph. An elimination step consists of the deletion of the node
and the insertion of edges between all nodes that were conned&dahe next step,
nodeF is selected and eliminated resulting in the insertion of an edge betaexC.

The algorithm continues with the variablBsD, A until only the query variabl€ is left,
thereby calculating the orderigy A,D, B,F, G. The moral graph with all inserted edges
during selection defines treduced moral graph(Fig. 3.14(b). It equals the triangulated
moral graph used for junction trees (see RBig.1(d). Theinduced widthof a node in the
moral graph with regard to the orderi@gA, D, B, F, G is defined as the number of edges
to earlier neighbors in the induced moral graph (Big.4(d). Earlier mean®eforewith
regard to the ordering. The induced widthof a nodeX is identical to the size of the
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with regard to the order-
ingC,A,D,B,F,G.

(c) Elimination

Figure 3.14: Finding a good variable ordering based on the minimal induced width.

messagex (Y, ...,Yy) that is send from the buck&tto an earlier one. Consequently, it
is a measure for the complexity of the belief updating task.

The finding of themost probable explanatiofimpe) and thenaximum a posteriori
hypothesigmap) can be easily formulated in the bucket elimination framework. In the
first case all bucket operations are changed from summation to maximization. In the
second case only those variables that belong to the hypothesis are maximized:

e most probable explanation:

maxP(C,A,D,F,G=gz,B=D)

c,ad,f

= _max_P(G|D.F) P(DIB,A) P(BIA) P(F C) P(CIA) P(A) &5 &

= max mésle(A) max mbaxP(D|B,A) P(B|A) @BmfaxP(F\C) méaxP(G\D, F)eg

e maximum a posteriori hypothesis for the varialllz§:
max, +P(C,F|G=g2,B=Db)
= m?xa % P(G|D,F) P(D|B,A) P(B|A) P(F|C) P(C|A) P(A) es e
&t adbg

= max mfaXP(F|C) a Z P(A) Z % P(D|B,A) P(B|A) g5 % P(GID,F) eg

Each maximization stores the selected argmax value for each resulting table entry. The

most probable explanation or maximum a posteriori hypothesis is collected during back
tracking the last selected maximum value.
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Figure 3.15: Calculating the variable ordering for the tennis example (se8.Eiya).

The variable ordering for the map-task must be changed slightly because the summa-
tions have to be processed before the maximum-operations. Therefore, the algorithm for
generating the ordering is first applied to the summation variables (selégting, G)
and then applied to the maximization variables (seledtits).

In the tennis example with Ronald Agenor and Ivan Lendl (Bxthe correct map-
ping between the two players on the court and the two names on the scoreboard must
be found. This problem can be formulated as a map-task, that is finding the maxi-
mum a posteriori hypothesis of the two selection varial8ek (cf. Fig. 3.6). In the
following the simplified tennis network from Fig.10(a)will be discussed. Its moral
graph is given in Fig3.15 The greedy algorithm for calculating the variable order-
ing first selects the variablad;, Ny that have the induced widthv = 1, and contin-
ues withNP, NP (w = 2) and OP;,0OP;(w = 1). ThenR is selected withw = 2 and
OF'1,0P(w = 3). The last summation variabl&P’,, OP’, have the induced width
w = 3 andw = 2, respectively. As the first maximization variablg,is eliminated
with w = 1 leaving the last maximization variabf® Thus, the resulting ordering is
S T,0P’,,OP",,0P'1,0P5, R, OP;,OP,, NP, NP, Na, Np.

The bucket elimination scheme for this ordering is shown in Eigjg The complex-
ity strongly depends on the message calculation of the buckets OP'1, OP"y,, OP” ,,
i.e. those of the corresponding variables. FoNato-M mapping the message size is ex-
ponential inN andM. If variablesXy, ..., Xy shall be mapped to variabl¥s, ..., Y, N
selection variables withW possible values are needés;. .., Sy € {V1,...,Im}. Buckets
X; calculate the messages (Y1, ...,Ym,S) that are collected in Buckety. Bucketoy
then generateky,, (Y1,...,Yv-1,S1,...,Sy) whose size is exponential M andM. For
largerNs andMs this is not tractable. Sectiéh3.4will present a solution that combines
bucket elimination and conditioning techniques.
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:P(OP",|Np) P(Np) Np = Lendl
:P(OP"4|Na) P(Na) N, = Agenor
Nsz P(OP,|OP'2,NP) ( P,) NP, =false
NPy :P(OP1|OP'1,NP;) P(NP1) NPy =true
0P )\NPZ(OPQ,Oplz)
OP1: )\Npl(OPl,OP’l)
R :P(RST) R=1
P'5 :P(OP5|OP"4, OP"y, T) Anp, (OP2)
P'1 :P(OP'1|OP",, OP"y, S) Anp, (OP'1)
OfP/b : )\Nb(OPUb) )\opz(opﬂa, OPUb,T) Aopl(opﬂa, OP”b, S)
O0P'y: A (OP"2) Aop, (OP'3,ST)
T :P(T) AR(ST)Aopr,(ST)
S P(S) A ()

Figure 3.16: Bucket elimination for the tennis example (cf. Big.0(a) with regard to
the variable orderin® T,0OP",, OP",, OP'1,0P'5,R,OP1,0P,, NP, NP>, N, Np.

Stochastic Simulation

The approach of stochastic simulation is completely different to the analytical methods
discussed so far. They do not provide exact inferences. Instead, the result of a belief
updating task is approximated by performing simulation runs. The Bayesian network is
used to generate random samples, i.e. possible configurations of the modeled variables.
The probability of any event or combination of events can then be computed by counting
the percentage of samples in which the event is tReaB8pp. 210].

The topic of approximate inference in Bayesian networks will not be discussed any
further because it turns out that exact inference is possible with regard to the scope of this
thesis. The interested reader may refer to the relevant literature, Reg88 WKt 99,

Dec97.

3.3.4 A conditional bucket elimination scheme

As demonstrated in sectiah3.3 the evaluation of the Bayesian network in the tennis
example 8.9) can be considerably simplified if conditioning is performed over the selec-
tion variablesS, T. In general it is a difficult problem to decide which variables are good
candidates for applying the conditioning technique. In this case, it is just straightforward
because of the definition of the conditional probability tables that model the mapping of
corresponding variables (cf. S&t2.9):

P(bja,....aN) s) = P(bja"),if s= &
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/A<C

(b) Bayesian network

(a) Corresponding variablés D andC,H

Figure 3.17: Bayesian network with corresponding variablés andC,H.

On the other hand, bucket elimination is a very simple and general technique for evaluat-
ing arbitrarily structured Bayesian networks. The idea to combine both techniques for an
efficient solution of the correspondence problem in multi-modal processing is obvious.

Beside this contribution, other researchers proposed several approaches for combin-
ing bucket elimination and conditionin@R96 Dec96 EFD94. In the following a novel
approach will be presented that employs the conditioning technique only on those parts
of the network that benefit from the mapping properties.

Conditional buckets

In order to capture the conditioning technique in an extended bucket elimi-
nation scheme, the concept afonditional buckets will be introduced. Let
P(A,B,C,D,F,G,H,1);A B,C,D,F,G,H,I € {0,1} be the joint probability distribution

of the modeled domain. There are two varial®eB that correspond to one of the vari-
ablesC,H (Fig. 3.17(a), i.e. an exclusive two-to-two mapping. This can be modeled
by two selection variableS, T € {4,d} (Fig. 3.17(b). The finding of the maximum a
posteriori hypothesiés*, t*) given evidence= {B=1,F = 0,| = 1} can be formulated

as follows:

(s,t") = argmax[ P(sit,a,c,d,g,hB=1,F =0, =1)
st g,h
= argmaxP(R=1|s;t) P(s) P(t)-
st
o P(F =0|c) P(g|c) P(c|a,d,s) P(I =1|h) P(h|a,d,t)-
a,c,d,gh
P(dB=1,a) P(B=1la) P(a)

The general formula of the conditioning technique (cf. $8.3 is

P(Ale) = Z P(Ale,cV) ...cM)y P ... cM|e)
c@) . cm
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Here, the conditioning variables themselves are the query variables. Therefore, only
PcV...cMie) = a P(elcV...c™)Pc...cW), wherea is a normalizing factor

has to be calculated. The task has been simplified bed(@e? ...c(") can be cal-
culated on a simplified Bayesian network. Applying this on the Bayesian network in
Fig. 3.17(b)reveals that different net structures are obtained from different values of the
conditioning variables:

PB=1F =0,1 =1S=sj,T =t
P(cla,S=sj), ifsj= é}

_ P(F = 0lc) P(g|c) {P(c|d,S= sp), ifsj=d

a,.c,d,gh

_ P(ha,T=t), iftk=4a _ _
-P(1 =1]h) {P(h|d,T b, ifte— d~} P(dB=1,a) P(B=1]a) P(a)

(3.6)

Therefore, parts of the Bayesian network can only be evaluated once. Other parts of the
network must be evaluated separately. This can be managed by introducing the concept
of conditional buckets

Def. 4 (conditional bucket) A conditional bucket [y\x = x] receives all those
CPTs RAL...,A)Y,By,....Bn,X = X), P(Y,Ar,...,A)B1,...,.Bn,X = X), or
Ac(Y,Aq, ..., Ay, X =X) that contain the variable Y and are conditioned by=X.

The conditioned messagef the buckef7’|X = x| is defined with regard to the bucket
operation func= {3, max} as:

Av(Ad,....Aq, X =x) = func([] CPT{"* ™) Ay(Y,By, .., Br)
v

where  Av(Y.By,...,Bm) =] cPT,
k
CPT" ¥ e [y]x =],
(

CPTkY) €9, where?Y is the unconditioned bucket.

The probabilities that shall be calculated are given byEg. Therefore, the probability
tablesP(F|C),P(G|C),P(C|A,S=4),P(C|D,S=d),P(I|H),P(H|A, T =4),P(H|D,T =
d),P(D|B,A),P(B|A),P(A) and evidential tablegz = (1.0, 0.0),er = (0.0, 1.0), and

e = (1.0, 0.0) have to be inserted into the bucket scheme. Given the variable ordering
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D,AH,C,B,I,G,F, the resulting bucket allocation is:

F P(FIC) e

G :P(G[C)

I:P(I|H) g

B:P(D|B,A) P(B|A) g5

- {[C\S: : P(C|AS=3)
"l[c|s=d]: P(C|D,S=d)

o {[ﬂyT—a]: PHIAT =4)
| [H|T=d]: PH|D,T=d)

a:P(A)

The bucketsF to B can be processed in the normal way. Elimination of these buckets
results in:

| [C|S=4): P(C|A S=34)
C:Ar(C)Ac(C) {[CS:CI] . P(C|D,S=d)

_ (H|T=8: PHIAT=4)
Hih(H) {[}[\T —d: PH|D,T=d)
4:P(A) As(D,A)

D
Now, the messages of the unconditioned and conditioned pagiadé calculated:

Ac(A,S=48) = ¥ P(CIA S=4&) Ac(C)

Ac(D,S=d) = z P(C|D,S=d) Ac(C)
whereAc(C) = Ag(C) Ag(C).

and re-inserted:

H|IT=4: PHAT=4&
}[:AI(H){{}[lT:d]]: PEHD,T:d))
14|S=4&: Ac(AS—4)
[4|S#4]:
@.{[@\S:d:]: Ac(D,S=d)

[DIS£d]:

4:P(A) Ag(D,A) {
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Note that in the buckets1 and D the insertion of the messageg(A,S= &) and
Ac(D,S=d), respectively, results in the introduction tfo conditional buckets that
cover all possible assignments of the conditioning variable. Therttheckets are pro-
cessed:

[A|S=4]: Ac(AS=a ){[“{Z”T:é]i M (AT =48)
A :P(A) As(D,A) AT £4: ~
[A|S#4 {ﬂ”—a AH(AT = &)
[A|T #£4):
[DIS=d]: Ac(D,S= ){[@‘T d: A(D.T=d)
D ) [Q)‘T#d]
[D|S#£d]: {[@’T:q}f A (D, T =d)
[DIT #d]:

The bucketsq, D are conditioned over both variabl&sT with two cases each so that

four messages have to be calculated. Due to the tree-structured representation that has
been chosen here for simplicity reasons, the messa@g®, T = &) has to be duplicated.

A messagaa(D,S=4& T # &) has to be calculated as follows:

M(D,S=4T #£4&) = f%nc(n CPTi(A’Q;é’Tﬁ)> Aa(A, S= &) Aa(A, T # &) Aa(A,D)
= Z)\C(A:S: &) P(A) Ag(D,A)
a
whereha(A, S=4&) = [1CPT{** =Ac(A S=4),
J
MAT #8) = |I|CPT|((A7T*5) =(1,...,1),
M(A,D) = |I_|CPT|(A) = P(A) Ag(D,A).

The evaluation 0of4 results in:

[D|S=d]: AC(D,S:J){[@”:%]: )\A(D,S;«éé,NT:é) ) )

D: [DIT =d]: A4(D,T=d)Aa(D,S#4&T #4)
[D|S=4]: AA(D,sza){[@‘T:J: M(D.S=aT=4
[DIT=d]: A(D,T=d)Ma(D,S=4&T #£34)

Finally, D is eliminated. The results are collected in freand7-buckets:

R:P(RST)eg
Ap(S=4T =38 Ap(S=&T=d)
T:P(T) M(szaﬁ: ) AE(S= d.T=d)



3.3. INFERENCE IN BAYESIAN NETWORKS 89

The remaining buckets can be processed using the normal bucket-scheme.

So far, the exclusive criterion that is modeled in the GRR|S T) is not exploited
during elimination of the buckets. A closer look at it reveals @ =1|S=s T =t) =
0.0, if s=t and thus

P(R=1,st,e)=a P(R=1|st) P(s) P(t) P(¢es,t) = 0.0,if s=t.

ThereforeP(els,t) need not be calculated in this case. This idea can be integrated into the
conditional bucket scheme by discarding any conditional bu¢k8&=s, T = s] whose
conditioning variable$, T have been assigned the same vajue{4,d}. The messages
Ax(S=s,T =gj) are then collected in a combined bucketZ that is processed by an
exclusive maximum operation over the varialdks.

Def. 5 (exclusive bucket)Anexclusive buckelss, ..., 5] receives all CPTs that contain
one of the variablessS..., S, € {s1,...,Sn}. The elimination of the bucket is performed
by an exclusive maximum operation:

s, (XL, .., Xm) = max <r| CPTS”) (HCPTl((nS‘)>
ko

(89),....8M) 802804 i je{Ln) \ g

Substituting the bucket® , S, 7 by the exclusive buckéfs, 7] yields:
[$,T]:P(S) P(T)

The evaluation is performed by:

(s",t") =argmax(S) P(T) Ap(S=s,T =t)
st, sAt

Although, the sizes of the propagated messages have been substantially reduced, the com-
plexity of the algorithm is still exponential in the number of corresponding variables. The
number of possible configurations that have to be checked by the argmax-oper@(b)n is

for anN-to-M mapping. Further reductions can be obtained by substituting the argmax-
operation with an approximating search over possible variable configurations.

Returning to the tennis example (Fig. 3.9(a), the approach of conditional buck-
ets works as follows. Let us assume the same variable ordering as in s@@i@n
S T,0P",,0P"y,,0P'1,0P,,R OP;,0P,,NP,NP, N;,Ny. Conditioning overS T re-
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sults in the following bucket allocation:

:P(OP"y|N, = Lend)) P(N, = Lend])
:P(OP”4|Na = Agenon P(N, = Agenol)
.‘7\[1?2 P(OP,|OP,,NP, = false) P(NP, = false)
NPy :P(
0Py
OPq:
opr . {OTAIT =Gkl - P(OPS|OPL,T = o7
2"\ 0P| T = G@)]:  P(OP,|OPL, T = 6p)
o [[OPAIS=0Bl] : P(OP{OP,, S= o)
"\ lo2iis=0m): P(OP;|OP,,S= O)
OPy:
0Pl :

[S,T]:P(T)P(S

OP;|OP},NP; = true) P(NP; = true)

The first six buckets are eliminated straightforward resulting in:

OP,|T =0pa]:  P(OP,|OP,, T = 0ph)
OP,|T =dp): P(OP,|OP,, T =dpf)
OP}|S=0opl]: P(OP;|OP;,S=dpl)
OP,|S=0pf]: P(OP,|OP,S=dl)

025 :Aor, (OP,) {{
021 :Aop, (OP}) {{
OPy A, (OP})
OP, A, (OP})
[S,T]:P(T)P(9

The bucket0P5, 0P} generate conditional messages that are propagated to the buckets
OP}, OPL:

Po|T =01] . Aop,(OP, T =0p)
OPY|T # O] : {[oapms-ovn © Nop,(OPh, S= o)
[OP4T =Bl Aop,(OP4, T = G)
(OB,|T 0¥ {[024/S= 0¥ Aop, (OP}.S= )

0Py :An, (OP}) {[

OP! A, (OP!) {

[S,T]:P(T)P(S
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Figure 3.18: Generating the variable ord¢®fT|,D,A,H,C,B,|,G,F for the conditional
bucket scheme. The small numbers denote the actual induced width.

Due to the exclusive constraint on possible assignments Bfonly two conditional
messages are calculated for the buck&® or 0P}, respectively:

[S,T]:P(T)P(S

0 Aop; (T = Op) Aop; (S= 0, T # 01%)

Aopy (S= 01, T # 01) Aop: (T = OF%) 0
This time, for any variable mapping separate messages are calculated that are then com-
bined in the exclusive bucket. Therefore, the number of conditional messages is only
N x M. The conditional bucket scheme automatically contributes to such independency
assumptions that are introduced by the structure of the Bayesian network. On the other
hand it is general enough to solve more complex problems like the aforementioned ex-
ample (Fig.3.17(b). There, a conditional probability table models a relevance relation
between the corresponding variabfe® that violates the independency assumptions that
exist in the tennis example.

The variable ordering for the conditional bucket scheme can be calculated similarly
to the normal bucket scheme by successively selecting the node of the moral graph with
the minimal induced width (Fig3.18). The combined exclusive buckgt, 7] is treated

as one node in the moral graph. The CPPT€|A, S= &), P(C|D,S=d) induce a special
treatment. For the node it is treated like a unique CPF(C|X,S) whereX depends on

the value ofS. Therefore, the edge in the moral graph is split into two edges to the nodes

A andD. For the node#, D these conditioned CPTs must be considered separately.

3.4 Relation to Graph Matching

The modeling of the corresponding variables and the conditional bucket elimination
scheme is tightly related to probabilistic graph matching. The two sets of correspond-
ing variables denote the nodes of the two graphs that shall be matched. The selection
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H,=red N ,=Becker
N=Becker 1 “
- @ \ Lf\\: : - 7:;,114 ’a/
N=Edberg @ H, =b\{znd W ( /,I;/ /N ,=Jelen

scoring table I 5 Sy ;/:r L;

N =Edberg

N\ oSN
Ny AN e
ERNANEDN 8
f—bions
=blond |~ ¢ N,=Jarryd

3

o

(a) Graph structure (b) Corresponding variables

Figure 3.19: A graph-matching example in the tennis domididlenotes the names on
the scoreboard;l the hair color, and.,L’ the anticipated look of the players. The edges
represent the relation that the names or players are members of the same team.

variablesSy, ..., S, € W realize the mapping function from the nodes of the one graph
G = (v, E) into the other = (W, ¥ ). Edges between the nodes can be formulated by
relations over the selection variables. For each egige {vi,v;} € E a relationR;j is
introduced with CPT:

10, if {s,s}€e¥F

(R S =95 =9) {0.0, otherwise

The search for a correct match is equal to finding a maximum a posteriori hypothesis of
the selection variables:

(SS)= argmax P(S,...Sle) [] PR;=1S.5)
S-S0, SES)IF] {Vi,Vj}eE

For example, extending the tennis example to a double with four players on the score-
board and four players on the court results in a graph matching problem3Eig.

The nodes of the first grap§ = (7, £) are labeled with the names on the scoreboard

N € {Becker,Jelen,Edberg,Jarryd The nodes of the other grapt = (W, F) are la-

beled with the players’ hair coldd € {blond, red. The edges represent the relation

that the names or players are members of the same team. The names are included in the
same scoreboard entry and the players are located on the same side of the tennis court.
The node matching can be modeled by comparing the anticipated look of the players
L,L" € {German,Swedish,other In the Bayesian network this leads to a 4-to-4 map-
ping of the corresponding, L’-variables. The graph edges can be modeled by two CPTs
P(Ri2=1S1,%),P(Rea = 1%,S), St ..., Ss € {I,..., I} that are defined identically:

00 10 00 0O
10 00 00 00
00 00 00 10
0.0 00 10 00

P(R; = 1is"),s7) =
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The graph match may be probabilistic due to different reasons. First, a node can be
labeled with a probability distribution of discrete values instead of a single value. Sec-
ondly, there may an edge between two nodes in the gféphith a certain probability
instead of only existing or not existing. A labeled edge can be modeled by extending
the domainQg,; = {0,1} of R to the appropriate label sef; plus an extra labes for
'no edge at all: Qr; = £ U{€}. The graph matching then considers a probability dis-
tribution over this label set. Traditional graph matching algorithmMseg9g assume an
independent scoring of node matches and edge matches. The Bayesian network approach
combined with the conditional bucket elimination method does not explicitly need these
independency restrictions. The technique automatically adapts to such conditional inde-
pendencies (cf. the Bayesian networks in Bid.7(b)and Fig.3.10(a).

