SIMILAR DREAMS BOOK #2

Multimodal user interfaces: from signals to n-
teraction

Where multimodal signal processing meets multimodal h
man computer interaction...

Signal Processing (SP) and Hum@omputer Interaction
(HCI), two very popular scientdf areas, are brought together
to provide solutions to a series of great challenges in the field
of multimodal interfaces. Focus is on multimodal interfaces
that respond efficiently to speech, gestures, vision, haptics and
direct brain connections takingdsantage of recent develo
ments in both HCI and SP.

The book presents a common theoretical frameworkufor f
sion and fission of multimodal information using the makst a
vanced signal processing algorithms constrained by HCI
rules described in detail and tegrated in the context of a
common distributed software platform for easy and efficient
development and usability assessment of multimodal tools.
The book also demonstrates the use of the multimodaéfram
work for the development of a set of applicatianshie areas
of edutainment, interfaces for disabled people and interfaces
for medical applications.
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1 Introduction

Human interfacing with the environment andhaother humans isn4
doubtedly, fully multimodal. All human senses participate, even if some of
then dominate, to the everyday human operations of perception, action and
interaction. Interaction with the computer or computediated intere
tion with othes has been based for decades in a limited set of modalities
and ctomiseddevices. Recent technological advancement in the areas of
signal processing, computer vision and huroamputer interaction, o
ever, has made multimodal infigces a reality.

Multimodal interaction is a multidisciplinary research area integrating
efforts of various sciences such as cognition, psychology, computer sc
ence and engineering. This book reports one of the main outcomes of an
attempt to bring closer experts from the HQ@idathe signal processing
fields. Multimodal signal processing is fused with multimodal HCI @ pr
duce new knowledge in the field of multimodal interfaces. This knowledge
goes all the way from signals to interaction and paves the way fof-a mu
tiview explordion of the topic by scientists of both fields.

The book presents the most recent results of the SIMILAR EU funded
Network of Excellence (with the contribution of one Chapter from groups
participating in the HUMAINE Network of Excellence) on three main pi
lars in multimodal interfaces research i.e. theory, software development
and application frameworks. The contributions in this book are foly t
wards the ten Grand Challenges identified by the SIMILAR NoE in the
iSI M LAR Dreamsd book published on

In Chapter 2, the notions of modality and multimodality are defined and
discussed, followed by the presentation of a theory and taxonomy of all
modalities of information representation in the media of graphics,sacou
tics and haptics. The final part of the ptexr discusses practical uses of the
theory, in particular with respect to the issue of modality choice and the
idea of predictive construction of multimodal representation from omim
dal nodalities.

The main aim of Chapter 3, significantly inspired frfih is the deve
opment of an information theoretic framework for multimodal signat{ro
essing, closely related to information theoretic feature extraction/selection.
This important relationship indicates how multimodal medicsde pro-
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essing can be unified to a large extent, e.g. rehlinnel segmentation and
image registration, and extend information theoretic registration to other
features than image intensities. The framework is not at all restricted to
medical images tholmgand this is illustrated by applying it to motedia
sequences as well.

In Chapter 4, the main results from the developments in plastic Uls and
multimodal Uls are brought together using a theoretic and conceptual pe
spective as a unifying approach. Itaened at defining models useful to
support Ul plasticity by relying on multimodality, at introducing ans- di
cussing basic principles that can drive the development of such Uls, and at
describing some techniques as probtoncept of the aforementioned
models and principles. In Chapter 4, the authors introduce running-exa
ples that serve as illustration throughout the discussion of the usel-of mu
timodality to support phiticity.

Face and speech combined analysis is the basis of a large number
of human compter interfaces and services. Regardless of the final applic
tion of such interfaces, there are two aspects that are commonly required:
detection of human faces (and, if necessary, of facial features) ané comb
nation of both sources of information. In Ckaxp5, both aspects are-r
viewed, new alternatives are proposed and their behaviour is illustrated in
the context of two specific applications: audlisual speaker localization
and audievisual speech recognition. Authors have initially concentrated in
face detection since most of facial feature detection algorithms rely on a
previous face detection step. Tharious methods have been analys
from the perspective of the different models that they use to represent i
ages and patterns. In this way, appr@schave been classified into four
different categories: pixel based, block based, transform coefficient based
and region based tiques.

In Chapter 6, a muktue, dynamic approach to detect emotion iunat
ralistic video sequences is described, wheretiigptaken from nearly real
world situations, contrary to controlled recording conditions of audiovisual
material. Recognition is performed via a recurrent neural network, whose
short term memory and approximation capabilities cater for modeling d
namicevents in facial and prosodic expressivity. This approach also differs
from existing work in that it models user expressivity usingnaedsional

representation, instead of detecti

are scarce in everyday hurmarachineinteraction.

In Chapter 7, the main goal is to build multimodal interfaces thadfiben
from the advantages of both speech and gestures modalities. The objective
is also to interact as easily and naturally as possible using a representation
of the world wth which we are familiar, where objects are described by
their name and attributes and locations indicated with hand gesture or nose

ng
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gesture in case of hands or arms disabilifiésltimodal information pro-
essing uses latstage semantic architecture amb input modes are ce
ognisedin parallel and processed by understanding components.efhe r
sults involve partial meaning representations that are fused by the
multimodal fusion component, which also is influenced by the dialogue
management and interpréta of current context. The besinked muit
modal interpetation is transformed into control commands which are sent
to a user apptation.

In Chapter 8, the statdf-the-art is initially discussed in the area of
ubiquitous user interfaces followed by amroduction of migratory user
interfaces and discussion of the relevant design dimensions. Thex, an e
ample architecture is briefly described, developed by the authorsder su
porting migratory interfaces and show a couple of example applications.
Lastly, some conclusions are drawn along with indications for futuce ev
lutions in this area.

Chapter 9 focuses on the problem of software development of masltim
dal interfaces. The strture of the chapter is as follows: first the PAC
Amodeus software architecalrmodel is presented as a generic conceptual
solution for addresing the challenges of data fusion and concurrent-pro
essing of data of nitimodal interfaces. The authors then focus on-sof
ware tools for developing multimodal interfaces. After presendiengral
existing tools, the ICARE and Openinterface platforms are then described
and illustrated.

Chapter 10 includes a discussion and review of analysis techniques for
the modalities that are used in hearing impaired communication. Fhe a
thors concentraten the individual modalities: hand, face, lips, expression
and treat their detection, segmentation, and feature extraction. Tierthe
poral analysissection, the focus is on the temporal analysis of the modal
ties, specifically in sign languages and in.d®e next section presents
temporal modelling and belidfased multimodal fusion techniques. In the
last section, two example applications are given: a sign language tutoring
tool and a cued speedttérpreter.

Chapter 11 focuses on the effective processif information conveyed
in multiple modalities and their translation into signals that are more easily
understood by impaired individuals. More specifically, the conceptosf m
dality replacement is introduced and two applications for the interecemm
nication of the disabled are thoroughly discussed. In particular this chapter
discusses the development of a framework for the combination of all the
incoming modalities from an individual, recognition of the transmitted
message, and translation into anothemfdhat is perceivable by the-r
ceiver. Moreover the modality replacement concept and its applications are
introduced. The basic idea is to exploit the correlation among modalities to



enhance the information perceived by an impaired individual who can not
access all incoming modalities. Finally a modified CHMM is employed to
model the complex interaction and interdependencies among theiinodal
ties and combine them efficiently to recognize correctly the transmitted
message.

Chapterl2 introduces MedicalStudj@ composable, opesource easily
evolvable crosplatform framework that supports surgical planning and
intra-operative guidance with augmented interactions. It is designed to i
tegrate the whole computer aided surgery process to which both hesearc
ers am clinicians participateA description of the framework architecture
is providedas well as some medical components and agijgits already
developed into this framework. Collaboration with several research centers
and medical clinics has shown the véifidgg and promising disemination
of this medical framework.

Finally, Chapter 13 presents tiE8NERGIA simulator a an example
that emphasizes thienportance ofintroducing multimodal interfaces in
lapaoscopic training. This simulator is being developgdhe SINERGIA
Spanish cepperative network, which is composed hyconsortium of
clinical and technical parthefeom Spain The Chapterdescribeghe first
prototype of the system, whidims been built on theork of MedICLab
developed by th@olytechn¢ University of Valencia.



2 Multimodality Theory

Niels Ole Bernsen

Natural Interactive Systems Lab., University of Southern Denmark

2.1. Introduction

Since the early 2000s, interactive systems designers, developers, and
evaluators have increasingly beeartdsing on tapping into the enormous
potential of multimodality and multimodal systems. In this chapter, we
discuss and define the notions of miitgaand multimodality followed by
presentation of a theory and taxonomy of all modalities of informatiopn re
resentation in the media of graphics, acoustics, and haptics. The final part
of the chapter discusses practical uses of the theory, in particularewith r
spect to the issue of modality choice and the idea of predictive constru
tion of multimodal representath from unimodal modalities.

2.2. What is a Multimodal System?

2.2.1. AnEnigma

Somewhat surprisingly, given the enormous attention to multimodal sy
tems worldwide, there is still a certain amount of confusion about what
multimodality actually is. To understand muoithdality, it seems imgtant
to understand why this confusionrgists.

The term 6édmodalitydé itself is not
senses is to bermanner of somethingnother, the soalledsensory ro-
dalities of psychology, i.e., visiorhearing, etc., but, as we shall see, the

overly

O6modal itiesd of O6multimodalityd6 cannot be

ties of psychtogy.



Hi storically, the term 6modalityd already
itspresentd ay meani ng i n Bowdnthgesof usiagroby paper on o e
bined speech and deictigesture[2] . Another early appearanceirs [3]
who mention written text and beeps as different examples of formg-of re
resering information as outgdufrom, or input to, computer systems.

Today, the following two definitions or explanations of multimodality
are perhaps among the more widespread ones.

1. A multimodal system is a system which somehow involves several

modalities.
This is both trivially trueand quite uninformative about what multiméda
ity actually is. The definition does, however, put a nice focus on the que
tion: what aremodalties? It would seem rather evident that, if something
a system, interaction, whateveis multimodal, there musbe other things
which areunimodal and whiclcombineto make that something multon
dal. However, another explanation often seems to be lurking in tike bac
ground:

2. A multimodal system is a system which takes us beyond the ancient
and soorto-becomeobsolee GUI (Graphical User Interfaces) par
digm for interactive systems. Multimodal systems represent a new
and more advanced paradigm for interactive systems, or, qupting

fiMul ti modal systems adaaedr@disally diff

This view probably helps explain the sense of novelty and adventure
shared by many researchers and developers of multimodal systems today.

However, as anxplanation of multimodality, and although still near

vacuous as to what multimodality thjs one is actually false and seriously

misleading. Even though there are several more informative attempts at

definitions and explanations of multimodality around, these all imply that

GUI systems arenultimodalsystems. Furthermore, Gldased interaabin

is far from obsol ete, ités a useful par adi
and better explored than most other kinds of multimodal ictiera

2.2.2. A Solution

To see why multimodality still has a lot of unexplored novelty to it, why

the sensory modalitiesf psychology only far too insufficiently account

for the modalities there are, and why GUIs are nevertheless multimodal,

we need a theory of whatodéds involved. The b
interaction, media, modalities, and information channelsichvwe will

now look at in turn.



2.2.2.1. Human -Computer Interaction and Media

Humanc o mput er 60i nt e rexltahge ofninformatismyith i n
computer systems, and is of many different kinds which we need not go
into here (fortaxonomy see[5] ). Exchange of information is ultimately a
physical process. We never exchange information in the abstract even if
we are very much used to thinking and reasoning about informatidat in a
stract terms. When humans exchange information, itfi@mation is
physically instantiateéh some way, such as in sound waves, light, bf ot
erwise. In fact, humans are traditionally said to have five or six senses for
physically capturing information, i.esight hearing touch smel| taste
and, if thisone is counted as welbroprioception These are the sensory
modalities of psychology.