3.5 Applications of Bayesian Networks

The following subsections will present different examples of the application of Bayesian
networks that have been proposed in the literature. The first one is a classic example
from the medicine domain that combines conditional probability tables that have been
estimated from examples and those tables that have been calculated from a computational
model. The others are examples in the context of object recognition: modeling aspect
hierarchies, attention, or arrangements of objects.

The MUNIN system

MUNIN (MUscle and Nerve Inference Network) is a causal network for the interpreta-
tion of electromyographic findings, that is the diagnosis of muscle and nerve diseases
through analysis of bioelectrical signals from the muscle and nerve ti8§UEA85]. It

was one of the first Bayesian networks of non-trivial size for a realistic application. The
structure of the network is shown in Fig.20 The DIAGNOSIS node includes the find-

ing of three different diseases, each with two to four states plus staté&wofanal and

Other. The mediating nodes consist of eight pathophysiological nodes that describe the
changes in a given muscle and one node for integrating three different findings. The nodes
MU.LOSS, POSTSYN.NEU.MUSC.TRANS, PRESYN.NEU.MUSC.TRANS, and the
integration node MUP.CONCLUSION have an additional s@teer. Fifteen different
findings are modeled by fifteen evidential nodes with two to seven states each.

Because the states of the three different diseases have been subsumed under the same
node, multiple diseases cannot be considered by the Bayesian network. Another restric-
tion is that only the findings from one single muscle can be inserted into the network.

As far as possible, the conditional probabilities have been calculated based on “deep
knowledge”, i.e. physical or physiological models that describe the interrelation of the
underlying pathophysiological interpretations of the statistical variables. Starting from
a finding of MU.LOSS and MU.STRUCTURE, these are translated into variables that
are compatible with the model. Then a new model variable is calculated utilizing the
“deep knowledge”. After that, the new variable is translated into the statistical variable,
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FORCE
%ATROPY
MU.LOSS . MVA.RECRUITMEN'
% MVA.AMPLITUDE
U.STRUCTURE: = TA.CONCLUSION

MUP.AMPLITUDE
DIAGNOSIS: MUP. CONCLUSIO/\< MUP.DURATION
MUP.POLYPHASIC
EGENERATION MUP.INSTABILITY
POSTSYN.NEU.MUSC.TRA MUP.SATELLITES
PRESYN.NEU.MUSC.TRA REPSTIM.SLOW

REPSTIM.FAST

MYOTONIA\
ASCICULATIONS\ SPONT-MYO.DIS
SPONT.FASCICUL

ENERVATI 0\
SPONT.DENV.POT

Figure 3.20: Bayesian network structure of MUNIAV/FAS85].

e.g. ATROPHY. For findings with continuous outcomes the probabilities are replaced by
probability distributions. Th®ther states of the variables have relatively even distribu-
tions. Thereby, these states obtain support for conflicting cases that are not covered by
the modeled states. The authors mention two different interpretaticdDthef states. If

the findings entered into the network faithfully represent the state of the muscle, a “hole”
in the knowledge of the network has been discovered. Alternatively, erroneous findings
may have been entered.

The network is verified by two different experiments. First, the network is used in top-
down manner by generating expectations of findings corresponding to a single disorder.
Secondly, typical findings of different diseases are entered, and the diagnosis is calculated
bottom-up.

The TEA-1 composite network

Raymond D. Rimey and Christopher M. Brown present the TEA-1 system that employs
Bayesian networks and decision theory in order to realize systems capéhlyjgottiesis-
driven sufficient vision[RB94]. The termsufficient visionintroduces a paradigm in
which structured scenes are processed selectively, i.e. using only some of the vision
modules, analyzing only small areas of an image, interpreting only sufficient details, us-
ing knowledge earlier in the process, actively controlling the sensor, and solving specific
visual tasks instead of reconstructing all objects in the entire image.

The TEA-1 system solves visual tasks by gathering scene evidence using visual op-
eration. In RB94] the authors present a system for classifyitigner-table-scenesrhe
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butter-
Sformatio,

(a) Part-of net/area net (b) Is-a net (c) Task net
Figure 3.21: Bayesian networks of the TEA-1 syst&B94].

scenes are structured in that they consist of an arrangement of objects with a recursively
defined spatial grouping. The table scene is structured by a setting area for each person
and a serving area. These are structured themselves, e.g. the setting area consists of a
plate, a knife, a folk, and a cup. Rimey and Brown introduce the femworld for such
domains.

The knowledge in the TEA-1 system is specified in four different Bayesian networks.
The recursive structure is represented ingag-of net(Fig. 3.21(a). Geometric relations
are modeled in thexpected area ndghat has the same structure as pgast-of net A
node in the first network identifies a particular object, and the corresponding node in the
expected area natlentifies the area in the scene in which this object is expected to be
located. The domain of the random variables in this network are the positions on a discrete
two-dimensional grid. Conditional probability tables between variaBl&are defined
with regard to a simplified distribution calledlational mapRgA(X,Y). A relational map
assumes that objeéthas unity dimensions and is located at the origin. The conditional
probabilities are obtained from a functidrthat is given by a knowledge engineer:

P(pg|pa) = f(Ps; Rgja: Pa,ha,Wa), whereha, wa are the height and the width of objekt

The classification of each object in the scene is represented bis-annet
(Fig. 3.21(b). It models a taxonomic hierarchy of mutually exclusive subset relation-
ships in the domain. Each node of thart-of netis associated with ais-a net

The task-specific knowledge is separated from the domain knowledge described so
far. It is encoded in dask net(Fig. 3.21(c) which specifies what objects and object
property values are expected for each possible outcome of the task variable.

The four separate Bayesian networks are linked withirctimaposite netThe prop-
agation of evidences in this net is realized as follows:

1. Propagate belief in each of the separate nets in the composite net except for the task
net.

2. Constructpackagef BEL values from the other nets for transfer to the task net.
These packages define the evidences that are attached to the nodes in the task net.
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3. Propagate belief in the task net.

TEA-1 currently uses combined beliefs about the presence of an object in the scene and
the detailed classification reswlf. For thel-utensilnode the package is:

(0Btork,0Bknife: 0Bspoon 1 — a(Btork + Brnife+ Bspoon))
wherea = BEL(presenj — from the part-of net
Bi =BEL(wy), i€ {forkknifespoor} — fromthe is-anet

The next action of the system is selected on the basis of the propagated beliefs of the
networks. Eithewisual actionsor camera movement actioiwan be performed. There-
fore, the problem ofvhich evidence to get neistextended by the decisiavhere to look
for evidence Each kind of object usually has several actions associated with it. In the
table-setting domain, TEA-1 currently has 21 visual actions related to seven kinds of ob-
jects. Any action has a precondition that has to be fulfilled before the action is executed.
For example, theer-detect-plateaction can be performed if the plate’s location is not
yet known, if the expected location of the plate is within the visual field for the current
camera position, and if the action has not been executed previously. The decision of the
best action to be performed is based on the specific costs of an action and the expected
effort of an action. The latter is measured by #éxpected value of sample information
(EVS). The expected value of the task decisthnhere if the table setting i&ncy(dp)
or not-fancy(d,), is defined as

1
EV(d) =S V(d;,t)) P(t;
(ch) J;( i) P(t))
1000 ifi= |

.. is athe payoff function
—100Q if i# ]

whereV (di,tj) = {

Here,P(t;) is the actual belief of the task node if the table settinfarcyor not-fancy
EVo = maxEV(di) is the payoff value of the optimal decision. The expected payoff
valueEV, after performing the action can be defined by means of the piece of evidence
that may be extracted by the action:

Ne 1

EVe= [m_ax{ V(di,tj) P(t; |a<)]H P(ex)
k;) ! J;)

where ngis the number of possible values®f

The expected value of the sample information is then given by the difference between the
expected value of the task decision before and after the action is executed:

EVSIe) = EVe—EVo

The control loop of TEA-1 does not only consider the next action but also sequences of
possible actions when deciding which action is to be performed next. The payoff func-
tion weights the camera movements against the visual actions and provides a threshold
criterion for succeeding.
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Figure 3.22: The aspect hierarchy for recognizing primitinNe2R[R97.

The probability values of the different Bayesian networks are specified by a human
who is familiar with the application domain and task. It turned out that the general be-
havior of the system is relatively insensitive to variations in the values of the supplied
probabilities.

The OPTICA aspect hierarchy

Dickinson et al. present the OPTICA system that employs Bayesian networks in a 3-d
shape recovery approaddPR93. An object recognition task is divided into the finding

of 3-d volumetric primitives that could be used for object indexing and the recognition

of complex objects that can be constructed by combining these primitives. The idea of
this approach is to extract a small finite set of powerful indexing primitives in order to
access a large, may be infinite, object databases. The computational burden is, therefore,
partially shifted from top-down verification of simple 2-d features towards the bottom-up
extraction and grouping of 2-d features into volumetric primitives.

The Bayesian network approach is used to constrain the search of the grouping pro-
cess. Given an arbitrary set of 3-d primitives, an aspect hierarchy is constructed that
realizes a probabilistic mapping from 2-d features to these volumetric primitives. In or-
der to account for occlusions in the scene, the aspect hierarchy is organized in levels of
different complexity (Fig3.22):

e Aspectsconstitute the top level of the hierarchy. They represent the set of topolog-
ically distinct views of the primitives.

e Facescorrespond to the primitive surfaces. Combinations of them define the as-
pects.

e Boundary groupsrepresent all subsets of lines and curves comprising the faces.
They define the lowest level of the aspect hierarchy.
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All elements of the aspect hierarchyalitativelyrepresent geometric elements of the im-
age. Boundary groups and faces are defined by a graph of qualitative relatiomsieips (
section, parallelism, symmejrgmong qualitatively described contours, e.g. two parallel
lines of equal length is a boundary group that is a subgraph of several face graphs. Aspects
denote graphs in which nodes represent faces and edges represent face adjacencies.

The hierarchy consists of 37 different aspects, 16 faces, and 31 boundary groups. The
ambiguities in the mapping from a lower level to the next higher level are captured by
conditional probability tables:

P(primitive|aspec}, P(aspeciface), P(facdboundary-group.

The CPTs are estimated from simulated data. The primitive volumes are rotated around
their internal axes and projected onto the image plane. The appearance of each feature
and its parent is noted and counted. A priori probabilities of occurrence or orientation of
primitives can be considered during the simulation process.

The Bayesian network that is defined by the three conditional probability tables is
exploited during shape recovery in the following way: First, a contour graph is calculated
in which nodes denote curvature discontinuities or junctions of contours and in which
edges are the actual bounding face contours. From this graph, closed image faces are
extracted. If the image face exactly matches a face of the aspect hierarchy this is directly
used as an evidence:

(i) = 1.0, if face ihas exactly been matched
= 10.0, otherwise.

If there is no exact match the Bayesian network is instantiated on a lower level using the
boundary groups found for the image face:

(i) = 1.0, if boundary group has been matched
Sboundary-group!) = 0.0, otherwise

resulting in a probability distribution of face labels. Then the probability of the most
probable explanation of a@specthypotheses is calculated that might encompass that
face. Either the eviden@= g, Or € = &,,yndary-grouplS 9iVen:

P(aspect=ale) = ng?xP(aspect: a,face= f,boundary-group= b|e)

This probability is used in order to constrain the search for an aspect instantiation, i.e. the
finding of a graph match of an aspect from the aspect hierarchy with a subset of image
faces. In the same way, the search process for the primitives can be constrained by the
aspects found:

P(primitive = p|§aspec9
During the face labeling process, the aspect hierarchy and the conditional probabilities
defined in it can be additionally exploited in order to get rid of segmentation errors. For
this purpose, the authors present a model-based region merging algorithm. Starting with
an over-segmentation, the algorithm merges two faces if the probability of a face label
can be increased.
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Recognizing collaborative multi-agent activities

Steven S. Intille presents a multi-agent recognition scheme using Bayesian networks
[Int99]. American football games are classified according to different team actions. These
collaborative activities are described by low-order spatial and temporal relationships be-
tween players and single player goals. The recognition scheme is organized in three
different levels. Firstperceptual featureare calculated from player and ball trajectories
like velocity, curvature, relative orientation of objects, distance between objects, entering
of special regions, path interception estimation, etc. Secondly, these features are com-
bined invisual networkghat provide likelihoods for agent goals, likbjectl catches a

pass On the third level, these likelihoods are used as evidencesuti-agent networks

For each specifiable collaborative team action class there is one multi-agent network.
The nodes of these Bayesian networks model compound goals, binary temporal relation-
ships, observation of goals, or logical relationships between goals or compound goals.
Thereby, the integration of evidence over time and the evaluation of temporal relation-
ships is implicitly encoded in the nodes of the network, not within the linking structure.
The correspondence problem of assigning a model object to a visually observed object
is not solved in the Bayesian network. Instead, the evaluation of the Bayesian network
finds a consistent interpretation for a given object assignment. The object assignment is
calculated using some additional preference information and a rule-based algorithm.

In summary, three modeling principles can be identified in the work of Steven S.
Intille. First, the usage of decoupled visual and multi-agent networks in order to mod-
ularize the modeling task. Secondly, the encoding of temporal relationships as single
evidence nodes. Thirdly, the external solution of the correspondence problem by defin-
ing the multi-agent networks as functions of a specific object assignment and using an
external heuristic search.

3.6 Bayesian networks for integration of speech and images

At the beginning of this chapter, Bayesian networks were introduced as an inference cal-
culus for uncertain reasoning. Bayesian networks are well founded in probability theory,

provide intuitive notions for modeling relevance relationships between domain variables,

and offer causal and diagnostic ways of reasoning.

3.6.1 Modeling principles

Chapter2 discussed several aspects of speech and image integration that require a treat-
ment of different kinds of uncertainty: noisy input data; propagated errors in abstraction
hierarchies; lexical, syntactic, semantic, and pragmatic ambiguities in verbal descriptions;
positional and orientational uncertainty in spatial reasoning; unknown selections of a ref-
erence frame; implicit contexts. In this work, the position is taken up that all different
kinds of uncertainties can be modeled by the same probabilistic formalism, i.e they are
assumed to combine like frequencies.
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The design task in Bayesian networks consists of selecting an appropriate network
structure and determining the numbers of the conditional probability tables. Applications
of Bayesian networks reported in the literature give hints on how to design the structure
and get the numbers.

e The vocabulary problem in human-computer interaction, unknown objects, and er-
roneous classification results are all related to out-of-scope events. In the MUNIN-
system out-of-scope events are modeleddblyer states in the Bayesian network
that nearly have an even distribution. By this means, unexpected or erroneous evi-
dence can be detected.

e Dickinson et al. demonstrate how to cope with occlusions and segmentation errors
in object recognition. They introduce an aspect hierarchy that is able to consider
evidence on different levels of abstraction and complexity. Missing information is
hypothesized, and the merging operation is controlled by exploiting the statistical
knowledge modeled in the Bayesian network.

e Common to the TEA-1 network of Rimey and Brown and that of Intille is the
modularization into more than one network. The calculated beliefs of the first
group of networks is used as evidence in a second network that provides the final
classification. In TEA-1 this is the task net, in the work of Intille it is the multi-
agent network. On the one hand, the modeling and propagation is simplified by
using several small networks. On the other hand, flexibility that is provided by
Bayesian networks is partially lost, or has to be realized externally to the formalism,
e.g. causal and diagnostic inference.

e The last chapter identified the solution of the correspondence problem as the central
task in speech and image integration. All different kinds of uncertainties contribute
to the referential uncertainty, i.e. which object is denoted in a scene. One aspect
of this is that object class and shape information has to be coupled with spatial
information. In TEA-1 this correspondence is fixed in the part-of and expected-
area nets that have the same structure and corresponding nodes. In the work of
Intille the correspondence of model players and player trajectories in the image is
calculated externally.

e The numbers of the conditional probabilities are either set by hand (TEA-1, In-
tille), calculated from computational models (MUNIN, TEA-1), or estimated using
experimental (MUNIN) or simulated data (OPTICA).

This chapter presented a solution of the correspondence problem in the language of
Bayesian networks. Thereby, modularly defined partial networks can be linked to a ho-
mogenous network that can be evaluated by a one pass algorithm. The inherent flexi-
bility of Bayesian networks is preserved. The correspondence problem is translated into
the finding of a mapping of corresponding variables that is controlled by a set of ex-
clusive selection variables. The general structure of the proposed Bayesian network is
shown in Fig.3.23 Eachv-objectin the visually observable scene and eaebbject
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Figure 3.23: General structure of a Bayesian network for speech and image integration.
S, ..., Su are exclusive selection variables that control the mapping between speech ob-
jects and visual objects. Filled boxes denote Bayesian subnetworks.

mentioned in a spoken utterance is described by a separate subnetwork. In both kinds of
subnets corresponding variables are defined and linked by exclusive selection variables
S € {¥,...,U},i =1,...,M. Additionally, the Bayesian subnets of the s-objects may

be influenced by a visual context variable that provides a more general scene context that
might induce a shift in the meanings of words. Verbally mentioned relations between ob-
jects are modeled by probabilistic relations between selection variables. The conditional
probabilities of such relations are determined by visual object properties.

3.6.2 Inference methods

Bayesian networks are intensional models, i.e. the inference algorithm is separated from
the modeling task. Thus, different inference tasks like belief updating, finding the most
probable explanation, or finding the maximum a posteriori hypothesis can be realized for
the same Bayesian network representation.

Nevertheless, the complexity of the inference algorithm strongly depends on the struc-
ture of the network. For singly connected networks there is the recursive algorithm of
Pearl that is linear in the number of nodes. The evaluation of networks that include undi-
rected circles is NP-hard in general, but as long as the number of loops is controllable,
the inference task is tractable for generalized algorithms. However, in such a case the
complexity of the inference task depends on how the control is realized, which variable is
selected for conditioning, how the moral graph is triangulated for the construction of the
junction tree, or which order of variables is selected in the bucket scheme.

The proposed Bayesian network structure that models the mapping of corresponding
variables is best suited for a combined application of the conditioning technique and the
bucket elimination scheme. A realization of such a combined strategy can be formulated
by extending the bucket scheme with conditional and exclusive buckets. In this chapter
this idea has been worked out and demonstrated by different examples. It turned out
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that such a technique is tightly related to probabilistic graph matching, but automatically
adapts to introduced independencies instead of being implicitly coded in the matching
algorithm.

3.6.3 An application to human-computer interaction

The next chapter will apply the introduced principles and techniques to a human-
computer interface of a robot that is acting in the real world. The program module pro-
posed in this thesis takes inputs from object recognition and speech understanding mod-
ules and solves the correspondence problem in a tight coupling with a dialog component.
It will be shown that additional inferences are possible that detect and correct erroneous
recognition results, complete verbal descriptions, and classify unknown objects.



Chapter 4

Modeling

4.1 Scenario and Domain Description

The system described in this chapter was realized in the context of the Collaborative Re-
search Center 360 "situated artificial communicators”. This long term project aims at the
development of a robot constructor which can be instructed by speech and gestures in the
most natural way. This chapter will concentrate on the integration of spoken instructions
and the visually observed scene.

While the communication between the human instructor and the system is constrained
as little as possible, the domain setting is rather restricted. A collection of 23 different
elementanpaufix” ! componentsis lying on a table (Figé.1). Most of theselementary
objectshave characteristic colors, e.g. the length of a bolt is coded by the color of its head.
Nevertheless, the colors do not uniquely define the class of an object.

The table scene is perceived by a calibrated stereo camera head that is used for object
recognition and localization. For speech recording a wireless microphone system is em-
ployed. The robot constructor consists of two robot arms that act on the table. It can grasp
objects on it, screw or plug them together, and can put them down again. The actions that
shall be performed by the robot are verbally specified by a human. In contrast to the sys-
tem that has specific domain knowledge aboutlihafix"world, the human instructor
is assumed to be naive, i.e. he or she has not been trained on the domain. Therefore,
speakers tend to use qualitative, vague descriptions of object properties instead of precise
baufix"terms?

¢ "gib mir die kleine runde, den kleinen runden Holzring ;"
(Give me the small round, the small round wooden-made ring.)

¢ "ich mochte den groRen gnen Wirfel wo auf jeder Seite ein Loch ist ;"
(I would like the big green cube with a hole on each side.)

1 paufix”is a wooden toy construction kit from the company Lorenz.

2 The elementarpaufix" objects are listed in appendix

3 The following examples are taken from the data set of experif¢mat will be described in the next
section. The spoken instructions have been transcribed.
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Figure 4.1: Table scenes in thaufix” domain.

"das ist einah flacherah eine flache Scheibe mit einem Loch ;”
(That is a er flat, er a flat disc with a hole.)

"den hellen Ring neben dem blauen Ring ;"
(The bright ring next to the blue ring.)

"die grune eckige Mutter ;"
(The green angular nut.)

"gib mir die kleine lila Schra/[ube] Scheibe ;"
(Give me the small purple bo/[lt] disc.)

"Dreilochleiste zwischen der Enflochleiste und der [Siebenlochleiste] ;”
(Three-holed bar between the five-holed bar and the [seven-holed bar].)

"ich mochte eine Dreierleiste und zwar liegt die ganz rechts ;”
(I would like the three-holed bar and it lies on the very right.)

Typically, the human instructor hagarget objectin mind that shall be constructed,
e.g. atoy-plane or a toy-truck. Such a construction consists of several assembly steps and
subgoals. For example, before the toy airplane can be assembled, a propeller, an engine
block, a cockpit, a tail unit, and a landing gear must be constructed first. The instructor
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will use this terminology during the construction process, étgke the propeller and

screw it onto the engine block'Such terms typically denot®mplex objectshat consist

of several connected elementary objects and have been constructed during the assembly
process. The system has no pre-defined semantics for wordprbkeller or engine
blockand must treat them amknown words(cf. 1).