Correspondingly, let us say that information, to be perceptibly asmm
nicated to humans, must be instantiated in one or more of the following six
physcal mediaj.e.:

e light / vision / graphics;

e sound waves / hearing / acoustics;

e mechanical touch sensor contact / touch / haptics;

e molecular smell sensor contact / smell / olfaction;

e molecular taste sensor contact / taste / gustation; and

e proprioceptor stimulation (as whe/ou sense that you are being turned
upside down).

It is useful to define each medium througlriplet as above, the first
element referring to the physical information carrier, the second to the pe
ceptual sense needed for perceiving the informatiod,the third one to
information presentation in that medium. Note that this entails a non

fact

standard use of the term O0gra@hicso i

dalities come to include not only graphical images and the like, but also, in
particular, ordimry text.

To the above we need to add a point about hupsaneptual threls-
olds If a human or system is to succeed in getting dispatched physically
instantiated information perceived byhamanrecipient, the instantiation
must respect the limitations tfe human sensors. For instance, the human
eye can only perceive light within a certain band of electromagnetic fr
quency (approximately 38880 Nm); the human ear can only perceive
sound within acertain K band (approximately 180.000 H); touch n-
formation must be above a certain mechanical force threshold torbe pe
ceived and its perception also depends on the density of touch sensors in
the part of human skin exposed to the touch; etc. In other words, issuing an



ultrasonic command to a soldier will lkmano effect because no physically
instantiated information will be perceived by the soldier.

2.2.2.2. Modalities

We can now define a 6modalityd in a straig

3. A modality or, more explicitlya modality of information represemt

tion, is a way of represeng information in some physical medium.
Thus, a modality is defined by its physical medium and its particular
Awayo of representation.

It follows from the definition that modalities do not have to be percept
ble by humans. Even media do not have to begmtible to humans. So
modal ities donét even have to be represent
to humans, since there are physical media other than the six media listed
above, all of which are partly accessible to humans. In what follows, we
focus on modlities perceptible to humans unless otherwise stated.

Now we need to |l ook at thoseefiwayso of in
cause these are the reason for having the notions of modalities ard mult
modality in the first place. The simple factisthat we nedlo s e fAway s o0
because humans useanyand very differentmodalities for representing
information instantiated ithe samehysical medium and hence perceived
by the saménuman sensory system. Consider, for exanijgkt as phys
cal medium andisionas tte corresponding human sense. We use vision to
perceivelanguage text, image graphics, facial expression, gestamd,
much more. These awdifferent modalities of information representation
instantated inthe samephysical medium.

Although the above exartgmight be rather convincing on its own, it is
useful to askwvhythe mentioned modalities are cattesied to be different.

There are two reasons. The first one is that all modalities diffexpnes-
sivenessi.e., they are suited for representing differkimds of informa-

tion. A photorealistic image, for instance, is generally far betterxat e
pressing how a particular person looks than is a linguistic description. The
second reason is to do with the properties ofréogpientof the informa-

tion represeted, perceptual, cognitive, and otherwise. For instance, since
the blind do not have access to the medium of light, we primarily use the
acoustic and haptic media to represent information to the blind. But again,
since different modalities differ in expsigeness, we need all the madal

ties we can implement for information representation for the blind, such as
speech and Braille test for linguistic information, haptic images, etc. Even
if two particular representations are complete@ivalentin informaion
content and instantiated in tlkamemedium, the human perceptual and
cognitive system works in such a way that each of the representations may



be preferable to the other depending on the purpose of use. For instance, if
we want a quick overview of tnels in a dataset, we might use, e.g., a static
graphicsbar chart but if we want to study the details of each data point,
we might prefer to look at an informationally equivalent static graghics
ble showving each data point.

As the above examples suggeseé may actually have to reckon with a
considerable number of different modalities.

2.2.2.3. Input and Output Modalities

Given the considerable number of different modalities there are, it is good
practice to specify if some particular modality isiaput modality or an
outputmodal i ty. For i nstance, what i s
phrase does not reveal if the system takes speech input, produces speech
output, or both, although these three possibilities are very different from
one another and circumscribery different classes of systems. By trad
tion, we say that, during interaction, thserproducesnput modalitieso
the system and thgystenproduceoutput modalitiego the user. And the
point is that, for many multimodal systems, the set of inpodatities is
often different from the set of output moidias.

Another important point about input and output modalities is that we
can form the abstract concepts of (i) the clasallgbossible input modal
ities that can be generated by humamsl (ii) the class ofll possible ot
put modalities that can be perceived by humdargese two classes are
asymmetricalThis follows from the limitations of the human sensorg-sy
tem as a whole both as regards the physical media it is sensitive to and its
biologically determined sensory thresholds. Computers, on the other hand,
can be made far more discriminative than humans on both counts. Co

puterscansense-Xays and ot her exotic fArays?o

radar, nfrared, ultraviolet, ultrasound, voltagmagnetic fields, and more;
can sense mechanical impact better than humans do; and might become
capable of sesing molecularchemical stimuli better than humans do. This
means that computers: (i) have more input modalities at their disposal than
humans hve; (i) have or, in some cases, probably will get, far lessaestri
tive sensory thresholds for perceiving information in some particutar m
dalities than humans; and (iii) can output information that humansare i
capable of perceiving. This is useful fateractive systems design because
it allows us to think in terms of, e.g., human interaction with a magnetic
field sensing applaion which no human could replace.

This point about input/output modality asymmetry raises many iriteres
ing issues which, hogwer, we shall ignore in the following. Let us simply
stipulate that we will only discuss multimodal interactionni@ximum

ispok
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symmetrical conditions,e., we will discuss multimodal input/output-i
teraction based on the physical media humans can perceive #me &-
tent that humans can perceive information instantiated in those media.

2.2.2.4. Unimodal and Multimodal Interactive Systems

We can now define a multimodal interactive system.

4. A multimodal interactive system a system which uses at least two
different nodalities for input and/or output. ThugM1,0M2 , IM1,
IM2, OM1 and IM1, OM1, OM2 are some minimal examples of
multimodal systemsl, meaning inputO output, andMn meaning a
specific modalityn.