4.2 Experimental Data

In order to capture the language use of unexperienced human instructors, a series of ex-
periments were conducteBJPW95 SSP00QVor014:

Experiment 1 (Baufix) 27 subjects were asked to verbally describe 34 elementary
baufix” objects separately (total number of words: 13,845). The scene context varied
between isolated objects and context objects.

Experiment 2 (Human-Human) This sample consists of 18 human-human dialogs (to-
tal number of words: 13,726). One subject was told to be the instructor, the other one was
told to be the constructor. The aim of the dialog was the construction of a toy airplane.

Experiment 3 (Human-Machine) The human-machine communication was simulated
by a Wizard-of-Oz scenario. 34 subjects took the role of the instructor. The constructor
part was taken by the simulated machine. 22 construction dialogs were recorded (total
number of words: 32,450).

From these three samples frequently named color, shape, and size adjectives were ex-
tracted that are presented in g2 [Soc97 SSPOJ:

gelb(yellow) rund (round) lang(long)

rot (red) sechseckighexagonal) grol3(big)

blau(blue) flach (flat) klein (small)

weil3 (white) rechteckig(rectangular) kurz (short)

grun (green) rautenbrmig (diamond-shaped) breit (large, wide)

hell (light) langlich(elongated) hoch(high)
orange(orange) dick (thick) mittellang(medium-long)
lila (violet) schmal(nharrow) mittelgro3(medium-sized)
holzfarben(wooden)| dinn(thin) eckig(angular)

Figure 4.2: Frequently named color, shape, and size adjectives.

Experiment 4 (WWW) 426 subjects participated in a multiple choice questionnaire
(274 German version, 152 English version) that was presented in the World Wide Web
(WWW). Each questionnaire consisted of 20 WWW pages, one page for each elementary
object type of thévaufix”domain. In one version the objects were shown isolated, in
another version the objects were shown together with other context objects. Below the
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image of the object 18 shape and size adjectives were presented that have been extracted
in the previously mentioned experiments. The subject was asked to tick each adjective
that is a valid description of the object type.

In the following, only the data from German questionnaires were used because the domain
language is German and the influences of foreign languages on the modeling should be
eliminated. The evaluation of this experiment provides frequencies of use for the different
adjectives with regard to the object class and the object context. A qualitative evaluation
has been performed by Constanze Vorw&aQ1g Vor01h. She extracted the following
results:

1. All attributes except rund{round) depend on context. But the context only par-
tially determines the selection of it. Three-holed bars are less frequently named
'mittellang’ (medium-long)f a five- and a seven-holed bar are context objects. But
the frequency of the alternative selection 'kufghort) does not exceed that of
'mittellang’ (medium-long) The average selection from the context version rates
similar to the isolated selection.

2. The attribute selection in the corresponding dimensions, e.g. ’'long’ in the dimen-
sionsize is very specific to the object classes. Context objects have only a small
influence. For example, the longest bolt is called 'long’ although it has a smaller
length then the shortest bar. This is not affected by the fact that there is a bar in the
context or not.

3. 'dick’ (thick)is negatively correlated with the length of an object. Baefix"bolts
have all the same width, but the shortest bolt is called 'thick’ with a much higher
frequency.

4. ’eckig’ (angular) is neither a super-concept of 'rechteckiffectangular) nor
'viereckig' (quadrangular)

5. 'rechteckig’ (rectangular)is negatively correlated with 'lang(long), 'langlich’
(elongated)s positively correlated with it.

6. Even the selection of qualitative attributes, like 'eckighgular), depends on the
context. For example, the less objects with typical angular shape are present, the
more frequent 'angular’ is selected.

Altogether, it reveals that the meaning of shape and size attributes is difficult to capture.
It is particularly difficult to directly extract the applicability of such attributes from image
features. The solution that has been applied in this thesis is to use object class statistics.
This approach was already proposed in previous work of Gudrun Sds8eQ0.

Experiment 5 (Select-Obj) 10 subjects verbally named objects in 10 different
baufix” scenes that were presented on a computer screen. The scenes contained between
5 and 30 elementariaufix” objects. One object was marked by an arrow and the sub-
ject was supposed to give an instruction [fRake the yellow cube.” 453 verbal object
descriptions were collected (total number of words: 2394).
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Figure 4.3: Interaction of sysem components.

Experiment 6 (Select-Rel) The experimental setting was equal to the experiment de-
scribed before. Now, 6 subjects were explicitly told to name objects in 6 different scenes
by using a spatial relation likétake the red object behind the cubel74 verbal object
descriptions were collected (total number of words: 1396).

The data of the last two experiments define the evaluation sets for the system. In the first
experiment, objects are mostly described by adjectives and locative prepositions. In the
second one, spatial relations were used.

4.3 The General System Architecture

The work proposed in this thesis is embedded in the work of other researchers in the
Collaborative Research Center 360. The programming modules provided by this thesis
are parts of a bigger demo system that is cabetficial communicator (cf. Sec.1)
and shall assist a human in a construction t&&kH"01]. In this section the general
architecture of this system will be outlined.

Theartificial communicatoris divided into two tracks that run in parallel (Fig.3).
In the first track, the speech signal is recorded by a microphone. The speech recog-
nizer transforms the signal into a structuredord sequence. From this sequence the
speech understanding module reconstructs the meaning of the sentence considering dif-
ferent parsing possibilities. The most likely sentence structure is then passed to the dialog
component which joins the meaning of the sentence with information from previous di-
alog steps. Interaction with visual information takes place in two different processing
steps. When selecting the most likely parsing possibility, visual information is one scor-
ing criterion. Before the interpretation of an utterance is passed to a robotic component
or a system answer is returned to the speaker, verbal object descriptions are expanded

4 During the recognition process domain specific grammar rules are applied to the recognized word
sequence.
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by establishing referential links to visual object recognition results. Using these links,
interactions like the correction or extension of an interpretation are performed.

In the second track, image sequences of the table scene are analyzealdiret)-
tary objectsare recognized and coarsely reconstructed by stereo-matching. An assembly
recognizer applies a syntactic approach in order to extract the structure of elementary ob-
ject clusters, i.e. which objects are connected using which ports. By this noeamglex
objectsare recognized. Simultanously, the construction process of complex objects is
observed by an action detection algorithm that registers appearance and disappearance of
objects. From this information the resulting assembly structure of an action is anticipated
and fused with the result of the assembly recognizer when the complex object is put down
into the scene.

The verbal and visual information streams are related by the integration component
proposed in this thesis. The basic units of this integration process are elementary ob-
jects, named complex objects and relations between them. Spatial relations between an
intended object and a reference object are often used to specify the location of an ob-
ject. Assembly structures introduce two kinds of relations. First, if two elementary parts
are assembled they haveannectedelation. Secondly, the assembly structures define
complex objects that hayeart-of relations to subassemblies and elementary objects.

The following two sections will present in more detail what is represented in an object
hypothesis and in a verbal object description.

4.3.1 The speech understanding and dialog components

Fig. 4.4 shows the system from the speech processing perspective. The speech recogni-
tion, speech understanding and dialog components are not part of this thesis. The statis-
tical speech recognizer has been developed and implemented by Gernot AFiRBH.[

It is tightly coupled with a parsing component that constrains possible word sequences
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in a loose fashion, i.e. ungrammatical word sequences are still recogimzesdg.

The speech understanding and dialog parts have been realized by Hans Brandt-Pook
[BPFWS99 BP99. Both parts are based on the semantic network formalism ERNEST
[KNPS93. The speech understanding component is coupled with a generalized LR-
parser that has been developed and implemented by Susanne Kron&i#3gKro01].

It rearrange®xtrapositionsi.e. corrections, completions, or complete constituents that
are added by the speaker after the syntactical end of a sentence.

Speech recognition

The speech signal that is recorded by the wireless microphone is passed to the speech
recognizer. Its core technologies are Hidden-Markov-Models (HMMs) (cf. &393)

for describing acoustic events and statistical language models for providing estimates
about word sequences likely to occur in the given domain. However, statistical language
models, like n-grams, only provide useful restriction if sufficient training material is avail-
able. In artificial domains like thbaufix" construction scenario this is typically not the
case. Therefore, a partial parser provides additional restrictions on word sequences for
the recognition process. The grammar that is utilized by the parsing process is given by a
knowledge engineer. It declaratively describes expectations of possible word sequences
that might be used by the speaker. Instead of modeling sentences, only important se-
mantic parts of speech, like object descriptions, are specified. For example, if a sentence
like "Please, give me thec—> blue one which is, er, behind this long wooden stigk”
recognized, the structure in Fig.5is passed to the speech understanding component.

Speech understanding and dialog

Some semantic parts of speech [fkéth the yellow bolt” may be syntactically ambigu-
ous. Either it modifies the verb of the senteimerew ... with the yellow bolt"and must

Please
(ACTION:give)
me
(OBJECT: (ART:the)
(OBJADJ: blug)
one which is er
(REF.OBJECT: (SPATIALREL:behind)
(OBJECT: (ART) this
(OBJADJ: long)
(OBJADJ: wooden)
(OBJNOUN: stick)))

Figure 4.5: The structured word sequence that is passed from the speech recognizer to
the understanding component for the sentétease, give me thez—> blue one which
is, er, behind this long wooden stick”
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be interpreted as an instrument or it modifies the noun pliraseéhe cube with the yel-

low bolt”. Another case of ambiguity is distinguishing between verbal corrections and
and verbal extensions. Does the sentéitaie the long bolt<—> the blue one”denote

a’long blue bolt’ or only a’blue bolt'? Often, such an ambiguity can be resolved by
considering the visual context of the scene. Is there a cube on the table that is connected
with a yellow bolt? Is there a blue bolt in the scene that is long? The ambiguity of such
sentences results in two different representations that must be weighted by a component
that integrates verbal and visual information:

a) OBJECT: OBJINOUN: bolt
ATTRIBUTES: long

b) OBJECT: OBJINOUN: bolt
ATTRIBUTES: long, blue

a) OBJECT: OBJINOUN: cube

CONNECTOBJECT: OBJNOUN:  bolt
ATTRIBUTES: yellow

b) OBJECT: OBJINOUN: cube
OBJECT: OBJNOUN: bolt
ATTRIBUTES: yellow

This is the first kind of query type that has to be answered by the Bayesian network
proposed in this thesis:

Task 1 (mp-interp Which one of two or N possible interpretations of a verbal object
description is most probable with regard to the visually observable scene?

The answer is used as a scoring of alternative interpretations that are examined by a
generalized LR-parser.

The semantic network transforms the parsing result of the generalized LR-parser into
feature structures that are joined with those from earlier dialog steps. Then a second type
of query is used in order to link the feature structures of verbal object descriptions to
object instantiations in the visually observable scene:

Task 2 (mp-obj§ Which objects in the scene are most probably denoted by the interpre-
tation of a verbal object description?

Optionally, the context of scene objects can be restricted by the denotations from the
interpretation of a previous verbal statement in the dialog. For example, the short dialog

USER: "Take the bar”
SYSTEM: "I have found two bars. Which one should | take?”
USER: "The long one”
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Figure 4.6: Recognition of elementary and complex objects

results in the queries:

OBJECT: OBJNOUN:  bar

OBJECT: OBJNOUN:  bar
ATTRIBUTES: long
OBJRESTR: o0bj-5, obj-7

whereobj-5, obj-7 are the selected scene objects from the first dialog step.

4.3.2 The object recognition component

The object recognition components of the system have mainly been realized by Franz
Kummert, Elke Braun, Christian Bauckhage, and Jannik Frit$dhSB98 BKS98
BFKS99. This section will describe those aspects of their work which are relevant for
the understanding of this thesis. The elementary object recognizer integrates different
processing cues like holistic hypotheses, regions, and contours. For the evaluation results
presented in this thesis a simplified version is used that is only based on a single region
cue.

The object recognition starts with a YUV-image. Each pixel is classified into one of
the eightbaufichoIors red, orange, yellow, blue, green, violet, wooden, or ivphys
one color for shadow and one for the background. A region-growing algorithm merges
the classified pixels into regions of homogenous colors. A set of features (classified color,
region size, eccentricity, compactness, etc.) that are calculated for every region are used
as indexing primitives in the object database. Eleven different typelsofentary objects
plus one class for unknown objec%%,7-holed-bar, cube, rhomb-nut, rim, tire, socket,
flat-washer, thick-washer, bolt, undlefre distinguished by a structural verification, that
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' *(ring thick)
%nknown)

*(ring thick)
%ockel)
ocket)

Figure 4.7: Recognition results of a typical scene intihafix” scenario. One socket is
incorrectly classified asnknown The other one has been broken down into two sockets.
Parts of the red cube are labeled as shadow.

is realized in a semantic network. For example, colored bolts consist of one optional
wooden thread and a colored head. Red rims can be distinguished from red cubes by
checking the existence of a hole in the center of the object region, etc4.Fighows

an exemplary recognition result obaufix” scene. If some of the indexing or structural
criteria are not fulfilled due to the special aspect of an elementary object, an under- or
over-segmentation, or an occlusion, either erroneous classification results occur, or the
region is attached with amndeflabel. In such a case, the verbal context can be used in
order extend the indexing primitive of the object recognition component:

Task 3 (mp-clas3 Which is the most probable object class of an elementary object in the
scene given the classification results of the vision component and a verbal description of
it?

In the next processing step of the vision component, assembly knowledge is used in order
to recognize complex objects that have been constructed from elementary objects. Two
independent tracks have been realized:

e The first track employs syntactical knowledge — coded semantic network-
about how elementary objects can be connected. Each object cluster that has been
detected in the visual scene is parsed and its structure is thereby extracted. For
example, the structural analysis may be started witdebolt An adjacent object
region is labele®-holed-bar It is classified as anisc-partand is assumed to be
plugged onto the thread of the bolt. The next adjacent objecge@n cubehat
can function as aut-part Consequently, it is assumed to fix the bar on the thread
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of the bolt. These three elementary object define a valid assembly that now itself is
checked if it is the bolt-, misc-, or nut-part of another assembly.

e The second track observes the construction process of a complex object by detect-
ing disappearing and appearing objects in the visual scene. The object classes and
the ordering of their disappearance induce possible assembly structures of complex
objects that are placed back into the scene. These possible structures are modeled
by planning rules For example, the system detects in three sequential steps the
disappearance of a bolt, a bar, and a cube. Now, if the appearance of a new ob-
ject is detected a first top down hypothesis of a complex object can be generated
consisting of the bolt, the bar that is plugged onto it, and the cube.

Both partial recognition results are fused into one final structure of complex objects in
the scene.

This structural information is utilized by the integration component that considers
the verbal context in two different ways. First, elementary objects that are structurally
described in an utterance can be identified, &lge green cube that is connected to the
long bar”. The resulting task is a variant of Tagk

Task 4 (mp-struc) Which objects are most probably denoted by a verbal structural de-
scription?

Verbal descriptions may also help to find unrecognized assembly relations in the scene.
Secondly, detected complex objects are good candidates for linking them with un-

known object nouns, e.g'Please give me the part in front of the plane’s tailHere,

the reference object can be probably identified as a complex object which constrains the

identification of the intended one. Additionally, the found linkage of the complex object

and the unknown object noun can be recorded as an implicit naming that can be used in

the interpretation of the further construction process. This is a second variant df: Task

Task 5 (mp-namg Which objects are most probably named by object nouns with un-
known semantics?

4.3.3 Speech understanding and vision results

An important aspect for the integration of speech processing and vision results is the
reliability of them. On the speech side, the quality of the recognition component can be
measured by thevord accuracy(WA) [Lee89:

#words— (#substitutions- #insertionst #deletion$

WA=
#words

-100%  (4.1)

The recognized word sequence is checked against a transcribed reference sequence of
words. Word substitutions, insertions, and deletions are counted and normalized by the
total number of words of the reference sequences. If the word accuracy is 100% no speech
recognition errors occurred. If many insertion errors occur the word accuracy can even
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feature structures
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Figure 4.8: Word and feature accuracies for 8sdect-Obpget.

3.NL FA:76.1%

be negative. The word accuracy neither takes account of errors that happen on the level
of speech understanding, like unmodeled sentence structures, nor considers whether the
recognized word is relevant for further processing. In order to capture the influence of
speech recognitioand understanding on the interpretation of verbal object descriptions,

a similar measure can be defined that counts features instead of words, ifeatthre
accuracy(FA):

#features- (#substitutions-#insertionst#deletiong

FA =
#features

.100% (4.2

For each object description that was detected in the utterances the features used to query
the intended object are counted and compared to a reference transcription. In contrast to
the word accuracy, the feature accuracy is invariant to the ordering of features. However, a
single misrecognized word may lead to a misinterpreted sentence structure that can result
in a loss of several features. Such effects can be measured by calculating the accuracy
on an object level. An object description is correctly recognized if all its features are
correct. If no reference object was detected this is counted as an object deletion. The
object accuracys defined similar to the word and feature accuracies.

The speech recognizer used a bigram language model that has been estimated from the
transcribed construction dialogs of experim@rfHuman-Machine) and a hand modeled
partial grammar. The recognition lexicon contained 1193 words.

Fig. 4.8 visualizes the different processing ways that have been evaluatédEAn
TURE the utterances have been transcribed into feature structures. This is the reference
data set. IFFEAT _SPEECH the recognizedvord sequences have been transcribed into
feature structures. These two sets assume a perfect understanding component. The next
two setsNL and SPEECH measure the performance of the understanding component
with regard to verbal object descriptions. WL the transcribed text and iSPEECH
the speech signals are processed. Tdblgresents the recognitiorand understanding
results of the system for the two evaluation sets:

e Select-Obpet:

5 The parameters of the speech recognizer had been optimized for the two different se3sletebj
results were produced by combining acoustic, bigram, and grammar scores. BetébeRetesults only
acoustic and grammar scores were combined.
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Experim.5 (Select-Obj) #utt total sub del ins corr acc
words 453 2394 229 45 45 72.66 68.2
features (FEAT-SPEECH) 447 9694.0 48 6.2 91.2 85.0
objects (FEAT-SPEECH) 447 475204 06 1.7 79.0 77.3
features (NL) 397 856 09216 14 775 76.1
features (SPEECH) 373 822 3232 35 732 701

Experim.6 (Select-Rel) #utt total sub del ins corr acc
words 174 1396 15.0 39 1.7 81.1 795
features (FEAT-SPEECH) 141 50816 6.5 4.7 919 87.2
objects (FEAT-SPEECH) 141 283 10.34.6 0.0 852 85.2

features (NL) 173 639 0.0 6.7 0.0 93.333
features (SPEECH) 141 508 3.215 3.7 754 717
objects (SPEECH) 141 283 15.214.1 0.0 70.7 70.7

Table 4.1: Speech recognition results on the evaluation sets using a recognition lexicon
of 1193 words. TheSelect-Objset includes utterances from 10 different speakers, the
Select-Retet those from 6 different speakers. The 'total’ column gives number of words,
features, or object descriptions included in each evaluation set.

1. Although the substitution rate on word level is very high (22.9%) the recog-
nition of relevant features is nearly stable (only 4.0% substitutions).

2. Nevertheless, 20.4% of the verbal object descriptions are affected by speech
recognition errors.

3. In 6 out of 453 utterances either no relevant feature for an object descrip-
tion was detected or the intended object is interpreted as the reference object
because a spatial relation was inserted.

4. More than 20% of the features were not detected by the understanding com-
ponent due to unmodeled sentence structures.

o Select-Reset:

1. Again, the sustitution rate on word level is much higher (15.0%) than that on
the feature level (1.6%).

2. This time the word accuracy (79.5%) is significantly higher than that of the
previous test set. The reason is that most of the occuring sentence structures
are covered by the partial grammar that is integrated in the speech recognizer.

3. As a consequence the feature accuracy of the NL set is very high (93.3%).

4. The speech recognition errors break down the performance of the understand-
ing component (FA 71.7%). The reason is a loss of detected reference objects
(object deletions 14.1%).

The loss of features and reference objects that were noted for the understanding com-
ponent will significantly affect the integration of speech and images. Thus, any object
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(types) #objects false not-detected inserted correct DA
Experim.5 (Select-Obj) 165 17.6 1.8 6.1 80.6 74.6
Experim.6 (Select-Rel) 86 15.1 2.3 11.6 82.6 70.9
(colors) #objects false not-detected inserted correct DA
Experim.5 (Select-Obj) 165 4.9 1.8 6.1 93.387.3
Experim.6 (Select-Rel) 86 9.3 2.3 11.6 88.476.7
(color+type) #objects false not-detected inserted correct DA
Experim.5 (Select-Obj) 165 17.6 1.8 6.1 80.674.6
Experim.6 (Select-Rel) 86 221 2.3 11.6 75.664.0

Table 4.2: Object recognition results of elementary objects on the evaluation sets. The
recognizer has to distinguish 11 different types and 10 different colors. If both are cor-
rectly classified the object is counted 'correct’ in the third tabular. $kkect-Objset
consisted of 11 different images, tBelect-Reset consisted of 6 different scenes.

identification result will mainly reflect the performance of the understanding component,
not the integration framework. Therefore, tREATURE andFEAT _SPEECH sets will
be used in order to generate the quantitative evaluation results of this thesis @Chap.

The scheme of considering substitutions, insertions, and deletions can also be applied
to the visual object recognition results. Insertions and deletions capture segmentation
errors. Substitutions count wrong color or type classifications of objects. Thudethe
tection accuracyis defined as:

_ #objects- (#false-classification- #inserted-object #not-detecteyd

DA -
#objects

-100%
(4.3)

The recognition results of elementary objects are presented in Fabl€he error rates
reveal the same tendencies in both evaluation sets:

1. In both sets nearly all objects were detected.

2. Most of the inserted objects are smailiknownobject regions that are generated
due to a over-segmentation of objects.

3. Most errors occure during the classification of types (17.6%, 15.1%).

4. Consequently, the detection accuracy of colors (87.3%, 76.3%) is higher that of
types (74.6%, 70.9%).

The recognition accuracy of complex objects is more difficult to measure because
structural descriptions must be compared and the accuracy strongly depends on the com-
plexity of the assembled object. Qualitatively, complex objects are correctly detected if
all elementary object parts have been recognized correctly.
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Figure 4.9: Computation of 3-d projective relations. (a) shows adapted CAD-models of
the recognized objects. In (b) they are approximated by bounding boxes. (c) shows the
representation of the first layer with regard to the projective relatight’ between the
objectslO andRQ. (d) The degree of applicabilit}y is calculated on the second layer.

4.4 Spatial Modeling

The spatial model used in the speech and vision integrating component is based on the
3-d spatial model proposed by Fuhr et. BEES9T which will be outlined in the next
subsection. Inthis thesis it will be modified and extended in order to capture more relevant
aspects of spatial inference in thaufix”domain. The proposed spatial model is not
intended to be completely general but it preserves the flexibility of the domain and is
formulated on a mathematically sound geometrical basis.

4.4.1 A model for 3-d projective relations

The 3-d spatial model proposed by Fuhr et. BEES9T combines a space partitioning
approach with a fuzzy scoring scheme and therefore combines neat and scruffy aspects
(cf. Sec.2.5.2. It models the six projective relatiotedt, right, in-front-of, behind, above
andbelow A projective relation is a directed relation between a reference obR&d)t (
and an intended objedt@) with regard to a reference framRF). The spatial model cal-
culates thalegree of applicabilityof a projective relation from the geometric properties
of the intended and reference object. The influence of the reference frame is considered
in a two-layered process.

First, The object shapes are approximated by bounding boxes {Flg). The
bounding box of the reference object is used in order to partition the three-dimensional
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space into a constant numberof infinite acceptance voluméseach of which has
an associated direction vector (Fi§.9c). The relevance of each acceptance volume
AVRO— {/RO dRO} i — 1. nwith regard to an intended object that occupies the volume
'O is defined by thelegree of containmeny:

RO~ /10

yvpo o) - DV (4.4)

|71
Up to this stage, the calculation is independent of a selection of the reference frame.

In parallel, a second relevance value is calculated for each acceptance volume that
represents the influence of the reference frame. The reference frame determines the three-
dimensional directiod®F that is denoted by a projective relation, Ifkight' . Thedegree
of accordancen defines the relevance of each acceptance voldwi = {1/R° dRO}
with regard to this direction:

1— 2. arccog(dRO,dRF)) if (dRO,dRF) >0

a(dfe,d"F) = . (4.5)
0 ,otherwise

These two measurements constitute the first layer of the spatial model.

The second layer combines these two fuzzy measurements. The relevance relation-
ships of the acceptance volumes are combined taldiyeee of applicabilityd of a pro-
jective relationp between the intended objet¢€() and the reference objedRQ):

8(p,|O,RO,RF) = S RO V0)-a(dR,d) (4.6)
AVES (= (VRO.GF)

i=1..n
where Avﬁ?n is the space partitioning with regard to the reference object,

dRF is the three-dimensional direction of the projective relation

with regard to the reference frarié-.

The degree of containmeptan be computed before the reference frame and the named
projective relation are known. It can even be re-used for the calculation of different
projective relations. Additionally, the same spatial model can be used to specify the
spatial area where an intended object is expected by thresholding the degree of accordance
and joining all acceptance volumes that remain relevant. This aspect may be exploited by
an expectation-driven vision strategy.

4.4.2 The spatial model in two dimensions

The 3-d spatial model described above has some drawbacks that motivate to switch to a
simpler model that is defined in only two dimensions:

¢ In order to apply the 3-d model to an object pair, the 3-d shape of these objects must
be fully reconstructed in order to compute the bounding boxes. Unconstrained or

6 A typical selection fom is 79. One for the bounding box itself, one for each side of it, two for each
edge, and six for each corner.
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Figure 4.10: Space partitioning in the 2-d model.

only coarsely constrained rotational degrees of freedom introduce inaccuracies to
the calculations in the model. Objects in the scene that have only been detected on
a blob level are difficult to include in the spatial model.

e The bounding box is a too coarse shape abstraction especially for complex ob-
jects. Complex objects consist of a set of elementayfix”objects that have
been joined by screwing or plugging. They have much more complicated shapes
that need not be convex.

e The 3-d model does not consider the plane of the table as an influencing factor.
Most uses of projective relations are applied to two objects that both lie on the same
table plane. Therefore, these cases can be adequately handled in two dimensions.

The solution proposed in this thesis contributes to these points by calculating 2-d relations
on the image plane and relaxing the shape descriptions of the intended and reference ob-
ject to unconstrained polygons. Bounding boxes are substituted by the outline polygons,
acceptance volumes by acceptance areas, and associated 3-d direction vectors by 2-d di-
rection vectors. Instead of a partitioning of the 3-d space, a partitioning of the image
plane is calculated.

Definition of acceptance areas

Fig. 4.10shows the space patrtitioning of the 2-d spatial model. All objects in the scene
are represented by the outline polygons of the corresponding object regions in the im-
age. These have been calculated by the object recognition components of the system. In
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(a) definition of the accep- (b) acceptance areas at wide (c)acceptance areas for a con-
tance area angles cave outline

Figure 4.11: Definition of acceptance areas for the 2-d spatial model.

Fig. 4.10the complex object is assumed to be the reference object of a projective relation.
The space patrtitioning is based on the convex hull of the object outline:

e For each edge of the convex hull one acceptance area is defined that is bounded by
this edge and two lines that bisect the outer angte2f2 to the adjacent edges of
the polygon (see Figl.11(a). The acceptance area is attached with a vector that
points away from the object in a direction that is defined orthogonal to the polygon
edge.

¢ Ifthe outer angle is greater than a specified threshold an additional acceptance area
is inserted with an attached direction vector that bisects the angle4Hig(b).
Consequently, the adjacent acceptance areas are defined with regard to a reduced
outer angle B.

e For each concave section of the outline an acceptancegriealefined that inher-
its the direction vector of the adjacenbnvex’ acceptance ared, (Fig. 4.11(c).
The area between the convex hull and the object outline is approximated by a con-
vex polygon.

The representation layers of the 2-d spatial model

Based on the space partitioning the representation layers are defined similarly to the 3-d
model. Thedegree of containmenineasures the relative area of the intended obfect
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that is contained by an acceptance af&&:

¥(a70,.4'°) = ﬂ'wo",

where4'C is the image area occupied by the intended object,

4.7)

4RCis thei-th acceptance area of the reference object.

In order to calculate thdegree of accordancehe reference frame is projected onto the
image plane. Subsequently, the angle differences between the direction of the projected
spatial relation and the 2-d direction vector of the acceptance areas are computed:

1 2. oS @OGE) e (RO GREY - @

o (dRO dRF) = { (4.8)

0 ,otherwise
wheredy! = Proj[Rt](dRF),
dROis the 2-d direction vector of the acceptance area
dRF is the specified 3-d direction in world coordinates with regard to the
reference fram&F,
Proj projects a 3-d direction vector defined in world coordinates onto the
image plane,
R is the rotation matrix from world to camera coordinates

t is the translation vector from world to camera coordinates

Fig.4.12shows the first representation layer of the 2-d spatial model for an object pair and
the projective relatiorbehind’. The numbers in the acceptance areas denote the degree
of accordance, numbers placed in the area of the intended object denote the degree of
containment.

On the second layer tiiegree of applicabilitys calculated similarly to the 3-d model
(Eq.4.6). For the example in Figt.12it yields:

5(behind 10,RO,RF) = 0.6-0.7+0.15-0.7 = 0.525

The spatial model for projective relation can even be used for processing combina-
tions of the primitive relationgeft, right, in-front-of, behind, above, belovn this case
the denoted 3-d directiodR" is a linear combination of the base vectors of the reference
frame.

The trinary spatial relation 'between’

The spatial model for projective relations can be used in order to calculate the degree
of applicability of the trinary relatiorbetween’that takes one intended objet©j and

two reference objectdR0;,ROy) as arguments. The relatidretwee(lO, RO, RO,) is
defined considering the following principles:
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left right

below/in—front

Figure 4.12: First-level representation of the 2-d spatial modebfdrind'.

¢ Itis independent of the reference frame.
e It is symmetric with regard to an exchange of the reference objects.
e The two reference objects of a relatibatweerare located in opposite directions.

The degree of applicability is calculated in two steps. First, the direction between each
reference object and the intended object is computed separately by integrating the accep-
tance volumes that are covered by the area of the intended object:

d'ORA — Z w89, 2% 9, i=1,2 (4.9)
i=I..n

where{{479,d{9}|j = 1...n} is the space partitioning of reference objBQ,
4'C is the object area of the intended object

In a second step the degree of accordan¢gq. 4.5) between the vectal ©-R: and the
inverted vector-d'©-R defines the degree of applicability:

(4.10)

gioROL g\0O.RO:
o(betweenlO,RO;,RG,) = a < )

|diORO|" || diORe|

4.4.3 The neighborhood graph

So far the projective spatial relations have been defined without considering any context
objects. Consequently, the applicability of a specified spatial relation is very loosely
constrained in table scenes with many objects. In Ei¢3 the system interpretation

of the utterancéPlease take the object to the left of the long green belduld be an
arbitrary selection of one of ten possible objects. However, a short introspection yields a
single object, the seven-holed bar, as the object that was denoted by the speaker.
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Figure 4.13: Projection of the spatial relatideft’ with regard to the reference object
long green bolt

The assumption consequently introduced to the spatial model is the conoeglof
borhood[SWBPK99 WBPS"99, WBPK™99):

The speaker will select a reference object in the neighborhood of the intended
object when a spatial relation is specified.

In Fig. 4.13the seven-holed bar is neighboring tbag green bolt The other possible
objects do not neighbor the bolt because the bar is placed in between.

The seven-holed baeparateshese objects from theng green bolt

In this sense, the neighborhood definition is basedeparation

Def. 6 (neighborhood) Two objects are in neighborhood if there is no object in between
that separates them.

The separationpredicate is calculated using a geometrical concept that is defined on the
image plane and can therefore be applied to any object that is represented on a blob level:

Def. 7 (separation) Let 4,... 4, be the image areas occupied by the scene objects
O4,...,0n. The separation predicate between objectsd is defined by thresholding
thedegree of separatiosep between two object areas:

Sel 4, 4, {Ak=1...nk#£i k#j}) > Osep (4.11)
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(a) Area in between (b) Degree of separation

Figure 4.14: The degree of separation of an object pair is determined arghéan
between(a). The first extension of this rectangular area is given by the shortest line
between the two outlines of the object areas. The second orthogonal extension is defined
by the minimum of the two object extensions in this direction. In (b) the object afeas
and.4; are separated by two context objects. The separation degree introduced by object
aread,, is 0.5. That of object ared#, is 0.25.

The degree of separation is determined on a rectangular aféan between the object
areas4;, A4; (Fig. 4.14(a):

Ukt nkotiokzj Ak N S
[N
where |||/ measures the maximal extension of an area in an orthogonal direction
to the shortest line between the outlines of the argagl; (Fig. 4.14(b).

Sel 4,4, {Adk=1...nKk£ik#|}) = (4.12)

There are some cases when the rectangulargirebetween two objects degenerates. If
one of the two object®1, 0, has a very small size and the distance between these objects
is very large, there is only a very thin corridor considered for calculation of the degree
of separation. Therefore, the ratio between the width and the length of such a corridor
is limited by the model. If the ratio is smaller than the limit the width of the afgais
enlarged. Thus, the distance between two objects is considered indirectly.

The separation criterion introduceshaighborhood graphto the scene representa-
tion. The nodes of this graph are detected object regions, and the edges are neighborhood
relations. Fig4.15presents this graph for an image example. The applicability of pro-
jective spatial relations is constrained by the neighborhood graph. How the direction
and separation criteria are translated into a probability measure will be discussed later in
sectiond.5.4

4.4.4 Localization attributes

Another kind of local information is introduced by specifying the relative position in the
scene without explicitly mentioning a reference object:
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Figure 4.15: The neighborhood graph for an example image.

" ... the short yellow bolt in the middle”
" ... the blue cube in the front”

Such spatial descriptions are related to the positions of all objects in the scene. Therefore,
it is very difficult to specify an adequate space partitioning.

In order to capture the meaning of such local descriptions, a simple potential field
model is constructed. The potential field is normalized by the positions of the most out-
ward objects. The potential field is oriented in the direction of the specified attributes,
e.g.loc = on-the-right(Fig. 4.16(a):

O(loc, 4, RF, {4k =1...n}) = c-tanh(a-x) + 0.5 (4.13)
(M |dBE) — (max(m|d5E) + min (mddg)) /2

max{md55) —min{md55)
my is the center of object area,

where X =

)

d3¥ is the specified directioloc with regard to the reference frame
RF that was projected onto the image plane,

a defines the gradient of the potential function
cis a normalizing constant that scales the function to the interval
[—0.5;0.5] between mip(My|dXE) and max(fy|dRE).

If a localization attribute that defines a direction, éan-the-right’, is combined with the
attribute’in-the-middle’, the potential function is multiplied by a Gaussian function that
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(a) "On the right” (b) "In the middle”

Figure 4.16: Potential fields of localization attributes. The numbered regions are detected
objects in the scene. The specified direction vector depends on the reference frame.

is oriented orthogonal to the direction of the other attributes, e.g.:

o(on-the-middle-right4, RF, { 4|k =1...n})

= 8(on-the-right 4, RF, { 4k = 1...n}) -exp(—a- y?) (4.14)

wherey is defined similarly to<in Eq.4.13with regard to the orthogonal directi DFL,
adefines the gradient of the Gaussian function.

The potential field of the isolated use of-the-middle’is shown in Fig4.16(b) Here,
two Gaussian functions that are oriented with léfe-right andbehind-infrontdirections
of the reference frame are summed up:

o(in-the-middle 4, RF,{ 4|k=1...n}) = %[ exp(—a-x%) +exp(—a-y?)]  (4.15)

where X,y are defined similar to Egt.13 4.14,
a defines the gradient of the Gaussian functions.

4.45 Summary

The spatial model proposed in the previous subsections captures most of the relevant
aspects which have been discussed in 3&c2

e Dimensionality: When the position of an intended object is verbally specified the
description mostly refers to the 2-d plane of the table. Therefore, locations and
spatial relations can be interpreted in two dimensions. The advantage of such an
approach is that the recognition of the objects in the scene is no pre-requisite. The
shape properties of the polygon outline of detected object regions is sufficient for
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the application of a 2-d model. The disadvantage of this approach is that speci-
fied directions may be ambiguous and that perspective occlusions may introduce
erroneous interpretations.

e Topology: The most relevant contact relations in theufix”-domain aremount-
ing relations that are captured by the assembly modekoimplex objectgsee
Sec.4.3.9.

e Position and orientation: The relative pose between two objects is described by a
discrete space partitioning approach with a fuzzy measurement.

e Scale: In the baufix” domain there are two different levels of scale: separate ob-
jects that constitute the table scene and assembled parts that constitute the structure
of a complex object. The proposed spatial model is designed for the description of
table scenes. It makes the assumption that — instead of distance — the separation of
objects by other context objects is the most important influence on the applicability
of spatial relations. The second level is dominated by mounting relations that are
captured by the syntactical approach for the recognition of complex objects.

e Shape: The shape of the intended object and reference object is approximated by
the outline polygon of the corresponding object area in an image. The proposed
spatial model even considers polygons with concave shapes. The shape of complex
objects can thereby be represented in an adequate way. The outline polygon of
the reference object determines the space partitioning. The shape of the intended
object is considered in the calculation of the degree of containment.

e Multiple objects: The spatial model considers the configuration of context objects
by introducing the neighborhood concept. The reference object will be selected in
the neighborhood of the intended object. Thus, if other objects are placed between
them the usage of a spatial relation between them is less probable.

e Time: Time is not considered because the spatial model should only describe static
scenes.

e Reference frame:The application of the spatial model is designed as a two layered
process. The first layer is independent of the reference frame whereas the second
layer considers the influence of it. The meaning of a spatial relation can thereby be
calculated very easily with regard to different reference frames. The selection of
the appropriate reference frame is external to the model.

The spatial model proposed so far has some aspects that are domain-specific, like the
definition of the neighborhood concept that is based on the separation of objects. Other
aspects like the shape of involved objects and the space partitioning are more general.
The previous work of Fuhr et al. shows that the same concepts can be applied even in
three dimensions.
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4.5 Object Identification using Bayesian Networks

The identification of those scene objects that are denoted in a spoken instruction is
the central task in the multi-modal interpretation process of the systéBPK' 99,
WBPS"99]. It comprises the solution of theorrespondence problerfsee2.5) and has
been introduced as thep-objstask (Task2).

The input data is provided by the speech understanding and vision components. The
visual scene representativhSCENEconsists of the set of detected objects:

V_SCENE: VOBJS C {s0soc V_.OBJECT}
V_OBJECT: OBJPOLY 2-d object outline in the image
OBJCLASS € { 3/5/7-holed-barcube rim,rhomb-nuttire, socket
thin/thick washerbolt, assemblyundet
COL CLASS € { red,yellow, orange blue, greenviolett wooden

ivory-colored white black undef
SUBPARTS C {spspe V_-OBJECTUV_OBJPART}

V_OBJ.PARTIs defined similarly tov_OBJECTbut the set of possible object classes is
different, e.g. {head, thread, bar-body, bar-hgle.}. These parts have no other sub-
parts.

The verbal representation of a spoken utterghtE TERANCEconsists of a number
of object descriptions and a set of relations that are defined between them:

SUTTERANCE: S0BJS C {uojluoe SOBJECT}
SRELS C { Ry(01,...,0n)|0; € SOBJISR, € {Left,,
Right,, In-Front-Of,, Behing, Above, Below,
Betweep, Connecteg Part-Of, }
S OBJECT: OBJINOUN € { bar, three/five/seven-holed hacube rim,
bolt, rim, nut, part, object tail, plane ...}
ATTRIBUTES cC { red, blue dark, thin, large, round long, ...}
LOCATTRS C { on-the-left on-the-right in-the-front in-the-
back in-the-middle }

In the following, these two representations will be related by a Bayesian network.

Before starting with the detailed modeling proposed in this thesis some aspects of the
previous work of Gudrun SocheBpc97 SSPOQwill be presented that provides the basis
for my own work.

45.1 Previous work

Socher et al. divide the identification process into two separate steps. First, each object
that is mentioned in an utterance is identified separately. Secondly, mentioned spatial
relations are checked in order to restrict the set of selected objects.
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IntendedObjecf23)

VScené23)
W STypé14) SColor9) SSizé10) SShapés)
VObiject (23) VObjech(23)

My Typeo Nvmmqo My Typeo Mvcmoqo
VType(12)  VColori(9) VTypa(12) VColor,(9)

Figure 4.17: Structure of the Bayesian network proposed by Socher 8S#0[.