Correspondingly,

5. A unimodal interactive systeim a ystem which uses the same single
modality for input and output, i.eIlMn, OMn .

An overthe-phone spoken dialogue system is an example of a unimodal

system: you speak to it, it talks back to
are a Braille text input/oput dialogue or chat system for the blind, or a
system in which an embodied agent moves a

movements. There are lots more, of course, if we make creative use of all
the modalities at our disposal. Still, the class of potentialimodtal s\s-

tems is exponentially larger than the class of potential unimodal systems.
This is why we have to reckon with a quasiimited number of new ot

dality combinations compared to the GUI age.

2.2.2.5. Why GUIs are Multimodal

It is probably obvious by now wh@UI systems are multimodal: standard
GUI interfaces takdnaptic input and presengraphicsoutput. Moreover,
both the haptic input and the graphics output involves a range of individ
ally different modalities.

2.3. Which Modalities are There?

Given the definibn of amodality of information representaticas a way

of representing information in a particular physical medium, and given the
limitations of human perceptual discrimination we have adopted as a frame
for the present discussion: which and how manytgnd output modal

ties are there? From a theoretical point of view, we would like to be able
to: (i) identify allunimodalor elementary modalities which could be used
to build multimodal interfaces and enable multimodal interaction; (ii)



group modalitis in one or several sensible ways, hierarchically orrethe
wise; and (iii) provide basic information on each of them.

From a practical point of view in design, development, and evaluation,
we would like to have: (iv) a practical toolbox of all possible wdal in-
put/output modalities to choose from; (v) guidelines or something similar
for which modality to use for a given development purpose; and (vi) some
form of generalizatioror extension from unimodality to multimodality.

If possible, the contents dfi¢ theory and the toolbox should haveivar
ous properties characteristic of scientific theory, such as being: transpa
ently derived from unambiguous first principles, exhaustive, -well
structured, and empirically validated. We do, in fact, have much of the
above inmodality theorya first version of which was presentad[6] .
Modality theory will be briefly presented in this section. Other fragments
contributing to the desiderata listed above, as well as fragments missing,
arediscussed in the final section of this chapter.

2.3.1. Deriving a Taxonomy of Input/Output Modalities

Table 1 shows a taxonomy of input/output modalities. The scope of the
taxonomy is this: it shows, in a particular way to be clarifiedriy, all
possible modalities in the three mediago@phics, acousticsand haptics

which are currently the alominant media used for exchanging infarm

tion with interactive computer systems. Following the principleyoifine-

try introduced above, theaxonomy only shows modalities that are pprce
tible to humans. The taxonomy is claimed tocbenpletein the sense that

all possible modalities in those media are either shown in the taxonomy or
can be generated from it by further extension downwards fnengéneric
level. What this means will become clear as we proceed.

The taxonomy is represented as a tree graph with four hierarchical levels,
called super level generic level atomic level and subatomic level re-
spectively. The seconéhighest(generic)level is derived from basic pri

ciples or hypotheses. For the detailed derivasee|7] . In what follows,

we sketch the general ideas behind the derivation in the form of a meaning
representation treéigurel) and then describe the taxonomy itself.



Table 1. A taxonomy of input and output modalities

Super level

Linguistic mo-
dalities

Analogue
modalities

Generic Level

1. Sta. an. graphic &-
ments

2. Stadyn an. acoustic
elements

3. Stadyn an. haptic ee-
ments

4. Dyn. an. graphic

Atomic level

4a. Sta-dyn. gest. ds-

course

4b. Sta:dyn. gest.lab.
4c. Sta-dyn. gest. noa-

tion

Sub-atomic level

5al. Typed text

5a2. Handwrit text

5a. Written text

5b1. Typed lab.

5. Sta. noran. graphic

6. Sta-dyn. non-an.
acoustic

5b. Written lab.
5c. Written notation

6a. Spoken décourse

6b. Spoken lab.

6c. Spoken nodtion

7a. Haptic text

7. Sta-dyn. non-an. haptic

8. Dyn. nonan. graphic

7b. Haptic lab.

7c. Haptic notation
8a. Dyn. written text
8b. Dyn. written lab.

8c. Dyn. written nota-

tion

8d. Sta-dyn. spoken
discourse

8e. Sta-dyn. spoken
lab.

8f. Sta-dyn. spoken
not.

9. Static graphic

10. Sta-dyn. acoustic

9a. Images
9b. Maps

9c. Compos. dagrams

9d. Graphs

9e. Conceptual da-
grams

10a. Images
10b. Maps

10c. Compos. digrams

10d. Graphs

10e. Conceptual da-
grams

5b2. Handwrit lab.
5cl. Typed not.
5c¢2. Handwrit not.

Legend

an = ardlogue
dyn = dynamic
gest= gesture
lab = labels
/keywords

non-an = non
analogue

not = nofttion
sta = static
writ = written



11. Sta-dyn. haptic 11a. Images
11b. Maps
11c. Compos. digrams
11d. Graphs

11e. Conceptual da-
grams

12. Dynamic graphic 12a. Images :sLi%)ill Facial expre-
12b. Maps 12a2. Geture

12c. Compositional
diagrams

14. Sta-dyn. acoustic 12d. Graphs

13. Static graphic 12a3. Body ation

Arbitrary mo-

dalities 15. Sta-dyn. haptic 12e. Conceptual di-

grams
16. Dynamic graphic

17. Static graphic
Exp||c|t struc- 18. Sta:dyn. acoustic
ture modalities 19, Sta-dyn. haptic

20. Dynamic graphic

2.3.2. Basic Concepts

The taxonomy assumes that, within its scope, the meaning of physically
instantiated infamation to be exchanged among humans or between h
mans and systems, candaegorsedas belonging to one of the categories
shown inFigurel.



Scope: graphic, acoustic and haptic representation

Existing standard (literal, conventional) meaning represen-
tation, whether statically or dynamically represented

Linguistic, defined through compositionality, abstraction
focus, interpretational scope and lack of similarity to
what iz being represented;

Analogue, defined through similarity to what is being
represented, lack of compositionality, lack of abstraction
focus, lack of interpretational scope;

Explicit structures, defined through explicit separation
between representations.