The first step is realized using the Bayesian network presented in&ig. The leaves

of the tree-structured net are the evidential node$ype, SColor, SSize, SShapa
evidences extracted from speech afbypeg, VColor;, i = 1...n, for visual evidences.
Nouns that were frequently used in experimériSelect-Obj) define the possible labels
of the variableSType frequently applied color adjectives are collected in the variable
SColor':

STypec {Objekt Leiste SchraubeDreilochleisteFunflochleisteSiebenlochleist&Vurfel,
Raute Felge Reifen Rundkopfschraub&echskantschraubgnterlegscheibp
SColore {weil rot,gelb orangeblau griin, violett, holz, elfenbeir}

The shape and size adjectives used in experimgi/WW) define the labels of the
variablesSSizeandSShapé:

SSizec {klein,grof3 kurz lang mittellang mittelgrof3 dick, diinn, schmaJhoch}
SShapec {rund eckig langlich sechseckigrviereckig rautenbrmig, flach rechteckig

The possible values of the variabM3$ypg are the twelve object classes that are distin-
guished by the recognizer for elementary objects:

VType € {3-holed-bar5-holed-bar7-holed-barcuberhomb-nutrim, tire, socket
flat-washerthick-washesround-headed-bolhexagonal-bolt

Nine baufix” color classes used for pixel classification during the segmentation step de-
fine the labels of the variabla&Color;:

VColor; € {woodenred,yellow, blue greenorange white, purple ivory}

An elementary object type is uniquely defined by its type and color. A cube can have four
different colors, and bolts can have five different cdiorll other object types have an

7 The states of the variables are given in German language because the English translations may have
a slightly different meaning. The English translations are given in &£t (STypg and Fig.4.2 (SColor,
SShape, SSije

8 The length of the thread of a bolt is coded by the color. The red bolt is the shortest, the green bolt is the
longest.
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individual color. All together there are 23 different elementhayfix” objects. These
unique typesare the possible labels of the other variables:

VObject,VScene, IntendedObjeet {3-holed-bar5-holed-bar7-holed-bar
red/yellow/blue/green-cubdhomb-nutrim, tire, socket
flat-washerthick-washerred/yellow/orange/blue/green-round-headed-bolt
red/yellow/orange/blue/green-hexagonal-Bolt

VObject, i = 1...n, describe the unique types of thescene objects. Given the value of
this variable for an objedt the detected type and color in the image become independent
random variables. The conditional probability table (CRR)type0 Models the object
recognizer as a statistical process. If the unique type is known to W rype-tjo—u IS

the probability that the elementary object recognizer classiteg My cojor—cjo—y IS the
probability that the pixel classifier detects cotofThe first CPT has been estimated using

a training set of 11 images with 156 objects:

#typet was detected when an object with unique typgas shown
#objects with unique type that were shown

I\/|VType:t|O:u =
(4.16)

The second CPT was estimated using the training set of the pixel classifier which con-
sisted of 27 images from 9 different scenes, with three pictures per scene:

#pixel with detected colot when an object with colog, was shown
#pixel of the shown object with cola,

MVCoIor:c\O:u =
(4.17)
wherec, is the color of the unique object type

The variableVScenesummarizes which object types exist in the scene. The CPT
P(VScenéVObject,...,VObject,) is treated as a noisy-or (see S8c2.3. It is con-
structed from the CPTB(VObject|VSceng. These are set to matriy which is defined

as follows:

. a Lifi=], . .
Ipli, j] = _ ,wherea is near one and is near zero.
€ ,otherwise

The variableIntendedObjectdenotes the unique object type that was denoted by the
verbal description. It is assumed that this type will be one of the types that are present in
the scene\(Sceng. The CPTs between tHatendedObjectand the evidential nodes on

the speech side have been estimated using the data collected in experifMamw):
Mssizen, Msshapo, @and experimen (Select-Obj):Msty e, Mscoloto-

#featuref was named for unique object type
#unique object type was shown
whereF € {STypeSColor,SShapeSSizé.

Me—fjo=u=
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The evaluation procedure of the Bayesian network calculates a likelitndod each ob-
jecti in the scene. It rates the hypothesis that ohbjectienoted by the verbal description,
i.e. by the evidences collected 8Type SColor, SShape SSize

ni = mjax((r,-)i) - mjax((offseq)i) (4.18)

where (1;);i = P(VObject = u;|VType, VColor;, SType SColor, SShapeSSize,
(offset;); = P(VODbject = u;j|VType, VColor,),
uj is the j-th unique object type.

The selection criterion is defined by considering the mgeand the standard deviati@n
of all likelihood values;:

o < threshold and; > 0

(4.19)
o > threshold andyj > p+o.

objecti is selected if{

The second step checks the applicability of spatial relations if these have been specified
by the speaker. Otherwise, the selected hypotheses from the first step are the result of
the object identification procedure. For all IO/RO candidate pairs a qualitative spatial
representatioﬁ(lo, RO,RF) is calculated. The components denote the applicability of
the six projective relations. The degree of applicability is computed using the 3-d spatial
model of Fuhr et al. (see Set4.1):

-

3(10,RO,RF)[r] = &(r,10,RO,RF) (4.20)
wherer € {left, right, in-front-of, behind abovebelow}

The spatial relation that was uttered by the speaker is represented as:

8] = {1.0, if r was uttered (4.21)

0.0, otherwise
wherer € {left, right, in-front-of, behind above below}.
The final selection criterios for the identification of the intended objek® and the

reference objedRO combines the likelihoodgo, Nro Of the first step and a likelihood
of the spatial match:

s— Nio -Nro
[6(10,RO,RF) — B,

where||.||, is the Euclidean distance. (4.22)
The candidate pair with the greatsss selected.

4.5.2 Starting points for improvements

The work of Socher et al. was a first step towards an integrated processing of speech and
images. The work presented in this thesis continues this work. It aims at improving the
following aspects of the approach described in the previous subsection:
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e The identification approach of Socher et al. combines different measurements and
selection strategies in a hybrid manner:

1. The object recognition and verbal description processes are modeled by a
Bayesian network.

2. The first selection step employs a statistical analysis of Bayesian network
properties assuming a Gaussian distribution of likelihood values.

3. Spatial relations are represented as fuzzified membership functions.
4. Spatial relations are compared by an Euclidean distance measure.

5. Spatial and type information are combined by simple multiplication rules.

Therefore, it is very difficult to control the different parameters and threshold val-
ues. Any extension of the model will result in more specialized measurements and
selection strategies.

e The two-step strategy introduces a hard decision that is only based on partial infor-
mation. The redundancy that is often introduced with a spatial relation cannot be
fully exploited.

e The 3-d spatial model depends on a 3-d shape reconstruction. Consequently, its
accuracy is highly affected by object recognition errors that result in erroneous
shape reconstructions. Objects that have been detected but classified as an unknown
objects are only represented on a blob level and are therefore difficult to process on
a 3-d level.

e The Bayesian modeling of verbal descriptions is a very flexible and powerful ap-
proach. However, the simple tree structure ignores some dependencies that were
found in the data (see experimeit Furthermore, it does not take account of out-
of-scope descriptiofisand ignores the non-exclusivity of valdés Additionally,
the speech variables of the network are only related to the whole scene — not to a
single object.

e The previous work did not take into account assembled objects, their structural
descriptions, and methonymian naming (éptane’).

The main improvements that are proposed in this thesis are the realization of a tighter
interaction of vision and speech processing on the 2-d blob level and a theoretically well
founded integration framework that is based on a unique Bayesian network.

9 For example, a 'green bar’ does not exist in the domain. Nevertheless, the proposed Bayesian model is
forced to explain the invalid description by a valid object class.

10 The featuresangular’ and’flat’ are modeled as values of the same varigfiapeeven though the
description'the flat angular object”is a valid description of a bar.
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VTYPEl4)*+— \/opjclasg25)
VColor(9)
IntendedObjClas&25)

SType13) —

SObject2)
SDisq2)  sColor(9)
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SElongated?2)
SShap€¢7)
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Figure 4.18: A Bayesian network modeling object classes

4.5.3 An extended Bayesian model for object classes

The modeling of corresponding variables in Bayesian networks that was proposed in the
previous chapter permits us to directly connect the visual and verbal evidences of a single
object (Fig.4.18 that will subsequently be callédtended objecfWS99. The arc from

the IntendedObjClasgo the VObjClasscertainly depends on the value of the selection
variable. This dependence will be ignored for the moment. If an utterance refers to more
than one object the Bayesian network in Figl8is built up for all specified objects. The
evidential variables in this network are not only leaves because some nouns and adjectives
are more precise than others. They are defined as follows:

e visual evidences:

VTypeg € {3-holed-bar5-holed-bar7-holed-barcube rhomb-nutrim,
tire, sockefflat-washerthick-washerround-headed-bo]t
hexagonal-boltassemblyunknowr}

VColor; € {woodenred, yellow, blue green orange white purple ivory}
VContexte {3-5-7-holed-barsother}

The valueassembly’denotes a complex object in contrast to the other elementary
objects. The termunknown’stands for an unclassified detected object region. Two
visual contexts are distinguished: if all three types of bars have been recognized in
a scene the context is set to the valb-7-holed-bars; otherwise it is set to the
value’other’ contexts.
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e type evidences extracted from spe€ch

STypec {DreilochleisteFunflochleisteSiebenlochleist&Virfel, Raute
Felge Reifen BuchseRundkopfschraubh&echskantschraupe
Unterlegscheibed\ggregatother}.

SGenerale {Leiste SchraubgMutter, Ring, other}

SDisce {Scheibeother}

SWheele {Rad other}
SObjecte {Objekt other}

The states of the variab®&Typeinclude allbaufix“types that can be distinguished

by German nouns without considering color, size, or shape. The other variables de-
note type abstractions. The term 'Objekibfec) refers to elementary or complex
object types. It is more frequently used for complex types because it is difficult to
name them.

e color evidences extracted from spe&ch

SColore {weil rot,gelb orangeblau grin, violett, holz elfenbeinbunt}
SColorede {farbig, other}
SBright € {hell,dunkel other}

The color variables are organized hierarchically. All different colors in the
baufix”domain are possible states®€olor. Assemblies need not have a unique
color. This is represented by the state 'burith&ny-colored). SColoredand
SBright are abstractions @Color.

e size evidences extracted from spech

SSizec {klein, mittelgroR grof3 other}
SLengthe {kurz, mittellang lang other}
SThick € {dick, diinn other}
SNarrowe {schmalother}
SHeighte {hoch flach other}

11 The states of the variables are given in German because the English translations may have a slightly
different meaning. The English translation are given in Big9

12 The states of the variable are given in German language because their English translations may have a
slightly different meaning. Their English translations can be found in£&Rg.
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e shape evidences extracted from spééch

SShapec {rund sechseckigautenbrmig, rechteckigothereckig,
otherviereckig other}
SAngular € {eckig other}
SQuadrangulare {viereckig other}
SElongatede {langlich other}

The states of the variab&Shapedistinguish round and angular shapes. From ex-
perimentd (WWW) it was concluded that 'eckigahgulan and 'viereckig’ quad-
rangular) were not used as super-concepts of the other angular terms. Neverthe-
less, a detailed examination of the data yields that they are partially used as super-
concepts. Therefore, the meaning has been split into the super "eckig’/'viereckig’
terms and thedthereckig'/’otherviereckig’ terms.

e intermediate and query variables:

VObject,IntendedObjClass: {3-holed-bar5-holed-bar7-holed-bar
red/yellow/blue/green-cubghomb-nutrim, tire, socketflat-washer
thick-washerred/yellow/orange/blue/green-round-headed-holt
red/yellow/orange/blue/green-hexagonal-baissemblyother}

The states of both variables denote the unique object classesfufir™” domain.

The value’assembly’stands for complex objects. The belief of the statber’

shall detect inconsistent evidence. Either the speaker did not refer to an object in
the scene, or the visual object was misclassified, or erroneous speech interpretations
occurred that lead to invalid verbal object descriptions 'like green bar”.

The conditional probability tables (CPTs) of the#endedObjClassnodel are partially

set by hand and partially estimated from data. On the vision side, theN&R o0

has been taken from the previous modeling (Ed.§. The CPTMy1ype0 has been
estimated from the recognition results of the image set used in experintEqt 4.16).

The STypeand SColor subnets have been hand-modeled considering some gqualitative
results of experimerii:

1. TheSTypesubnet realizes the abstraction hierarchy shown in4&if. The CPTs
are defined as follows:

0¢, if nountis an abstraction of noum
My _ = , a;=10
X=tISType-u {0.0, otherwise Z !
whereq; is correlated with the strength of the relation,
X € {SGeneral, SDisc, SObject, SWHeel

13 The states of the variable are given in German language because their English translations may have a
slightly different meaning. Their English translations can be found in4g.
1The notatiorred/yellow/blue/green-cukie a short term fored-cube, yellow-cube, .
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Dreilochleiste(three-holed-bar)
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\ Reifen(tire)

Aggregat assembly

Unterlegscheibéwasher)

Scheibe disc) 4/ {Felge(rim)

\ Reifen(tire)
Raute(rhomb)

Felge(rim)

Rad (vhee) «————— { Reifen(tire)
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Figure 4.19: Hierarchy of object type hames: the arrows indicate abstractions, the width
of the arrows indicate the strength of the relationship.

2. The CPTMsType0 Maps the object types to the unique object types, e.g.:

MSTyp&WUrfeHO:red-cube: 1.0
MSType;Unterlegscheid@:ﬂat-washer: 1.0

MSType:Seckskantschrauhé:blue—hexagonal—bolt: 10

3. The CPTMscoioi0 models the relationship of the verbally mentioned colors and
the unique object types. Most elementhgufix” objects have a definite color like
red, green, blue, yellow, or white. Objects with mixed colors like purple, orange,
wooden, or ivory are often described by one of the definite colors: red for orange,
blue for purple, white for wooden or ivory. These cases have been considered in
the CPT definition.

4. The CPTMscoloredscolor MsBrightscolor d€fine abstractions of the concrete colors.
They have been set based on introspection.

The CPTs of the size and shape adjectives are very difficult to set by hand. The qualitative
results of experiment have shown that the usage is determined by multiple causes and
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context dependencies. Therefore, these CPTs have been estimated directly from the data

of experiment (WWW):

#featuref was named for unique object type
#unique typd was shown

whereF € {SSize, SWidth, SThick, SFlat, SElongated, SShape

(4.23)

Me_fjo=t =

For the bthereckig’ (angulan and ‘otherviereckig’ (Quadrangulaj states ofSShape
only those denotations are counted that did not co-occur with one of the other angular
terms. For thesssemblyandothertypes a constant probability distribution is assumed.
The SAngularandSQuadrangularvariables abstract from the statesS8hape The
CPTs are estimated as follows:
#featuref and features were selected for the same object
#features was selected
whereF € {SAngular, SQuadrangula}.

(4.24)

MF:f|SShapes =

The usage of the adjectives 'kurzHori), 'mittellang’ (medium-long, and ’lang’ (ong)

greatly depends on the context in case of bars. If all three types of bars are present,
the 5-holed-baris more frequently called 'mittellang’ than ’'lang’. In other contexts, the
opposite is true. In parallel, the-holed-baris more frequently called 'kurz’ in the first
case. Therefore, the CPT is estimated in two different contexts:

#featuref was named for unique object typ@ contextc
#unique type was shown in context

MSLength:f\O:t,VContext:c =

wherec € {3-5-7-holed-barsother}.

For each CPT thatis used in the speech subnet a small offsatided to each conditional
probability value. After that, the CPTs are normalized again. By this means, the Bayesian
network takes account of speech recognition errors that may lead to inconsistent evidence.
The novel Bayesian network proposed in this subsection has a basic structure which
is similar to that of Socher et al.: ThHetendedObjClassd-separates the type, color,
size, and shape evidences that were extracted from speech and the visual evidences of
the intended object. This structure reflects the qualitative result of the WWW experiment
(experim.4) about the object-class-specific meaning of size and shape adjectives.

4.5.4 A Bayesian model for spatial relations

Besides the object class descriptions discussed in the previous subsection, spatial relations
can be exploited to constrain the selection of an intended object:

"Take the X-objectn front of the Y-object”

In subsectiongl.4.24.4.3the interpretation of the projective binary relatideft, right,
in-front-of, behind, above, below extensively discussed. This section will show how the
spatial model can be integrated into the probabilistic framework that was proposed in the
previous chapter.

The Bayesian modeling of a projective relation can be examined on different abstrac-
tion layers:
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SRel«—RF
MsRe|PartsRF,RO
SRel SRel«—RF Parts
MSep SepSR I MSep SepSRe
MSRe| ,RO SRe|I RE MPartq
1o RO SepRel IO SepRel IO
Mse O,F/ Mseno ’F/
Sep Sep
(a) Basic relation (b) Explicit separation and refer- (c) Explicit partitioning
ence frame
Figure 4.20: A Bayesian spatial model.
1. A black box relation between the intended objgat= io and the reference object

RO=ro. The degree of applicability is calculated with regard to a default reference
frame, e.g. a speaker-centered reference frame.

2. Two coupled relations between the object arg43, 4R, The first measures the
degree of applicability of the 2-d directiaﬂ’i‘DF to the object areas with regard to a
selected reference frame. The second measures the degree of separation between
the object areas.

3. Relations that are defined on a space partitiomifty, . The degree of contain-
ment and the degree of accordance are modeled seperately.

Bayesian networks provide the language for modeling each of these abstraction layers.
The trade-off is an increased model complexity and computation time versus an increased
power of the query language.

The simplest Bayesian model for projective relations is presented in4Ei§(a)
Let n be the number of objects that have been detected in the scene. The random vari-
ableslO,RO € {1,...,n} denote the possible intended and reference objesRelc
{r1,...,rs5} represents the possible states of the spatial relation. A state of a projective
spatial relation is a vector on the 2-d image plane that defines the associated direction of
the specified relation. The continuous space of direction vectors is discretized into four
different directions: rl is the specified dlreCtIOd2D, ro = —ry is the negative direction,
andrz =ri,ry = —r{ are the two possible orthogonal directions. A fifth stateepre-
sents the state that none of first four states of the relation will hold due to the separation
criterion or because the object area of the reference objects completely includes that of
the intended object. In the simplest Bayesian model the spatial model is treated as a black
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box pl’oviding the CP-IVISREIIO,RO:

MsRetrj10,R0 = B SMode(r;,10,RO), (4.25)
whereSModelis the black box function of the spatial model,
B is a normalizing constant

The black box function contains different weighting criteria like applicability and sepa-
ration. Different reference frames are not explicitly modeled. The second more detailed
version of a Bayesian network shown in Fig20(b)considers these two aspects. The
variableRF € {rfq,...,rf,} denotes different possible reference frames, e.g. speaker-
centered vs. hearer-centered (cf. S£8.2). The variablesSepSepRek {true, false}

model the assumption that two objects which are used in a spatial relation should not be
separated by other objects. The CPTs are defined as follows:

&(ri,io,ro,rf;), if i #5
g, ifi=5
whered(,) calculates the degree of applicability of the relation state

MsRetr;|I0=io,R0=r0,RF=rf; = P { (4.26)

€ is a small constant arfélis a normalizing constant.

1—¢, if Sef Ao, Ao, {Alk=1...n,k#i0,K#ro}) > Ogep
MSe;ttrue\lO:io,R(kro = .

g, otherwise
whereSeq,,) calculates the degree of separation (4.27)

€ is a small constant.

l1—¢, if Sep= falsenSRel#rs
MsepRektruesepsRrel = § &, if Sep=trueA SRel~ r5 (4.28)
0.5, otherwise

whereeg is a small constant.

Note that an eliminatiott of the variablefRF, SepRelandSepresults in the previous
network structure.

The Bayesian network presented in Fig20(c)realizes the next level of detail. The
states of the variablPart € {4°lk = 1...my,r0 = 1...n} are the areas of the space
partitioning scheme. The CPTs encode the degree of containment and the degree of

14 Elimination means the summation over all states of a variable. This has been defined as one operation
of the bucket elimination aligorithm in Seg.3.3
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accordance:
0 g0y i rol —
Mpart—ar l0=i0,RO=r10 = {\é(gk A%, Ic:tfr:erwirsl (4.29)
wherey(, ) calculates the degree of containment of objedh partition ﬁl&o/.
a(d®,diy, ifro’=roni=1...4
MsrekrPart— 2% RO=10,RF=If, = B e, if ro =roni=5 (4.30)

1, otherwise

whered!® is the direction vector that is associated with tath partition of the
reference objeab’,

oTr:fjis the direction of tha-th state ofSRelwith regard to the reference
framerf;,

a(,) calculates the degree of accordance of the directiand the partitiorﬂlﬁd.
€ is a small constant arfélis a normalizing constant.

Again, the elimination of the variableart results in the previously described Bayesian
network.

The more detailed the Bayesian network is, the more flexible is the usage of the spatial
model:

1. The simplest model (Figt.20(a) can only answer the queries which objects fulfill
the constraints of the specified relation or which state of a relation is most probable
if the intended and reference objects are given. The reference frame is fixed by
default.

2. The more complex network shown in Figg20(b)provides the possibility to explic-

itly select one of different possible reference frames, to specify a priori probabilities
for the selection of reference frames, or even to query the reference frame selected
by a speaker. The explicit modeling of the separation property of spatial relations
can also be exploited. The detection that two objects are separated basically de-
pends on the decompaosition of an image into foreground (objects on the table) and
background (table plane). If this decomposition is not straightforward the most
probable state of this variable can be used in order to decide whether other objects
are placed between two specified objects or not.

3. In the first two networks, a spatial relation must be anchored by an intended object
and a reference object. The area that may be denoted by a specified spatial relation
cannot be queried, e.gPlace the object in front of the blue cube’n the third
Bayesian network (Figd.20(c) such a query can be realized by extending the set
of states of the variabl© € {1,...,n, L }. In the corresponding components of the
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SepRel 10 RO, RO, SepRed S RE
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Sep Sep
(a) Trinary relation between (b) Locative prepositions

Figure 4.21: Bayesian networks for the spatial relabietweerand locative prepositions
such asn-the-right

CPT, the areas of the different space partitioning are equally probable:

1, ifro’=ro

MPart:ﬂlz‘“/HO:L,RO:rO =B {07 otherwise

(4.31)

wheref is a normalizing constant.

Querying the variableRO, Part yields the most probable area where an object
should be located or placed.

In the following result chapter, the second Bayesian network is used for most experi-
ments. As long as an intended object that is detected by the vision components should be
identified, an explicit modeling of the space partitioning is not needed.

Other descriptions of the position of objects can be modeled by similar Bayesian
networks. Fig4.21presents the network structures of the relatetweerand locative
prepositions such am-the-left

In the betweemetwork the states of the variab&Relare defined relatively to the
direction between the intended obj¢Ct= io and the second reference objB€), = ro,.

The definition of the CPMsgeji0,r01 R0, IS Dased on the degree of accordance of state
and the direction betweeaa andro;.

The variableSLoc in the network for locative prepositions has two possible values
indicating whether the preposition is valid or not. The CPT vaMggoc-true|io—io,RF=rt,
are defined by the corresponding degree of applicability.

4.5.5 Modeling structural relationships

Complexbaufix” objects consist of elementary objects that have been screwed or plugged
together. They can be verbally described by enumerating the elementary subparts:

[ ...] the object consisting of the bar and the cube.”

Elementary objects that are part of an assembly can be described by specifying parts that
are connected to them:
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SHasPart SConnect
/M;%\MIO,PO /M;%\MO.PO
10 PO 10 PO
(a) has-part relation (b) connected relation

Figure 4.22: Bayesian networks for structural relationships.

"[ ...]the cube with the bolt”

Indeed, the semantics of the relatiwith is ambiguous. The bolt may either be connected
with the cube or be part of it’[ ...] the airplane with the red cockpit’On the vision

side the recognition module for complex objects extracts assembly structures that define
which elementary objects are connected by mounting relations. These structures are used
in order to establish the CPTs of thas-partandconnectedelations:

1—¢, if objectpois part of a complex objedd
MsHasPart-truell 0=io,PO=po = { &, if the object area opotouches that of the complex area
0, otherwise

(4.32)

, if objectsio, poare part of the same complex object
, if object pois part of a complex objedb

, if objects areas ab, potouch each other

0, otherwise

MSConnect:true\IO:io,P&po =

(4.33)
whereg is a small constant.

The CPT definitions consider the uncertainty of the recognition module for complex ob-
jects by introducing the small constaat Erroneous results of this module are mainly
consequences of propagated errors from the elementary object recognition module.

4.5.6 Integrating the what and where

In the previous subsections the components of the integration model were presented. How
these subnets interact during an inference process shall be discussed by means of the
following example:

Example 6 Four objects are placed on a table (see Fig23: a flat wooden washer, a

thick purple washer, a red rim, and a complex object consisting of a red cube and two
bars that are fixed to the cube by means of a blue bolt. The speaker instructs the system
with the sentence:
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4:assembly

| :th_in—washer

(=

®

2:thick—washer

Figure 4.23: Example of baufix” scene.

Speaker’Nimm den kleinen Ring vor dem Rotor”
[Take the small ring in front of the rotor.]

The system should figure out which object is intended and confirms the instruction by the
answer:

System:"Ok. Ich nehme die lila Unterlegscheibe”
[Ok. I will take the purple washer.]

In order to simplify the discussion of the integration network, it is assumed that no object
recognition errors or erroneous speech interpretations occurred4(BifJ. The more
general case will be examined in the next chapter. The object class and spatial subnets
are integrated through the selection variabBl@sRO,. The evaluation of the Bayesian
network is started by determining the maximum a posteriori hypothesis (map) of the
variabled O, ROy

(io*,r0*) = argmaxP(10 = i0,RO, = r0|E) (4.34)

io,ro

where is the set of speech and vision evidences.

The objectdO = 2,RO; = 4 will be identified based on the spatial arrangement of the
scene objects. In order to generate the statement from exdhgpleext step has to be
performed that generates a more precise description of the intended object:

(typ*,col*) = argmaxP(STypg = typ, SColop = col||0 = i0*, E) (4.35)
typ,col

The speech evidenceSGeneral =ring, SSizg =small and the vision evidences
VType =thick-washey VColor, =violet yield the typewasherand the colopurple as
the maximum a posteriori hypotheses.
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SSizg =klein VODbjClasg

. VType =thin-washer
InteryedObJCIaS§ \Colorl e
STyp® VODbj

10

Class
. wTypez =thick-washer
SGeneray =Ring Color, =violett

IntendedObjClas VObjClasg
f pr% i
Stype Colorz =red
R ObjClass

SObject =Objekt

Sep =false WTypa =assembly
SRe} =in-front-of Colors =none
RF=speaker-centered

Figure 4.24: Bayesian network for integrating the speech and vision evidences of ex-
ample6. Evidential variables that can be eliminated without influencing the belief of the
remaining variables are ignored.

4.6 Summary

This chapter presented tlecoding framework(cf. Postulatel) for the solution of the
correspondence problerfcf. Sec.2.5. The object recognition and speech understand-

ing parts are interpreted as stochastic processes that are determined by various kinds of
uncertainty. The probabilistic model explicitly takes account of

e erroneous classification results of the object recognizer,
e undetected mounting relations,

¢ the lexical ambiguity of words describing the type, color, size, and shape of an
object,

¢ and the referential uncertainty that is introduced by spatial descriptions.

It implicitly takes account to speech recognition errors, as well for syntactic and semantic
ambiguities by inference processes which will be discussed in the next chapter.

The proposed Bayesian network considers object descriptions on diffeveltd of
abstraction On the vision side, the region segmentation module provides a first repre-
sentation of an object hypothesis on a blob level that may be extended and specified by
the object recognition component. Both kinds of hypotheses can be processed using the
integration network. On the speech side, a hierarchy of type names and adjectives has
been modeled that represent different granularities of verbal descriptions. The 3-d spatial
model that was proposed in the previous work of Socher et al. was transferred to the sim-
plest abstraction layer — the 2-d blob level. By this means, the redundancy that is often
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introduced by spatial relations can even be exploited for objects that are only represented
on a blob level.

The conditional probability tablescontain the parameters of the model. They are
estimated from data collected in psycholinguistic experiments (expédjincalculated
from computational models (spatial model, complex object recognition), or defined by
hand. The hand-modeled conditional probabilities and the structure of the Bayesian net-
work take account of qualitative results that have been observed in different experiments
(Experim.4, 5).

The integration component is realized asimthependent active interaction compo-
nent (Postulate?). The vision and speech understanding modules are considered as black
boxes providing information on different levels of abstraction. Based on the intensional
model presented in this chapter, different inference processes can be defined that real-
ize the interaction between speech and vision components. These will be examined and
discussed in more detail in the next chapter.
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Chapter 5

Inference and Learning

In the last chapter the integration model was presented that is used in order to establish
referential links between visual and verbal representations. The correspondence problem
has been solved by finding the most probable hypothesis that explains the evidence in-
stantiated in the Bayesian network. Further more 5 different inference tasks have been
identified that perform different interactions between the separate speech and image inter-
pretation components. The realization of these tasks in the proposed integration network
is the topic of this chapter. Each task will be illustrated by performance examples that
show the effectiveness of the model.

The tasks either perform a disambiguation or an enrichment of a visual or verbal
representation. This is a prerequisite for learning. Before the system can learn new cat-
egorical concepts strategies must be implemented that learn new facts about a particular
scene. Such strategies are realized by probabilistic inferences in the proposed Bayesian
network. These inference may not be truth preserving. The most probable states of ran-
dom variables can change if new evidences are considered. Therefore, it is related to
inductive learning(cf. Sec.2.5.3. The feedback of a learning step is given by the hu-
man speaker in a dialog: the way he will react on the action of the system. Consequently,
the situation of the system is thatm@inforcement learning

5.1 Establishing referential links

The first step in performing any inference task is the identification of the intended object
(task2, mp-objg. The simplest case occurs if the intended object is described directly
without considering other reference objects:

(io*) = argmax (10 = i0|E) (5.1)

io

The probabilityP(10 = io*|E) can be interpreted as thmausibility nj, of objectio*
to be denoted by the verbal object description. This plausibility can be calculated for
each possible object in the scene. If a reference object was mentioned by the speaker the

147
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Figure 5.1: Selection of the group of possibly intended objects.

plausibility is defined by:
Nio =0 rrl(z)ixP(IO =1i0,RO=r0|E), wherea is a normalizing constant. (5.2)

In equation5.1 the maximum operation is used in order to select a particular denoted
object. In many cases such a selection cannot be definite because of several reasons:

e The speaker intended to specify a group of objects.
e The speaker did not realize that the naming was not specific for the object in mind.

e Some attributes mentioned by the speaker were misrecognized or not recognized at
all. Some descriptions may be misinterpreted.

e Some objects in the scene may be misrecognized due to segmentation of classifica-
tion errors.

Consequently, instead of a single object a group of objects has to be selected. The remain-
ing referential ambiguity can be resolved by the dialog component, i.e. by querying more
specific information and thereby increasing the redundancy of the verbal description.
The selection of the group of possibly intended objects is based opldbsibility
vectorn:
A= (n1,..-,Nn), Wherenj, =P(10 =io0|E) (5.3)

This vector shall be partitioned into one group of components that defines the query an-
swer and one group of components that denote the objects not queried. The selection of
an appropriate threshold is very difficult because no information about the distribution of
plausibility values is given. Intuitively, the selection of the most plausible group of ob-
jects will be based on an examination of the differences between the components of the
plausibility vector. For example, if the maximum component of the vector is significantly
higher than the next greatest component, only the maximum should be selected. If three
components of the vector are significantly higher, these should be selected. The following
algorithm realizes such a scheme in a dynamic and flexible WaBHS" 99, WBPK™99.

The processing steps (1.) to (7.) are visualized in Fitgy.
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1. In order to calculate the differences between the components, these are sorted:

i = sort(n})

2. Any zero components of the vector are ignored in the further processing steps.
Thus, the minimum non-zero componénthas no valid difference value. There-
fore, a parametes is introduced to the algorithm that defines this value between 0
andf};. In the following it will be calledzero-partitioning line

Aﬁ = (ﬁ] _B'ﬁjaﬁj+1_ﬁj7"'7ﬁn_ﬁn—l)7
wherej is the index of the first non-zero component
B is thezero-partitioning line

3. The difference vectohm may have more than one significant component value (see
Fig. 5.1, step (2.)). Therefore, the same technique is applied to this vector in order
to select the most significant difference values, i.e. sorting the difference vector

A = sort(A7)
4. and calculating the component difference:
A = (0, AT AT AT_AN )

5. This time, only the most significant value is relevant because the difference vector
A" shall only be partitioned into significant and non-significant differences:
i* = argmamiAﬁ
[
At this point, the algorithm decides which components of the plausibility vector

are selected. The next processing steps propagate this decision back through the
previous transformations (see Figl, steps (5.), (6.), (7.), (8.)).

6. Select the most significant differences:
7 ={j/a], =& Ai > i}
7. Select the most significant values:
H={hnn =0jAj=max{juljk € T}}

The zero-partitioning lineautomatically adapts during several dialog steps. In ¥ig.

the algorithm selected three components of the plausibility vector that correspond to three
different objects in the scene. In the next dialog step the speaker may just repeat the
instruction, e.g."The long one.". The values of the three components of the plausibility
vector may remain the same, but the zero-partitioning line has been increased because
any other component is set to zero by considering the dialog context. This time only
component 5 is selected, and a precise answer is returned by the system.
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' iII!I "

123456 145 5
"Take the long bolt."  "Take the long one."

Figure 5.2: Influence of theero-partitioning line the parametep is defined relative to
the minimum non-zero component. By this mean, it automatically adapts during succes-
sive dialog steps.

5.2 Interaction of speech and image understanding

If the verbal description has been linked with a unique visual object further inferences
can be performed. In the next subsections these will be illustrated by several performance
examples that have been partially taken from the evaluatios (8=lect-Obj).

5.2.1 The most probable class of the intended object

If a speaker instructs the system to perform an action with an intended object, the class
of the object plays an important rule because it determines this or successive actions that
have to be performed. The proposed integration component is able to figure out the in-

tended objecandclass despite vague descriptions of the speaker or erroneous recognition

results by the speech or vision components (faskp-clas$ [WFKSO0J.

Performance example 1 is shown in Fig5.3. Therhomb-nutand thesockethave been
misclassified as the head and the thread afrange bolt The speaker sees the rhomb-nut
in the scene and tells the system to tak&Tiake the rhomb.”

The intended object is precisely specified in the verbal description, but erroneously
in the visual description. The most probable object class is calculated by the following
equations:

o = argmax(IntendedObjClass- 0|/|O = i0*, ) (5.4)
(0]

where(io*) = argmaxP(10 = io|E).

io,ro

In Fig. 5.3 object 5 has the maximum plausibility and is the only one selected. The next
two graphs show the state change of the variéiiendedObjClassf the verbal evidence
is additionally considered. The correct object cldssmb-nuthas been inferred.

Performance example 2 has been calculated on the same visual scene as the first one.
This time the5-holed-barthat is partially occluded by thg-holed-baris the intended
object:"Take the five-holed bar”
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Figure 5.3: Performance example 1: The speaker refers to object 5. This object has
been incorrectly cIassifiedEg’ = {orange, bol}. The evidence extracted from speech is

£S5 = {Rautg. £ = {Ji_o_7E’ UES. The system correctly selects object 5 and infers
the correct object class.

Again, the five-holed bar has not been recognized. The segmentation algorithm gen-
erated a common wooden region for both overlapping bars in the scene. The object recog-
nizer classified this object region as@anknownobject. In Fig.5.4the plausibility vector
i = P(IO|E) is presented. The seven-holed bar (obj. 6) and the unknown object (obj. 7)
are selected. Now, it is up to the human communication partner to chose the correct one,
e.g. by specifying a spatial relation. The seven-holed bar has been selected liecause
holed-barsare frequently misrecognized asholed-bars The detectednknown, wooden
object has been selected because its correct class may be one of several possible classes
as shown in the second graph of Fig4. If the verbal evidence is considered for the
unknown wooden object the correct object tygéoled-baris inferred (third graph in
Fig.5.4).
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Figure 5.4: Performance example 2: The visual scene is that obFgThe speaker
refers to object 7. It is only detected as an unknown regib)ﬁ:: {wooden, unkown
The evidence extracted from speeclE= {Funflochleisté. £ =J,_q 7 E’ UES. The
system selects objects 6 and 7. For object 7 the correct class is inferred.

Performance example 3 demonstrates the processing of a more complex verbal object
description:"The bright ring beside the blue ring”

The visual context is that of the previous examples. This time the object type is only
described by vague attributes. The second graph insFiggshows the distribution of ob-
ject classes that could be intended. The spatial reldgxideintroduces a neighborhood
relation between thblue ringand thebright ring. Thus, the white tire is excluded and
thesocket(obj. 4) is correctly selected (first graph in Fig5). The third graph in Fig5.5
shows the belief of thintendedObjClassf the whole evidence is considered. The most
probable class is that ofwooden flat-washethe second one is theory socket This is
an artifact of the systent¥lat-washershave not been modeled in the visual component
of the system. Therefore, the object recognizer classifiesfiatelvasherthat is present
in a scene to the most similar object class, $@cket This is reflected by the conditional
probabilities in the Bayesian network. Thus, although the visual component has correctly
classified the typsockethe system infers #iat-washerthat is additionally supported by
the classifiedvoodencolor of the object region. This is an interesting example how the
system can deal with only partially modeled object classes.
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Figure 5.5: Performance example 3: The visual scene is that of 5Fiy. The
speaker refers to object 4 and reference object 3. Both object types have been cor-
rectly recognized:ZX = {wooden,sockét (incorrect color),fgf = {purple, washe}.

The evidence extracted from speech&§ = {hell, Ring}, £ = {neben, blau, Ring

£ =Ui_o.7E’ UESUED. The system correctly selects the object 4 and reference object
3. The most probable object clasdlat-washer

Performance example 4 shows the influence of the general visual scene context. The
utterancel'd like the bright long bar” describes the intended object class by the attribute
longwhich semantics are context dependent. In the general caSehibled-barand the
7-holed-barare calledlong with a high frequency. However if all three types of bars

are present an ordering is introduced to the bar classes in the scene. They are mentally
sorted by length. Th8&-holed-baris theshort the 5-holed-baris the middle-long and

the 7-holed-baris thelongone. These facts are summarized by the estimated conditional
probability tables. Thus, in Figh.6 both long bars are selected if no scene context is
considered. If the bar context is consideredsheen-holed bais the only one selected.
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Figure 5.6: Performance example 4: The speaker intends object 16. It is correctly
recognized: £)s = {wooden, 7-holed-bdr The evidences extracted from speech are

£S5 = {hell, lang, Leist¢. £ = o 15E’ UES. The first two plausibility vectors

have been calculated without considering the context that all three different bar types
are present in the scene. The system selects objects 12 and 16. The next two plausibil-
ity vectors have been calculated considering this context. Only the correct object 16 is
selected.

Performance example 5 is shown in Fig5.7. Here the influence of speech recognition
errors is examined. The speaker instructs the system by the uttetBai¢ike the rhomb
that is left in the image.The speech recognition component decodes the word sequence:
"I'd like the rhomb that is left in yellow so mhm.Thus, the featurgellowis inserted
into the verbal object description resulting®¥ = {left, yellow, rhomb.

The erroneous verbal object description results in a vague plausibility vector of the
intended object clag’(IntendedObjClag€S) (see lower second graph of Fig.7). Fur-
ther more, the intended object 5 has been misrecognized by the visual components. The
speaker sees amange rhomb-nytthe system detected anange bolt(see second graph
in the middle of Fig5.7).

Nevertheless, the correct object is included in the systems answer consisting of the
objects 1, 5, 14. The selection of the third object is caused by the speech recognition
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Figure 5.7: Performance example 5: The speaker refers to object 5. This rhomb-nut is in-
correctly recognizedZy = {orange, bol}. The evidences extracted from speech would
have beerENt = {links, Rautg. £’ = ;_o_14E’ U ENL. Instead the speech recogni-
tion errors yield a feature insertiorE® = {links, gelb, Rautg. £ = Ui_¢_14E’ UES.

The system selects objects 1, 5 in thke case, objects 1, 5, 14 with speech recognition
errors. In any case for object 5 the correct class can be inferred.
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speaker?” ... den roten Ring mit der Raute.”. [. the red ring with the rhomb.]
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Figure 5.8: Performance example 6: The speaker refers to object 5 and reference object 3.
The rim (obj. 5) and the rhomb-nut (obj. 3) are misrecognizﬁg‘.l:: {red, cubq,fg’ =
{orange, bol}. The mounting relation between them is correctly detected (solid lines).
The dotted lines represent relations between touching object regions. The evidences ex-
tracted from speech ag&§ = {rot, Ring}, 5= {mit, Rautg. £ =U;_q_7E’ UES. The

system correctly selects object 5 with reference object 3. The class of objgoti$
correctly inferred.

errors. Processing the correct NL input results in a selection of the objects 1, 5. Despite
erroneous input in both channels the correct object clamsb-nutis inferred for object
5 (see lower third graph in Fid. 7).

5.2.2 Interpretation of structural descriptions

Complex objects introduce additional aspects to the identification taski(temgistruc).

On the one hand the visual analysis of complex objects is more difficult than that of iso-
lated elementary objects. Assembled objects that have the same color result in segmen-
tation failures. Occlusions cause erroneous classifications of object types. On the other
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speaker?” ... den gelben \Wlirfel mit der Schraube.”
[... the yellow cube with the bolt.]

Figure 5.9: Performance example 7: The speaker refers to object 7 and reference object
4. Both object are correctly recognizey = {yellow,cubg, Y = {blue, bol}. The
mounting relation between them is not detected but the object regions touch each other
(dotted edges). The evidences extracted from speectﬂ%ﬁe {gelb, \/\AJn‘eI},flS =

{mit, Schraubg. £ = U_o_sE’ UE5U Ep. The system correctly selects object 7 with
reference object 4.

hand verbal descriptions that specify structural relation between objects provide useful
restrictions for object identification.

In performance example 6 presented in Fig5.8 three errors occurred in the visual
analysis of two complex objects. Twed rimsare classified as eed-cubedue to seg-
mentation failures, therange rhomb-nuis classified as aorange-boltdue to occlusions,
and the3-holed-barand the7-holed-barare incorrectly classified as a sin@éholed bar
due to segmentation failures. The speaker refers to one of the rims (obj. 5) of the first
assembly? ... the red ring with the rhomb.

Although both specified objects have been misrecognized the intended object is cor-
rectly identified (Fig.5.8, first graph). Considering both the visual and the verbal evi-
dences the correct object typed rimis inferred (Fig 5.8, third graph).

Performance example 7 demonstrates that verbal information can be used in order
to establish hypotheses of un-recognized assembly structures5(Bjg. The red rim
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[... the fuselage with the green cube.]
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Figure 5.10: Performance example 8: The speaker refers to the complex object con-
sisting of the objects 1,6,7 that is not detected. Object 1 is misrecognizgd:=
{wooden, 3-holed-b3dr Object 7 is correctly recognizedEY = {green, cubg. The

word fuselagds an unknown object nam&ioS = {Objekt}. The other speech evidences

are le = {mit, griin, Wirfel}. Instead of the whole complex object the system selects
object 1 with reference object 7. The unknown object nduselageis interpreted as
another name for th&-holed-bar

(obj. 5) has been misrecognized ased-cube Consequently, therange-boltand the
misrecognizeded-cubeare hypothesized as a complex object leavingy#iiw-cubeas
an isolated elementary object. The speaker introduces a structural relation between the
yellow-cubeand theorange-boltby the instruction? ... the yellow cube with the bolt.”

The yellow cube is correctly identified (graph in Fig§9) and, consequently, can be
hypothesized as the part of a complex object consisting of the yellow cube and the orange
bolt.
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5.2.3 Unknown object names

Complex objects are difficult to name. The speaker can use the abstrachasemebly

or describe the structure of the complex object. Most frequently complex objects have
a functional role in the construction process. For example they areotbe cockpit,
fuselage, motor, wingor thetail of atoy-airplane However, the system cannot be sure

that in any case a complex object is denoted by these names. Even elementary object can
have such a role (tagk mp-namég.

In performance example 8 the unknown object nanfeselagés linked to the elemen-
tary object 1, the8-holed-bar(Fig. 5.10. The speaker describes the intended object by
the utterance’ ... the fuselage with the green cube’”

The structural relation is mapped by the system to the objects 1 and 7 despite the
mounting relation was not detected. Due to the misrecognized bars the mounting ports of
the objects did not fit. However, the system detected that the two object regions touch each
other (dotted lines in Figh.10). Although the errors introduced by the vision components
could not be totally corrected the system answer is partially correct.