Arbitrarily assigned meaning, defined through ad hoc
assignment of meaning to any token in any modality

Non-standard meaning, defined through some
function operating over

Wetaphor: representing target domain through analogy
with source domain;

hletonym: representing a complex entity through part of it.

Figure 1. Varieties of meaning representation.

Figurel says that, at this stage, modality theory addresses meaping re
resented in graphics, acoustics and haptics, and that meaning represent
tion is eitherstandard in which case it is either linguistic, analogue »r e
plicit structurespr arbitrary; or meaning ision-standard in which case it
can be viewed as a result of applying some function, such as the functions
used to create metaphorical or metonymic meaning. We now briefly e
plain and illustrate each concept in the meaning reptaton tree.

Standard meaningis (i) shared meaning in some (subulture.Shared
meaning is basic to communicative interaction because it allows ug-to re
resent information in some modality in an already familiar way so that
people in our (sud culture will understand. Secondly, (ii) standard mea
ing is opposed to (shared but) rstandard meaning as explained below.
Words in the vocabulary in some language, for instance, have standard
meanings which are explained in dictionaries and thesauri. An infage
computer would not havdat meaning to Neanderthal man.

Static/dynamic: static representation is not defined in physical terms
but, rather, as that which the recipient can perceptuafyeict for as long
as it takes, such as a GUI output screehlirking icon, or an acoustic



alarm which must be switched off before it stops. Dynamic representations
do not allow this freedom of perceptual inspection, such as a ringag tel
phone which may stop gmg at any moment.

Compositionality is a standard caept in linguistic analysiscaording
to which linguistic meaning can be viewed, by way of approximation, at
least, as built ruldy-rule from syntax tsemanticq8] . For instance, the

sentence fAMary | bismeyandlsgstemadically shangasi | t i n t
meaning if the word order is reversed, as i
Abstraction focusis the ability of language to focus meaning repnese

tation at any | evel of abstraction. I f we

t h e sthisid perfedily meaningful even though we are not told things
like who she is, how she looks or walks, what the stairs and their sdfroun
ings look like, or whether or not the stairs go straight or turn right or left.
Language can do that.

Interpretatio nal scope:to continue the previous example, what we
tend to do when reading the sentence is to construct our own (analogue,
see below) representation. My representation may be very different from
yours and none of the two are substantiated by what tHardtie se-
tence about the woman walking down the stairs actually says. This is i
terpretational scope: we are both Arighto
meaning of the sentence goes. For more about interpretational scope and
abstraction focussee[9] . By contrast to these properties of linguistip-re
resendtion,

Analogue representationis defined through similarity between a repr
sentation and what is being represented. A drawing of a cow more or less
resembles a cowv if not, we have the right to ask if what is being espr
sented in the drawing is really a cow. However loedi c owo ( Ger man :
Kuh, French: vache, Danish: ko) does not resemble a cow at all. Both the
drawing and the word in some language are representasithes than the
real thing, of course, the difference being that the drawing anafogue
representation whereas the second, linguistic representatiamoris
analogue

Modality theory also deals with more tenuous analogue relationships
than those of photrealistic images to what they represent, sucheas b
tween a line diagram and whatepresents, or between the chidicks of
a Geiger counter, or the acoustic signatures of the sonar, andhekat
represent.

Explicit separation: this notion may not lok much because it deals
with what we often do when creating, e.g., tables or matrices. All we do is
separate columns and rows using more or less straight lines. This is often
very useful for separation and groupingpgses, however, and GUIs, for
instane, are full of explicit structures in windows using multlayered



explicit structures, in putlown menus, etc. However, explicit structures
are also useful in other modalities, such as when we use a beep to mark
when the user can speak in Agargein spoken dialogue systems, or, in
particular, in haptics for the blind because the blind do naturally grioup o
jects ata-glance as the seeing do. Gemfouris used to support perceptual
grouping inTablel.
Ad hoc assignment of meaing: spies, for instance, always did that to
avoid that anyone else could understand their communication; kids do it
when playing the game of having to say
vice versa until you flunk it; and we all do this when, e.g., usiidface,
italics, font size, and other means to assign particular-¢hared) maa
ings to text items. If an ad hoc assigned meaning catches on, which is what
happens when new phenomena get an accepted name in a language, it b
comes standard meiag.
Non-standard meaning function: although we tend not teealize hu-
man communication is shot through with retandardneaning[10] . The
reason we tend not tealizeis that, e.g., metaphors which began thai ¢
reer as new creativieventions tend to becormiead metaphorkke when
we speak of the Ashouldero of a mountain o
Once dead, it takes a special focus to retrieve their origin and the words
just behave as conventional standard meanings, like @Glisese cha
ters which began their career as analogue signs. Typologies ef non
standard meaning typically view each type of#stemdard meaning agb
ing created from standard meaning through application of some particular
function, such ametaphofi eg . , iHe bi usimganalbggwith o p 0
water cooling in a car; ometonomyi e . g . , AiThe White House is
st at ement i ssiagythenfamiliar physical entity of The White
House agart-representingthe-wholefor the executive branch of the US
govenment).
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2.3.3. Modality Taxonomy

The modality taxonomy is derived from the definitions and distinctions i
troduced in the previous paragraph. More specifically, the relationship b
tweenFigurel and the taxonomy imablel is as fdlows:
First, Figure 1 introduces a set of orthogonal distinctions which are
aimed to capture the core of what it is to represent information in the
physical media scoped by the theory, i.e., graphics, acoustics and haptics.
Secadly, based on those distinctions, simple combinatorics mostly a
count for the der igerericileeehAll atifer taxd-e t ax onomyo6s
omy | evels are generated from the generic



refers to the fact that, since the goabefivation is to arrive at a practical
toolbox of unimodal modalities which is reasonably intuitive to usenby i
teractive systems developers, sofusionsof otherwise separate derived
categories have taken pla¢é] . Howeve, these fusions are all reversible,
and simply so, should future multimodal interactive systems development
proceed in novel ways. A typical indicator in the taxonomy that such a
pragmatic fusionhas taken place is the definition of a modality as
static/dynamic gta-dyn. in the taxonomy table), meaning that there is cu
rently no useful point in maintaining separate modalities for static ynd d
namic representations of the kind specified.