Performance example 9 demonstrates how unknown object names of complex objects
can be learned by the system (Figll). The speaker describes the complex objects by
the utterances? ... the motor behind the barand” ... the fuselage to the right of the
motor”.

Both assemblies have been correctly recognized. The spatial relations constrain the
system selection so that the correct visual objects are linked to the unknown object names.
If the result of the first utterance is stored by the system it could be used in the interpreta-
tion of the second utterance. By this means, the system is able to increase its competence.
The treatment of unknown object names as presented in this thesis provides the basis for
such a learning strategy.

5.2.4 Disambiguating alternative interpretations of an utterance

Some utterances cannot be interpreted in an unique way. They are syntactically or seman-
tically ambiguous (task, mp-interp). In the following performance examples preposi-
tional attachments and extrapositions will be discussed. In both cases the syntactical
structure of the sentence is ambiguous and, consequently, leads to different verbal object
descriptions. In order to figure out the intended object all possible interpretations have to
be considered. The interpretation that reveals the most probable selection of an object is
assumed to be the intended meaning.

Let £3 represent the speech evidences of a first interpretationluding a reference
objectRQO, let fg‘ represent the speech evidences of an alternative interpreBaiticitud-
ing no reference object. Leky = be the visual evidences of timescene objects. Then,
the Bayesian network has to be evaluated for the evidential&ets Ji_o_ %’ UER
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1. speaker? ... den Motor hinter der Leiste.” [the motor behind the bar.]

2. speaker? ... den Rumpf rechts von dem Motor.” [the fuselage to the right of the motor.]
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Figure 5.11: Performance example 9: The speaker refers to the complex objects 7
(fst. utterance) and 3 (snd. utterance). Both assemblies are correctly recognized:
z:;{ﬁ = {assembly. The evidences extracted from speech ﬁfé = {Objekt}, Efl =
{hinter, Leisté¢ and £52 = {Objekt}, £:2 = {rechts-von, Objekt T3 = i_o o E’ U

ES. By =Uig. 9 F’ UE=. The system correctly selects the objects 7 with reference
object 1 and object 3 with reference object 7.

andZs = Ui=o..n I'iV U E:I':?:

(i0j,ros) = argmaxP(I0 = i0,RO=r0|Es), A =P n?gle(IO, RO=ro|Ea)

io,ro
(io) = argmavP(10 = io|Zs), fi® = P(10| Z5)
10
(0" ro* ) = | (OATOR Ta), if (maxnf) > (maxiny)
o (iog,L,Es), otherwise

By this means, alternative interpretations of a spoken utterance can be disambiguated.
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speaker’Befestige das an die Leiste mit der Schraube”
[Fix it at the bar with the bolt.]
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Figure 5.12: Performance example 10: The speaker refers to object 5 using a structural
description. The utterance is ambiguous because the prepositional attachment can also
be interpreted as an instrument. The first interpretafiolyields the evidenc@,'f’ =

{Leiste, mit, Schraube Z£a = Ui_o_¢E’ U Ex. The second interpretatiof yields the
evidenceEy = {Leiste}. Tg = Ui_q. o5’ UES. The system decides for interpretatian

and selects object 5.

Performance example 10 demonstrates the disambiguation of a prepositional attach-
ment (Fig.5.12. The speaker instructs the system by the utteraff€ie:it at the bar
with the bolt”

The prepositional phragevith the bolt] can either be attached to the vdfix] or
to the noun phrasghe bar]. Thus, two different verbal object descriptions have to be
consideredES = {bar}, £5 = {bar, with, bol§.

In the visual context (see Fig.12 an isolated-holed-bar(obj. 1) and &-holed-bar
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speaker? ... die Scheibe vor der Leiste — die rote”
[... the disc in-front of the bar — the red one.]
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speaker?” ... die Scheibe vor der Leiste — die kleine.”
[... the disc in-front of the bar — the small one.]

I : [thesmall diSdintended objl[iNfront ofje| [the batreference obj.
IB [the d|S¢|n[ended obl[[lnfront Oﬂ rel [thesma” bal’] reference obi
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Figure 5.13: Performance example 11: The visual context is that of5Fig. The
speaker refers to the red rim (obj. 2) in both utterances. The utterances are syntactically
ambiguous because the extrapositithhs red one’and’the small one’'may either extend

the intended object descriptiotia] or the reference object descriptiofg). The system
selects interpretatioA for the first and interpretatioB for the second utterance.

(obj. 5) that is part of a complex object are detected. Therefore, the verbal description
[the bar] is referentially ambiguous (first graph in Fig12). The alternative description

[the bar with the bolt]can be precisely decoded to refer to Bvoled-bar(obj. 5, see
second graph in Figh.12). Therefore, interpretatioB is selected.
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Performance example 11 shows the disambiguation of an extrapositions (big.3.
The system results for both utterances have been calculated. In the first.orthe
disc in-front of the bar — the red onethe extrapositiorithe red one’shall extend the
description of the intended obj€disc’. In the second utteran¢e.. the disc in-front of
the bar — the small onethe extrapositiorthe small one'shall extend that of the reference
object’bar’ . However, both cases are syntactically ambiguous because the extrapositions
may extend both noun phrases in the sentences.

The visual context is the same as in the previous performance examplé (Elg.
The visual scene includes two bars, a short isolated one (obj. 1) and a long one (obj. 5)
that is part of an assembly. The nautisc may fit on two possible objects, thied rim
(obj. 2) and with less probability therange rhomb-nufobj. 6).

In both alternative interpretations of the first utterarice, the disc in-front of the
bar — the red one; the system correctly selects thesl rim (obj. 2) and reference object
1 (wooden, 3-holed-barbut the second interpretation includes contradictory evidences
(red, bap. Thus, the first interpretation is selected (see upper graphs ib Eig.

For the second utterance,.. the disc in-front of the bar —the small ongthe alterna-
tive interpretations cause the selection of different object pairs. In the first casetle
discis linked to theorange rhomb-nufobj. 6) and thebar is linked to the7-holed-bar
(obj. 5). In the second case the system correctly selects objeed 2in) and reference
object 1 B-holed-ba). This time the second interpretation better explains the detected
evidences (see lower graphs in Figl3).

5.2.5 Disambiguating the selected reference frame

In the previous chapter it was argued that a more detailed Bayesian modeling of the
spatial model can be used in order to estimate the selected reference frame of the speaker.
In this case the random variald®- that denotes the reference frame is added to the query
variables:

(rf *,i0*,r0*) = argmaxP(RF = rf,10 = io,RO=r0|E) (5.5)

rf,io,ro

In the following performance example two possible reference frames are considered. Itis
assumed that the speaker and the cameras of the system, i.e. the hearer, face each other.
Consequently, thaearer-centeredeference frame is rotated with regard to #peaker-
centeredby 180 degree. The speaker instructs the system by the sent8made: the

object to the right of the rim.”

It includes the implicit selection of a reference frame. The scene context and evalu-
ation results are given in Fi¢.14 The 3-holed-baris directly located at the horizontal
axes through the rim. This is the prototypical direction for the projective relaitybr-of
with regard to thénearer-centeredeference frame. Therefore, it is selected as the most
probable hypothesis. From the identification result of the query the implicit use of the
reference frame can be inferred, heretllearer-centeredeference frame.
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Figure 5.14: Performance example 12: The speaker refers to object 9. He has se-
lected a hearer-centered reference frame for the mentioned projective spatial relation. The
first graph shows the normalized result for the most probable hypotheses with speaker-
centered and hearer-centered reference frames. The next two graphs show the plausibility
for all possibly intended objects with regard to both reference frames. The most probable
hypothesis is the selection of the triple = 9, RO= 8, RF = hearer-centered

5.2.6 Detection of neighborhood relations

Another aspect of the more detailed spatial network is the explicit modeling of the neigh-
borhood relations. The computational model (see 8ek3 is used to calculated the a
priori probabilitiesP(SeplO,RO). The random variabl&ephas two statesgtrue, falsg

that denote if two objects are separated by other objects, i.eoareighboringor not,

i.e. areneighboring The computational model provides an expectation about the sepa-
ration and neighborhood of objects. This expectation will not always be true. A speaker
may select a reference object in a verbal object description thedparatedfrom the
intended object due to the threshold criterion of the computational model. Applying the
assumption that a speaker will always use neighboring objects in such a spatial description
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(a) neighborhood graph

speaker’Nimm die Finflochleiste hinter der Raute.”
[Take the five-holed bar behind the rhomb.]
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Figure 5.15: Performance example 13: The speaker refers to object 2 with reference
object 6. In the neighborhood graph there exists no edge between the corresponding
nodes because the object regions are separated by object 5. Thus, in the first graph the
separation variable is expected totbge. Nevertheless the system correctly selects the
object 2 and reference object 6 for the utterance. The third graph shows the updated
expectation for the state of the separation variable. The most probable stdse is

this can be interpreted as an additional evidence for neighborhood and non-separation.

In Fig. 5.15such an example is given. The speaker intends to descrilie lloged-
bar (obj. 2) and uses thdnomb-nut(obj. 6) as a reference objecltake the five-holed bar
behind the rhomb.”

In this example the visual data is given by the hand labeled image, i.e. segmentation
and classification errors are excluded. The computational model detects a separation of
these two objects that is caused by sleeketon therhomb-nut However, this separation
is only a perspective artifact. In three dimensions no object is placed between them. The
a priori probability for the object separation, that is given by the computational model,
is shown in the first graph of Fig.15 Nevertheless, the correct intended and reference
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(@) "First we construct the  (b) "... fix the cube at the (c) "Now, we have added the
fuselage..” five-holed bar.” engine.”

(d) "The other propeller engine block will be used later.”

Figure 5.16: An example for a construction dialog. The unknown ndnsetage, engine,
and propellerdenote subassemblies.

objects are obtained (see second graph of &itfy. Considering these evidences the a
posteriori probability for an object separation can be calculated (third graph i6.ER).

It follows from the above that objects 2 and 6 a@ separatedand, consequently, are
neighboring

5.3 Further Learning Capabilities

The previous sections describe how elementary or complex objects can be linked to ver-
bal descriptions and especially tmkown namegSec.5.2.3. However, the problem of
learning such denotations becomes even more complicated if subparts of a complex ob-
ject are named by a speaker. This may frequently happen during a construction dialog.
The system has to find out which subset of elementary objects is denoted. In most cases
this task cannot be solved considering a single situation. Tdmass-situation learning
strategies (cf. Se@.5.3 may be employed that are applied during each dialog step.

The idea may be clarified by an example (FdlL6). The speaker intends to construct
an airplane and starts the construction dialog by the following utterance:

"First we construct the fuselage .”
After several construction steps, the next unknown name is introduced:
... fix the cube at the five-holed bar. Now, we have added the engine’”

The system does not have any information when the construction of the fuselage ended
and the construction of the engine began. However, the system can infer that the elemen-
tary object used lastly must be an element of the engine. Then the speaker refers to the
other complex object in the scene consisting bb#, a 3-holed-bar and acube

"The other propeller engine block will be used later”
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From these information the meaning of propeller, engine, and fuselage can be directly
inferred using the inference rules proposed by Sisk8idqq (cf. Sec.2.5.3.
The meaning of an unkown nameis represented as three different sets

1. P(w) is the set of object types that are possibly involved in the meanimg of
2. A(w) is the set of object types that are necessarily involved in the meaning of
3. D(w) is the set of possible assembly structures that denote the meaming of

In the previous examples the inference rules are applied as fétlows

1. "First we construct the fuselage .”

Initially, the necessary set is empty and the possible set contains all possible object

types:
(AP
fuselage\ {} {3-holed-bar, 5-holed-bar, 7-holed-bar, cube, rim, tire

2.7 ... ... fix the cube at the five-holed bar. Now, we have added the engine”

The construction of the fuselage and the engine is finished. Rule 2 states that those
words can be eliminated from the possible sets that are not included in one of
the considered meanings. Note that the fuselage has been finished before the last
instruction was executed:

AP
{} {3-holed-bar, 5-holed-bar
{} {3-holed-bar, 5-holed-bar, culje

fuselage
engine

Then, we apply rule 3 adding those membersAgiv) to A (w) that are not a
member of any other possible s&tw):
IO
{} {3-holed-bar, 5-holed-bgr
{cub& {3-holed-bar, 5-holed-bar, cube

fuselage
engine

3. "The other propeller engine block will be used later”

Now the representation of the other complex object is used to constrain the meaning
of the names further. Rule 2 eliminates #oled-barfrom P (enging:

L
fuselage | {} {3-holed-bar, 5-holed-bgr
engine | {cubg {3-holed-bar, cubg
propeller| {} {3-holed-bar, cubg

Rule 4 states that each symbol that appears only once in every remaining utterance

1 In the sets only bars, cubes, rims, and tires are considered because these elementary objects are the
backbone of any complex object.
2In order to simplify the example only the possible and necessary sets are shown
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meaning can be eliminated from the possible set if it is member of the necessary
set of another word. Thus, tleibecan be eliminated fronP(propelle). Then,

an additional rule must be applied that takes account of the fact that any meaning
of a name must consist of one elementary object at minumum. Consequently, the
3-holed-barcan be added t@((propelle) ruling out this object for the?(enging

set (rule 4). Now, rule 3 can be applied to the previous denotation addir®gy the
holed-barand the5-holed-barto the necessary set of the fuselaiféfuselage:

I P
fuselage | {3-holed-bar, 5-holed-bgr {3-holed-bar, 5-holed-bgr
engine | {cube {cube
propeller | {3-holed-ba# {3-holed-bas

In the last step, the elementary object sets of the meaning representation of the previously
unknown namefuselage, engine@ndpropellerhave converged. The s&{w) denote the
possible assembly structures that can be built from the elementary objects of the possible
set. Subsequently, this set can be restricted by considering the extracted assembly struc-
tures of the complex objects that were denoted, and thereby the meaning of the names
can be extracted.

The presented technique has not been implemented so far and goes beyond the current
performance of the system. However, the idea seems to be promising to be integrated
into the system. As a consequence, an identification of complex objects will result in a
structural comparison of assemblies. This issue is only primarily treated by this thesis.



Chapter 6

Results

In the last chapter the functionality of the integration component has been demonstrated
by several performance examples. However, the robustness of the system must be shown
by a quantitative measurement of identification results.

6.1 Test Sets

The evaluation experiments have been performed on data collected in the experiments
5 (Select-Obj) and (Select-Rel) (see Sed.?). In both experiments subjects verbally
described marked objects in table scenes that were presented on a computer screen.

The data sets were used on different processing levels. Thus, the integration compo-
nent can be tested under different error conditions and the influence of different kinds of
uncertainty can be measured:

e speech data:

1. On the most abstract level the object features mentioned by the speaker were
transcribed in a form that can be directly processed by the integration compo-
nent. This verbal data is callétEATURE.

2. The interface between the speech recognition and speech understanding com-
ponent consists of the most probably uttered word sequence. These recog-
nized word sequences were transcribed into feature structures that can be
directly processed by the integration component. This input data is called
FEAT _SPEECH The comparison with thEeEATURE set measures the in-
fluence of speech recognition errors on identification results assuming a per-
fect understanding component.

e image data:

1. The most abstract visual data is given by hand labeled object regions on the
image plane. Segmentation and classification errors are thereby excluded.
Interpretation errors can still be caused by perspective artifacts from the 2-d

169
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cameraview, e.g. illegal object separations. This setis cAIRIECTS The
processing is directly started with the calculation of the spatial models of the
integration component.

2. The second visual level consists of YUV-images taken by the camera. There-
fore, processing starts with segmentation and object recognition. This set is
calledIMAGES.

The evaluation of the speech and object recognition components are presented in detail in
Sec.4.3.3 However, the word, feature, and detection accuracies will be repeated in the
following subsections.

6.2 Classification of System Answers

Given an instruction by the speaker and an image from the table scene the system iden-
tifies the objects that were hypothetically denoted by the instruction. The correct object
is given by the marked one. However, this does not imply that a perfect system would
identify the marked object in all identification tasks. Some tasks are only solved partly
because the object was not precisely specified. Nevertheless, the marked object is the
reference data for the evaluation of the system answer. The following overlapping classes
are distinguished:

e precise the marked object is the only one the system selected.

e included the system may have selected more objects besides the marked one. But
all selected objects have the correct unique object type. Notpitheises a subset
of included

¢ additional: the marked object is member of the selected set of objects. But some
selected objects have a different unique object type than the marked one.

e correct the marked object is a member of the selected subset. Notedirattis
the union ofincluded andadditional.

o false the system has selected some objects, but the marked one is not a member of
the subset.

e nothing: the system has rejected the instruction because the system did not find an
appropriate object.

The precise class is only relevant if spatial relations or localization attributes have been
mentioned by the speaker. Therefore, it is especially relevant iS¢hect-Reset when
the subjects were explicitly told to use a spatial relation.

The most important error rates are those counted bygdnect andadditional cat-
egories. As long as the number of additional objects is small the system answers are
acceptable for the user because he can select the intended object in the next dialog step.
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6.3 Results on theSelect-Objest set

The Select-Objtest set consists of 453 utterances. The 10 different speakers describe a
marked object on a computer screen by type, color, shape, size, localization attributes, or
spatial relations (see Set2for a detailed description of the experiment).

The word accuracy (WA) of the speech recognition results on this test se?%68
the feature accuracy (FA) is &36. For 6 out of 453 utterances speech recognition errors
caused a complete misinterpretation of the verbal object description. Either the object
features were totally lost due to word deletions or substitution, or the intended object
was interpreted as a reference object because of an insertion of a spatial relation. These
utterance were ignored in the FEAAPEECH tests.

The scenes that were used as the visual context contain only elementary objects, no
complex objects. In some of the scenes out-of-domain objects, like a screw-wrench, a toy-
bus, or a cloth, were placed on the table. The detection accuracy (DA) of the objects in the
table scenes was B%. The recognition errors include 6% false type classifications
and 49% false color classifications.

Before the identification rates of the system will be discussed, the expected system
behavior should be clarified:

o If the speaker verbally refers to the marked objects, this should be included in the
answer of the system. Consequently, we expeaxdreectrate of near 100% if no
recognition errors occurred.

¢ In this test set, most speakers describe the type of the marked object but do not lo-
cate them precisely. Consequently, imndudedrate should be very high. However,
some utterances even do not exactly describe the type of the objecyredgetzt
die Lochleiste.” [And now the holed barif there are three-holed and five-holed
bars in the scene.

e Because the speakers often do not describe the location of the marked object the
preciserate will be lower. In many utterances the speaikeendsto specify a
subset of objects, e.gAlle gelben eckigen Muttern.” [All yellow angular nuts.]

¢ If some features that were mentioned by the speaker are misrecognized or not rec-
ognized at allthe identification rates will decreas@9% of the verbal object de-
scriptions have been correctly recognized (cf. 86c3. Therefore, the decrease
of the identification rates should be 21% at maximum. The counting of complete
object descriptions might not be a good measure for evaluating the impact of speech
recognition errors because the rate does not take into account verbal object descrip-
tions that are partially correct. Therefore, the feature accuracy will be treated as a
measure for the average impact of speech recognition errors. The feature accuracy
of 85% equals a feature error rate of 15%. The same error rate would result if 15%
of the speakers’ descriptions were completely misrecognized. Consequently, we
expect an average decrease of 15% of the identification rates.
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Select-Obj #utt precise included additional correct false
FEATURE OBJECTS 453 52.6% 85.2% 10.2% 95.4% 4.6%
FEAT_SPEECH OBJECTS 447 51.2% 80.8% 11.4% 92.2% 7.8%
FEATURE VISION 453 50.5% 79.3% 10.8% 90.1% 9.9%

FEAT_SPEECH VISION 447 485% 75.6% 11.4% 87.0% 13.0%

(a) identification rates

SPEECH 85.0% FA 100% SPEECH 85.0% FA 100%

FEAT_SPEECH,OBJECTS 92.2% IE- 4%

FEAT_SPEECH,OBJECTS 80.8 %I 85.2%

FEAT_SPEECH,VISION 75.6 %. 85.2% FEAT_SPEECH,VISION 87.0% . 5.4%

S

4%

FEATURE,VISION 90.1% I

FEATURE,VISION 79.3% l 85.2%
VISION 79.6% correct 100% VISION 79.6% correct 100%

(b) included (c) correct

Table 6.1: Identification results for tt&elect-Obpet. For this test set the most relevant
rates are those of thecludedandcorrectcategories. The subfigures (b) and (c) visualize

the impact of erroneous input data. The feature accuracy (top beam) is measured on the
FEAT_SPEECH subset. Theorrectobject recognition rate (bottom beam) is measured

on those visual objects that should be identified. The light colors denote the base-line
results from the FEATURE-OBJECTS data. The dark blue color indicates the impact
of speech recognition errors, the dark green color indicates the impact of object recog-
nition errors. The dark cyan beam visualizes the identification rates if both impacts are
considered.

¢ If some of themarked object®ave been misrecognizeitie identification rate will
decrease 79.6% of the marked objects are correctly recognized. Therefore, the
expected decrease of the identification rate is about 20%. The rate may additionally
be affected by other misrecognized objects (DA6P4) because these may be used
as a reference object or are also selected due to a misrecognized type or color.

The identification rates of the integration component are presented i Talf speech
and object recognition errors are excluded (FEATURE-OBJECTS) in only 4.6% of the
utterances the marked object is not selected. A typical example for a false system answer
is the following situation:
The speaker refers to a marked orange rhomb-nut by the utterance "Die mittlere rote
Scheibe.” [The red disc in the middle]. The system detects the orange rhomb-nut in
the middle and a red rim on the right side. The red rim is selected.