Thirdly, the taxonomy does not distinguish betwstandard meaning
and nonstandard meaninglerivationsfrom standard meaning represent
tions. In fact, it cannot because these are physically indistinguishable. The
desktop metaphor representation, for instance, is a 2D static graphics plane
with analogue icons, labels/keywds, explicit structures used for conspo
ing windows and other structures, etc. The fact that this representation is
intended by its designers to serve as a metaphor is due to its desighred sim
larity with an ordinary desktop. We might describe 1stendardneaning,
being derived from standard meaning, as a sort of third dimension relative
to the 2D taxonomy. Had the taxonomy been 3D, you would have the
desktop metaphor stretching out in the third dimension from the modality
analoguestatic graphic image(9a).

2.3.3.1. Taxonomy Levels

Before we walk through the taxonomy | evels
mind to unconventionain order not to miss its richness. Consider that,
among many other things, physically instantiated representations may be
either1D, 2D or 30 that analogue images, diagrams, graphs, etc., can be
acousticor haptic and not jusigraphic and thatime, as well as the pse
ence or absence aber controlof what is being represented, is essential to
the distinction between static and dynamic regméstion. An animatedht
terface character (or agent), for instance, is a (2D or 3D) analogue dynamic
graphic (12) image (12a) whose modalities are facial expression (12al),
gesture (12a2) and body action (12a3). And what might an acoustic co
positional digram be used for (10c)?

Super level: since the taxonomy is generated from standarchingaat
the generic levelthe topsuper leveimodalities only represent one among
several possiblelassificationsof the derived generilevel modalities. The
actual chssification in the figure is in terms figuistic, analogue arbi-
trary and explicit structuremodalities, respectively. However, it isrpe
fectly possible and straightforward to-ckassify the generic level modal



ties in terms of, e.g., the underlyingedia, getting a super level consisting
of graphics acousticsand haptics respectively, or in terms of the static/
dynamic distinction. The contents of the taxonomy vathain unchanged
but the structure of the tree will be mfied.

In the taxonomy shomw above, supelevel linguistic modalitiesrepre-
sent information in some natural or formal languagygalogue modalities
represent information by providing the representation with some amount of
similarity with what it representg\rbitrary modalitiesare representations

which get their meaning assigned ad hoc when they are being introduced.

Explicit structure modalitiestructure representations in space or time, as
when information is structured and grouped by bexikin-boxes in a
GUI window.

Generic level: relative to the super level, the generic level expands the
super level modalities by means of distinctions between static and dynamic
modalities, and between the three physical media. Looking at the generic
level modalities, it is hard to avoid naiig that, in particular, many, if not
all of the linguistic and analogue modalities are rather unfamiliar in the
sense that we are not used to thinking in terms of them. This is true: they
are theoretically derived abstractions at a level of abstractichwnost

of us wvisit quite infrequently. It 6s

furniture instead of in the familiar terms tables, chairs and beds. In general,
the atomielevel modalities are very different in thisspect.

The reader may alswote that the generevel arbitrary modalties and
explicit structuremodalities are not expanded at the atomic level. Thae re
son is that, at this point, at least, no additional distinctions seem to be
needed by developers. If further distinction becomesded, they can
simply be added by expanding thosedalities, i.e., one, several, or all of
them, at the atomic level. Similarly, the first three numbered modalities at
generic level, i.e., the graphic, acoustic, and hagtialogue linguistic
elementsremain unexpanded. This is another example of pragmatic f
sion. The modalities themselves cover possible languages in all teree m
dia which use analogue elements, like hieroglyphsrmamatopoeticfor
linguistic representation. It would seem slightly towed today to attempt
to revive the analogue origins of the elements of many existing languages,
which is why all discussion of languages in modality theory is done within
the caggories of noranalogue linguistic representation.

Sub-generic levels:there are potentially an unlimited number of sub
generic levels of which two are shown in the taxonomy in Table 1. The
important point is that, in order to generate modalities atgsuieric le-
els, the definitions and distinctions Kigure 1 are no longer sufficient.
This means that all generation beyond generic level must proceed by esta
lishing and validating new distinctions.

k e



Atomic level: relative to the generic level, the atomic level expands
parts of the taxonomy tree based rew sets of distinctions that can be
easily read off from the taxonomy tree. The distinctions are deifingd .

While the linguistic and analogugnericlevel modalities are generally
less familiar to our natural or proygical conceptualization§l1] of in-
formation representation, their descendant modalities at atomic level are
generally highly familiar. This is where we find, among many other m
dalities, GUI menu labels/keywords (5b), spoldiscourse (6a), Braille
text (7a), sign language (43, and various static and dynamic analogue
graphic representations, all thoroughly faari However, several of their
corresponding acoustic and haptic sisters, though potentially very useful,
are les familiar and may be viewed as products of the generative poser of
the taxonomy.

Sub-atomic level: in the taxonomy inrable 1, only a few segments of
the taxonomy tree have been expanded aiasoimic level. The top right
hand coner shows expansion ofasic written text labels/keywordsand
notation (5ac) into their typed and hanadlritten varieties, respectively.
This is a rather trivial expansion which is there primarily to show thre pri
ciple of downwards tree expansion oih@ subatomic level. We are all
familiar with the difference it makes to both users and the system if they
have to read handritten text as opposed to typed text.

In the lower righthand corner, thelynamic graphic imagenodalities
are expanded into theonspeech, natural interactive communicatioa-m
dalities of visiblefacial expression(nonsignlanguageyesture andbody
action (12a%3). This distinction is argueith [12] ). If the animated inte
face agent also speakss imultimodal information representation i% i
creased even more lagousticspeechmodalities (6ac) and vsual speech
modalities, i.e., mouth and lip movements during speeci)(8d

It seems clear that the salomiclevel expansions of the modalityxta
onomy tree shown above are incomplete in various ways, i.e., multimodal
interactive system developers need additional modality expansions based
on the atomic level. The important point is that everyone is free to expand
the tree whenever there is a need. atthor would very much appreciate
information about any expansions made and as well as how they have been
validated.

Below subatomic level:here are a couple of examples of highly desi
able taxonomy tree expansions at-sub-atomic level. Athough we st
donét have a single complete, generally ac
all different types of (nosign languagegesture(12a2), there is conside
able agreement in the literature about the existence of, at least, the follo
ing handarm gesture modiks, cf. [13]:



12a2a deictic gesture
12a2b iconic gesture
12a2c metaphoric gesture
12a2d emblems

12a2e beats (or batons)
12a2f other

We use the standard expedient of corpus a
category forgesur es whi c h d o n-0pon cétegoriesithuse f i ve agr e
explicitly marking the gesture modality scheme as being under gevelo
ment. Similarly, if there were a stable taxonomy flacial expression of
emotion it would constitute a set of stgdub-atomic modalities expanding
facial expression(12a3).

2.3.3.2. Some General Properties of the Taxonomy

In this and the following section, we list a number of properties of te ta
onomy of input/output modalities and of the modalities themselves, which
follow from the disassion above.

Unlimited downwards expansion.The taxonomy tree can be expanded
downwards without limitation as needed, dyalyzing defining, and val
dating new distinctions that can serve as basis for downwards expansion,
as these become relevant in mdive systems design, development and
evaluation. Conversely, this is also why some parts of the tree have not
(yet) been expanded beyond the generic level, i.e., the arbitraryxand e
plicit structure modalities, or the gesture modality.

Property inheritance. The taxonomy shows that modalities carabe-
lysedand described at different levels of abstraction. We do this all the
time when working with modalities but may not be used to thinking about
what we do in these terms. It follows that the taxonomyleisaproperty
inheritanceFor instance, we casnalyzethe linguistic modality quite ga-
erally at super level, discovering the general properties of linguigiic m
dalities we need for some purpose. Having done that, these properties get
inherited by allinguisticmodalities at lower levels. Thus, e.gpoken -
course (atomic level) inherits all properties of the sujmrel linguistic
modality as well as the more detailed propertieaaafustic linguistiaep-
resentation (generic level). Haviragnalysedthe parent properties, all we
need to do toanalyzethe spoken discoursenodality is toanalyze at
atomic level, the new emergent properties of spoken discourse at this level.
The origin of these emergent properties is clear fi@ile 1: i tés the di
tinctions which enabled expansion of gendeiel node 6 I{nguistic



static/dynamic noranalogue acoustidgnto atomielevel node 6agpoken
discoursg, i.e., betweenliscoursetext labels/keywordsndnotation

Completeness at geeric level. The taxonomy is claimed to beroe
pleteat generic levefor the three media it addresses. No disproof of this
claim has been found so far. However, the taxonomy is not complete at
lower levels and might never be in any provable sense.

2.3.3.3. Some Gen eral Properties of Modalities

Modalities and levels of abstraction:it seems clear that unimodal
modality, i.e., a type of information representation in some physieal m
dium, is always being thought of at some specific level of abstraction.
Since the ta@nomy makes this very clear, it might act as a safeguard
against common errors of ovgeneralizationand undeispecification in
modality analysis.

Enumerability: modalities can only be finitely enumerated at generic
level, and to do that, one has to galbao their derivation prior to the
pragmatic fusions done in the taxonomy showitable 1. This is of little
interest to do, of course, but, otherwise, it would always seem possible, in
principle, to create and validate nevgtiictions and hence generate new
modalities at sugeneric levels. In practice, though, there is a far more
important question of enumeration, and this one will always have a-rough
andready answer determined by the state of the arthiosv: many diffe
ent unimodal modalities do we need to take into account in interactsse sy
tems design, development, and evaluation for the time being?

Validation: modalities are generated through distinctions, and these di
tinctions are more or less scientifically validastda given time. The pr
mary method of validation is to apply a set of generated categoriegto ph
nomena in data corpora and carefuligalyzethe extent to which the
categories are able to account for all observed phenomena botls-exhau
tively and unambigously.

2.3.4. Information Channels

The notion of an O6i nf or magraineddevet hannel 6 mar
of modality theory and the level at which the theory, when suitablyl-deve
oped beyond its current state, links up with signal processing in potentially
interesting ways.
Since a modality is a way of representing information in a physieal m
dium, we can ask about the physical properties of that medium wizikh
it possibleto generate different modalities in it. These properties are called



information channel In the graphics medium, for instance, basic inform
tion channels include shape, size, position, spatial ooddour, texture,

and time. From these basic properties, it is possible to construct -higher
level information channels, such as a particulant fiype which is ult
mately keing used to represent thged teximodality.

Thus, information channels are the mesliecific building blocks
which define a modality in a particular medium. For instance, we could
easily define astatic graphicblackandwhite imagemodality at atomic
level (could be the new modality 9alTiablel) and define its difference
from modality static graphiccolourimage(9a2) by the absence of the i
formation channetolour. In another example, the FAC the Facial -
tion Coding System http://faeend-emotion.com/datafa
ce/facs/description.jsystarts from the fact that facial expression is being
generated by some 50+ facial muscles used in isolation or in combination
to form facial exprssions of our mantal and physical states, and specifies
Action Units (AUs) for representing the muscular activity that produces
momentary changes in facial appearance. The possible contraction patterns
of the muscles are the information channels with which FACS operates.

2.3.5. Interaction Devices

Knowledge about modalities and multimodality is about how abstnact i
formation is, or can be, physically represented in different media and their
information channels, and in different forms, called modalities. This
knowledge has nothg to do with knowledge abourtiteraction devices

and for good reason, because interaction devices come and go bt modal
ties remain unchanged.

However, and this is the point to be made here, this simply means that
designers and developers must go elseatio solve their problems about
which physical devices to use for enabling interaction using particaar m
dalities. And these problems remain interrelated with the issue of modality
choice. It is often countasroductive to decide to use a particular idgl
for interaction, such as different 3D gesture modalities for input, if the
enabling camera and image processing technologies currently casnot d
liver reliable recognition of those gestures.