The low false identification rate of 4.6% shows that thaufix”domain is adequately
modeled by the integration component.
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The FEATURE-OBJECTS identification rates define thase-line resultsfor the
evaluation of system answers with erroneous input data. In6lath)and6.1(c)these
are plotted with light colors. Thimcludedandcorrectidentification rates with erroneous
input data are plotted with dark colors in order to visualize the magnitude of decrease:

e The error rates of the input data are much higher than the decrease of the iden-
tification rates with regard to the base-line results. Even the decrease of the
FEAT_SPEECH-VISION identification rates (11.3% forcluded 8.8% for cor-
rect) is smaller than both input error rates (15.0% for SPEECH, 20.4% for VI-
SION).

e Thecorrectidentification rates are more stable thanitt@udedrates. This should
be expected for a robust system behavior. Errors do not cause completely wrong
system answers but the quality of the answers decrease.

e Both noisy input channels decrease the identification rates by a similar magnitude.
In the combined case the impacts on the identification rate are nearly additive. This
indicates that both influences may be independent.

6.4 Results on theSelect-Retest set

In the Select-Reéxperimental setting the subjects were instructed to use spatial relations
in order to describe the marked object. Therefore, the collected data from this experiment
can be used to verify assumptions used in the spatial model and to test the integrated
processing of class attributes and spatial descriptions.

The Select-Retest set consists of 173 utterances. The 6 different speakers describe a
marked object on a computer screen. They are told to use a spatial relation in their verbal
descriptions (see Se¢.2 for more detailed information about the experiment).

The word accuracy (WA) of 79% is much better than that of the previous data set.
However, the feature accuracy (FA) of.8% is in the same order of magnitude. In 32
of 173 utterances speech recognition errors caused a complete misinterpretation of the
verbal object description. In most of these cases the intended object was interpreted as a
reference object. These utterances were ignored in the FEMIECH tests.

The visual context consists of 6 different scenes that contain only elementary objects,
except some unknown out-of-domain objects like in the previous data set. The detection
accuracy (DA) of the objects was 886. The recognition errors include 186 false type
classifications and.9% false color classifications.

6.4.1 \Verification of the neighborhood assumption

An important assumption used in the spatial model is the introduction of the neighborhood
graph:

The speaker will select a reference object in the neighborhood of the intended object
when a spatial relation is specified.
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Figure 6.1: Selection of reference objects: The bright arrows point from the reference
object to the intended object that were selected by the speaker. The black graph structures
represent the calculated neighborhood graphs.

In order to check this assumption all utterances of the test set are examined with regard
to the selection of the reference object. The result is shown ir6FigThe bright arrows

are drawn from the selected reference objects to the intended objects. All object pairs are
located in the neighborhood of each other.

The black graph structures are calculated based on the neighborhood definition pre-
sented in Sect.4.3 The separation threshold®sep= 15%. The minimum ratio of the
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width and the length of tharea in betweers 0.5. If nis the number of objects in the
scene each object may be paired with 1 other objects. The computed neighborhood
graphs have about-2 edges. Thus, the average number of reference objects consid-
ered is reduced t¢/n. Only 3 out of 174 selected object pairs are not connected in the
graph structures (Figh.1: image 1 — two pairs, image 2 — one pair). The main reasons
are perspective effects, like the socket that is placed onto the rhomb nut. Nevertheless,
the neighborhood definition adequately models the selection of reference objects by the
recorded speakers.

6.4.2 I|dentification results

Before presenting the identification rates, the expectations for this test set will be dis-
cussed:

e The speaker shall describe the marked object. Consequently, this object should be
included in acorrectsystem answer which is expected to be near 100%.

e The speakers are explicitly told to specify the tygued location of the marked
object. Therefore, thpreciserate should be high.

e Theincludedrate is not as relevant as the other rates because the location of the
marked object is mostly specified.

e The selection ohdditional objects may be caused by an unspecific of abbreviated
verbal description, a too unconstrained spatial model, or the use of out-of-domain
reference objects.

¢ A falseidentification result may occur because of a not adequate verbal description,
a too restricted spatial model, or other un-modeled aspects.

o If verbal features are misrecognized, not detected, or inserted due to speech recog-
nition errorsthe identification rates will decreasErom a feature accuracy of 87%
we expect an average decrease of about 13%.

¢ If a marked object is misrecognized due a type or color misclassificakiergen-
tification rates will decrease66% of the marked objects are correctly recognized.
Consequently the expected decrease of the identification rates is about 34%. The
rates will additionally be affected by the detection accuracy (DA 64%) of the other
objects because these are used as reference objects.

The identification rates of the integration component are presented i6.Pali.recogni-
tion errors are excluded, 7% of the marked objects were correctly selected without any
additional objectsf{reciserate). The identification rate of 9B% allowing only a unique
additional object (+Dbbjec) shows the adequacy of the integration model and, especially,
that of the spatial model. Only.@% of the marked objects were not selectiedisgrate).

The influence of erroneous input data on the identification rates is visualized in
Tab.6.2(c)and6.2(d) The base-line results are defined by the FEATURE-OBJECTS
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Select-Rel #utt precise included additional correct false
FEATURE OBJECTS 173 78.6% 85.5% 9.8% 95.4% 4.6%

FEAT_SPEECH OBJECTS 14168.8% 76.6% 135% 90.1% 9.9%
FEATURE VISION 173 60.1% 70.5% 19.7% 90.2% 9.8%

FEAT_SPEECH VISION 141 52.5% 62.4% 21.3% 83.7% 16.3%

(a) ldentification rates

Select-Rel #utt precise +1 object +2 objects correct
FEATURE OBJECTS 173 78.6% 93.1% 94.2% 95.4%
FEAT_SPEECH OBJECTS 14168.8% 83.0% 85.1% 90.1%
FEATURE VISION 173 60.1% 74.6% 85.5% 90.2%

FEAT_SPEECH VISION 141 52.5% 64.5% 75.9% 83.7%

(b) identification rates with regard to the number of additionally selected objects.

SPEECH 87.2% FA 100% SPEECH 87.2% FA 100%

FEAT_SPEECH,OBJECTS 65555 /b X3/

FEAT_SPEECH,OBJECTS 85.1% |JIRE

FEAT_SPEECH,VISION 75.9%- 2%

FEAT_SPEECH,VISIONGZS AR )
FEATURE,VISION 60.1 78.6% FEATURE,VISION 85.5% . 129

VISION 65.9% correct 100% VISION 65.9% correct 100%

(c) precise (d) +2 objects

Table 6.2: ldentification result for tHeelect-Reset. The subfigures (c) and (d) visualize
identification rates from the table. The feature accuracy is measured on SEBEECH
subset. Theorrectrecognition rate is measured on those visual objects that should be
identified.

data, they are plotted with light colors. Dark colors indicate that erroneous input data
is considered. The decreases of the identification rates are much higher than those of
the Select-Objset. For thepreciserates the decrease is in the magnitude of the error
rates of the input data: considering SPEECH582, VISION 245%, both 33%. If

two additionally selected objects are accepted the decrease is substantially reduced. For
a single erroneous input channel it is significantly below the input error rates: consider-
ing SPEECH 9%, VISION 92%. If both inputs are noisy their impacts are additively
combined resulting in a decrease of4%. The best result is obtained for therrect
identification rate with a decrease of.2% (FEAT_SPEECH-VISUAL).

Fig. 6.2shows how the selection of additional objects is affected by noisy input data.
It reveals that the decrease of freciseand +1objectidentification rates is higher for er-
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Figure 6.2 ldentification rates with regard to the number of selected objects. The '+n’
denotes theorrectidentification rates, i.e. arbitrary additional objects may be selected.

roneousvisualdata than for erroneous speech data. This effect disappears if the selection
of more than one additional object is accepted.

6.4.3 Qualitative results

The results from th&elect-Relest set support the conclusions drawn fromSkeéect-Obj
results:

¢ Thebaufix”domain is adequately modeled by the uncertainty model of the inte-
gration component. The neighborhood assumption used in the spatial model is
confirmed by the selection of reference objects by the speakers.

e The decrease of the identification rateslassthan the error rates of the input data.
This was confirmed for thmcluded'+2 objectandcorrectidentification rates.

e The stability of identification rates increases for less constrained system answers.
Althoughpreciseresults are highly affected by erroneous input dataectsystem
answers are indeed very stable.

e In the combined case (FEASPEECH,VISION) the impacts of the recognition
errors additively combine. Again, both influences seem to be independent.

If the influences from erroneous input data from speech and object recognition are com-
pared a difference can be detected forpheciseand +1objectidentification rates:

e The VISION error rate affects the identification rates more than the SPEECH error
rate. This may be explained by the experimental constraints because the speaker
must refer tawo objects in the scene in order to identify a single marked object by
a spatial relation.

e These effects disappear for less constraint system answers.
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Select-Obj #obj correct correcttype correct color
VISION FEATURE 239 88.3% 90.8% 96.7%
with correction FEATURE 239 97.9% 97.9% 98.7%
VISION FEAT_SPEECH 217 88.9% 91.7% 95.9%
with correction FEATSPEECH 217 97.7% 97.7% 98.2%

(a) recognition rates of precisely selected objects orslect-Obget.

Select-Rel #obj correct correcttype correct color
VISION FEATURE 104 85.6% 95.2% 90.4%
with correction FEATURE 104 99.0% 100.0% 99.0%
VISION FEAT_SPEECH 74 82.4% 91.9% 90.5%
with correction FEATSPEECH 74 98.6% 100.0% 98.6%

(b) recognition rates of precisely selected objects orSitlect-Reget.

VISION 88.9% correct VISION 82.4% correct

FEAT_SPEECH,VISION 97.9% correct FEAT_SPEECH,VISION 98.6% correct

(c) Select-Obpet (d) Select-Reset

Table 6.3: Corrected unique types of precisely selected objects. Subfigures (c) and (d)
visualize recognition rates from the tables.

6.5 Object Classification using Speech and Image Features

In the previous section the proposed tasfmp-objs) has been quantitatively evaluated.
The solution of this task provides the basis for the realization of the other proposed inter-
action tasks (cf. Se&). An interesting question that can be answered for the previously
used test sets in a quantitate manner is related ta3tésip-class):

Can the object recognition results be improved if features that can be extracted from
speech are considered?

In order to check this question thgreciselyselected objects from th®elect-Objand
Select-Rellata sets are examined. The object recognition rates of these subsets are pre-
sented in Tab6.3(a)and6.3(b) between 11.1% and 17.6% of the selected objects have
been misrecognized due to type or color misclassifications.

The features extracted from speech and the classification results of the object recog-
nizer are used as evidences in the proposed Bayesian network. The most probable a poste-
riori state of thdntendedObjClassariable is selected as the new object class. Nearly all
visual classification errors are corrected considering either FEATURE or FEFHECH
input (seewith correctionin Tab.6.3).
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The restriction of considering onfyreciseobject selections works as a filter criterion.
First, the speaker and the system must insure that both talk about the same scene object.
Then the estimation of the most probable object class is performed in a second step.

6.6 Summary

The most basic inference tasks of the integration component proposed in this thesis have
been quantitatively evaluated. The tasknks the visual representation of a scene object
with its verbal description that is given by a speaker. Here, a robust system behavior is
realized by optionally selecting more than one object if the verbal object description is
not precise enough. Erroneous input data, that is caused by speech and object recognition
errors, mostly leads to the same system answer or the selection of some additional objects.
The intended object still remains in the dialog context and the speaker can select the
correct one in the next dialog step by increasing the redundancy of the verbal description.

A comparison of the results with other systems is difficult because of the domain
dependency. In sectiofi5.1the previous work by Socher et alS¢c97 SSPO) was
mentioned that this thesis is based on. She evaluated her system QUASI-ACE on the
same data sets, but some evaluation conditions were different:

e Theidealizeddata is comparable to the FEATURE,OBJECTS input but the identi-
fication rates were only counted for 412 of 453 utterances oftiect-Obpget and
for 98 of 173 utterances of tHeelect-Retet. In both sets thialserates could be
reduced from 7.5% (QUASI-ACE) to 4.6%élect-Objand from 16.5% (QUASI-
ACE) to 4.6% Gelect-Rél

e Thetextdata is comparable to the FEATURE,VISION input. However, the sys-
tem QUASI-ACE did not considainknownobject regions. Thus the object dele-
tion rate was higher but the object insertion rate was nearly negligible. Here
the rate ofnot correctlyselected objectsfdlsetnothing could be reduced from
13.6% (QUASI-ACE, 417 utterances) to 9.9%e{ect-Ohj 453 utterances) and
from 21.4% (QUASI-ACE, 84 utterances) to 9.8%e{ect-Rell73 utterances).

e The speechdata is comparable to the FEAPEECH,VISION input. In the sys-
tem QUASI-ACE the speech data was processed by a speech understanding com-
ponent, but only those utterances were considered that were at least partially un-
derstood. The rate of the identification categofase and nothingwas reduced
from 30.0% (QUASI-ACE, 133 utterances) to 13.08e(ect-Ohj447 utterances)
and 24% (QUASI-ACE, 21 utterances) to 16.3%elect-Rel141 utterances).

The results of both systems are not directly comparable because of the different evaluation
conditions and different evaluation subsets. However, it is shown that the integration
component proposed in this thesis models blaefix” domain more adequately and is
much more robust if erroneous input data is considered.

Secondly, the realization of tas8k{(mp-class) has been evaluated onpheciseiden-
tification results of theSelect-Objand Select-ReHata sets. The most probable object
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class is estimated considering the classification results of the vision components and the
features extracted from speech input. By this meamauki-modal object recognition
scheme is realized. The recognition ratgaéciselyselected objects could be increased

up to near 100%.



Chapter 7

Summary and Conclusion

This thesis addresses the problem of relating spoken utterances to the simultaneously per-
ceived visual scene context. The development of systems that integrate verbal and visual
information is an extending field of research. It is pushed by various applications like
the indexing and querying of video databases, service robotics, augmented reality, docu-
ment analysis, documentation systems with multi-modal interfaces, or other multi-media
systems. Each of these applications has to relate two or more different input modalities.

7.1 The Integration of Speech and Images as a Probabilistic
Decoding Process

Speech understanding and vision are the most important abilities in human-human com-
munication, but also the most complex tasks for a machine. A general solution of both
tasks is far from being implemented on a computer. It even raises philosophical questions
with regard to machine intelligence like the symbol grounding problem and the Chinese
room. Typically, speech understanding and vision systems are realized for a dedicated
application in a constrained domain. Both tasks are realized using different specialized
paradigms and separated knowledge bases. They use different vocabularies to express the
semantic content of an input signal. Consequentlyctiteespondence problemnamely

how to correlate visual information with words, events, phrases, or entire sentences — is
not easy to solve. A human speaker encodes the verbal-visual correspondences in an inter-
nal representation of the sentence he or she intends to utter. The communication partner
has to decode these correspondences without knowing the mental models and internal
representation of the speaker. Threferential uncertaintyis automatically introduced

even for perfect understanding components.

Additionally, the interpretations of the surface modalities are often erroneous or in-
complete such that an integrating component must consider noisy and partial interpreta-
tions. As a consequence, this thesis treats the correspondence problem as a probabilistic
decoding processThis perspective distinguishes this approach from other approaches
that propose rule-based translation schemes or integrated knowledge bases and assume
that a visual representation can be logically transformed into a verbal representation and

181
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vice versa.

An important issue for a system that relates erroneous and incomplete interpretations
is robustnessi.e. how the system answer is affected by propagated errors. This thesis
shows that even though a multi-modal system has to face multiple error stheassm-
bined signal can be interpreted more stablily than the individual signalgs has been
explicitly shown by a detailed analysis of the identification rates of the implemented sys-
tem and by the increase of the object recognition rate when features from both modalities
are used.

The decoding process is organized asparate subtasknd is realized by aactive
inference process By this means, the integration component becomes independent of
the specialized speech understanding and vision components. It is realizpdrase
system component in its own riglike that of Nagel. Different interaction tasks are
identified and implemented that can be transferred to any object recognition scheme and
any speech understanding component.

7.2 Contributions

The most significant contribution of this work is the demonstration @ftagration com-
ponentthat robustly combines speech and object recognition resiilte thesis shows

that errors occurring in both recognition components can be compensated by combining
their interpretation results.

Object recognition results are considered on two diffelayers of abstractiorin or-
der to increase the robustness of the system. As a consequence, any computational model
used in the integration component must be applicable to each layer. For this purpose the
3-d spatial model proposed by Fuhr et &SES9Fwas extended and transferred to the
2-d level.

This thesis has successfully appliBayesian networkgo the task of integrating
speech and imagesThe correspondence problem has been solved in the language of
Bayesian networks in a consistent and efficient isaysing a novel combination of con-
ditioning and elimination techniques. The experimental study has identified Bayesian
networks as an adequate formalism for speech and image integrating tasks. The mental
models of the speaker are partially reconstructed by estimating conditional probabilities
from the data of psycholinguistic experiments. Context dependent shifts of word mean-
ings are modeled by the structure of the network. As an intensional model the inference
algorithm is separated from the modeling task. Thus, various inference tasks between the
integrated modalities have been formulated using the same integration model. Even ques-
tions concerning the internal state of the computational models can be answered like the
disambiguation of the reference frame or establishing undetected neighborhood relations.

The proposed Bayesian network scheme for integrating multi-modal input has been
applied to aconstruction scenario A robot is instructed by a speaker to grasp objects
from a table, join them together, and put them down again. In this thesis an integration
component is realized that is able to identify objects in the visual scene that are ver-
bally referred to by the speaker. This task is successfully performed despite of vague
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descriptions, erroneous recognition results, and the use of hames with unknown seman-
tics. Several interaction taskisave been implemented that perform multi-modal object
recognition, link unknown object names to scene objects, disambiguate alternative inter-
pretations of utterances, predict undetected mounting relations, or determine the selected
reference frame of the speaker.

7.3 Future Work

The proposed Bayesian network scheme is a very general approach to solve the cor-
respondence problem. It has been successfully applied in a restricted domain raising
guestions about thecalabilityand about th@ortability to other domains.

Bayesian networks are an intensional formalism. Thus, the inference algorithm is
separated from the modeling task. Consequently, additional aspects and other domains
can be modeled without changing the computational framework. The structure of the
Bayesian network and the number of exclusive selection variables determine the com-
plexity of the algorithm. A typical number of selection variables for the evaluated data is
between one and three with ten to thirty different states. An increased complexity may be
introduced by several possible extensions of the system demonstrated so far:

e A serious restriction of the implemented system is the fact that the segmentation
results of the vision component cannot be changed on the basis of additionally
considered verbal evidences. However, alternative segmentation results may be
considered by introducing additional selection variables. The implications on the
robustness of the system answers and on the complexity of the inference algorithm
are open questions.

¢ Closely related to this aspect, the system assumes that objects can easily be sep-
arated from the background. If this restriction is dropped the number of possible
object regions that must be considered drastically increases and the neighborhood
assumption must be relaxed.

As mentioned previously the proposed Bayesian network scheme is related to probabilis-
tic graph matching (cf. Se@.4). Thus, a closer examination of the applicability of the
proposed algorithm for other weighted graph matching problems will lead to valuable
insights. However, the proposed inference algorithm realizes an exact graph matching
which is not tractible for a significantly increased problem size. Therefore, the exact in-
ference algorithm must be transformed into an approximate algorithm which seems to be
feasible.

Besides the extension of the proposed Bayesian network. There are other serious
problems of speech and image integration that are not considered so far.

A prerequisite of the proposed integration scheme is the existence of a finite set of
semantically meaningful elementary objects. How can an integration component be de-
signed that considers generic objects that may be defined by geons or other primitives
that do not have a semantic meaning?
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Only very simple verbal descriptions of complex objects are considered so far. How
can computational models be defined that can process more complex structural descrip-
tions like. .. consisting of two crossed bars ?

The last aspect may be described by the duatibdelingvs. learning What needs
to be modeled in a system? What can be learned offline? What can be learned online?
The basic competences of the system realized so far are the computational models and the
structure of the Bayesian network. The numbers of the conditional probability tables are
partially learned offline. The correspondence of names and individual complex objects
is learned online. An outlook section proposed an online learning strategy for the names
of subassemblies. Bayesian networks may be a good candidate in order to extend the
learning abilities of the system because the theory of learning in Bayesian networks is an
intensive field of research.

7.4 Final Remarks

The development of the integration component that is described in this thesis was not
straightforward. During the last four years several versions of it were implemented and
revised, each step leading to a deeper understanding of the integration task. The final
solution is an example thaheory and application can benefit from each othérhe
realization of the system lead to new insights in Bayesian networks and vice versa.
Indeed, several lessons have been learned. The combination of two different modal-
ities results in an implicit error correcting strategy. The user obtains robust system an-
swers despite many intermediate results being incorrect. This distinguishes the realized
approach form other multi-modal error correction strategies dskthe user to give a
new input on a different channel. Bayesian networks are an adequate framework for the
solution of the correspondence problem. This does not rule out other formalisms like
fuzzy logic or Dempster-Shafer. However, the mathematical foundation, intuitive mod-
eling, and ability to learn the parameters of Bayesian networks seem to be promising for
future applications.
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The elementary objects obaufix"

hexagonal-bolts e

round—headed-bolts

3—holed—bar

thick—washer

socket

5—holed—bar
thin—washer :

rhomb—nut n -
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