2.3.6. Practical Uses of the Theory

At this point, we have addreské¢hree of the six desiderata listed at the
start of the preserilodalitiessection, i.e.: (i) identify alunimodalor eke-
mentary modalities which could be used to build multimodal interfaces



and eable multimodal interaction; (ii) group modalities in amreseveral
sensible ways, hierarchically or otherwise; and (iv) a practical toolbox of
all possible unimodal input/output modalities to choose from. Thisaargu
bly, is quite useful in practice because it enables us to know whictounim
dal modalities therare in the three media scoped by the theory, how they
are hierarchically interrelated, and how to decompose any multimqeal re
resentation into its constituent unimodal modalities. Issue (iii) on basic i
formation on each modality goes beyond the scopaefptesent chapter
but will soon be available at www.nislab.dk in the form of clickable ta
onomy trees proding access to basic information on each modality.
Equally clearly, however, a practical toolbox of modalities to choose
from would be far more usdf if it came with information aboutvhich
modality to choose for which purposeinteractive systems development.
This takes us to desideratum (v): guidelines or something similar for which
modality to use for a given development purpose, or what miglealted
the issue omodality functionality

2.3.6.1. Modality Functionality

The issue about tHfanctionalityof a particular modality lies at the heart of
the practical question about which modality or which set of modalities to
use for a given development pugeo As it turns out, modality functioiRra

ity, and hence modality choice, raises a whole family of issues, i.e.:

e is modality M(a) useful or not useful for development purpose P?

¢is modality M(a) more or less useful for purpose P than an alternative
modality M(b)?

¢ is modality M(a)in combination withmodalities M(c, c+1, ...c+n) the
best multimodal choice given purpose P?

Moreover, it must be taken into account if modality M(a) is considered
to be used foinput or outputbecause this may strongly affect greswers
to the above questions.

Far worse, even, as regards the complexity of the modality choibe pro
lem which we can now see emerging, is the fact that, in interactive systems
design, development, and evaluation, development purposmlierently
highly complexIn [5] , we argue that P unfolds insetsof component a-
rameters each of which hassetof possible values, of the followingeg
neric parameters:

e application type

e user

e user group (user population profile)



e user tak or other activity
e application domain

e Use environment

e interaction type

e interaction devices

Now, if we multiply such multiple sets of development purpsisecific
values by the modality function questions abawe by the sheer number
of unimodal modaligs in our toolbox, we get a quasfractable theorét
cal problem. Furthermore, intractability is not just due to the numbers i
volved but also to the fact that many of those sets of componentgsaram
ters and their sets of values are likely to remaidedfined forever.

Still, we needpractical answergo the question about which modalities
to use for a given development purpose. When, after many failed attempts
to make modality theory directly applicable, we finally discoveredrhe i
tractability problem jst described, we identified (functionathodality
propertiesas the primary practical contribution which modality theory can
make.

2.3.6.2. Modality Properties

Modality properties are functional properties of modalities witichra-
terize modalities in terms thatre directly relevant to thehoice of in-
put/output modalities in interactive systems design, development, and
evaluation.

To study the potential usefulness of modality properties, we made a
study[14] of all speech functionél claimsmade in the 21 paper cotr
butions on speech systems and multimodal systems involving spoken i
teractionin [15] . In this and a followup study which looked at a cress
section of the literature on speech and muldality 19931998 [16] ,

[17] , we analgeda total of 273 claims made by researchers and develo

ers on what particular modalities were good or bad for. An example of
such a cl ai m ccanmands ate eisablefirSfightek aakpits
because the pilot has hands and eyes occupied and speech can be used
even in headsip, handoccupi ed situations?o. |t
95% of those claims could be evaluated and either justified, supported,
found to have problems, or rejected by reference to a relatively smaill nu

ber of 25 modality pnoerties. These are exemplifiedTable2.

Regarding the modality properties listedTiable 2, it is impatant to
bear two points in mind in what follows: (i) the listed modality properties
are selected examples from the longer list of properties made to evaluate
those 273 claims made in the literature; and, more importantly, (i) that

turned



longer list was madedely in order to evaluate those 273 claims. So the
list does not have any form of theoretical or practical closure but simply
includes the modality properties which happened to be relevant far-eval
ating a particular set of claims about speech functigndtit other words,
modality theory has more to say about speech functionality, and far more

to say about modality functionality in general, tiable?2.
Table 2. Modality properties.

No. Modality Modality Property

MP1  Linguistic in- Linguistic input/output modalities have intergret
put/output tional scope. They are therefore unsuited for speci

ing detailed information on spatial mauiation.

MP3  Arbitrary i n- Arbitrary input/output modalities ingse a learning
put/output overhead whichnicreases with the number of arb

trary items to be learned.

MP4  Acousticin- Acoustic input/output modalities are omniditienal.
put/output

MP5  Acousticin- Acoustic input/output modalities do not require liml
put/output (including haptic) or visualdivity.

MP6  Acousticoutput Acoustic output modalities can be used to achieve

liency in lowacoustic enviroments.

MP7  Static graphics  Static graphic modalities allow the simultaneoys re
resentation of large amounts of infotima for free
visual inspection.

MP8  Dynamic output Dynamic output modalities, being temporal (serial
and transient), do not offer the cognitive atages
(with respect to attention and memory) of freedom
perceptualnispection.

MP11 Speechn- Speech input/output modalities in native or known

put/output languages have very high saliency.

MP15 Discourse ot- Discourse output modalities have strong rhetorical
put potential.

MP16 Discourse n- Discourse input/output modalities are sfton-
put/output depeneént.

MP17 Spontaneous Spontaneous spoken labels/keywords and discour
spoken labels/ input/output modalities are natural faurhans in the
keywords and sense that they are learnt from early on (by most .
discourse n- ple). Note that spontanesleywords must be disti
put/output guished from designetesigned keywords which are

not necessarily natural to the actuséns.

MP18 Notation in- Notation input/output modalities impose a learning

put/output

overhead which increases with the number of item



be earned.

Now back to those studies. Moreover, even though (i) speech i mult
modal combinations was the subject of only few claims in the first study
which evaluated 120 claims, and (ii) there were many more claims about
speech in multimodal combinatioisthe batch of 157 claimasnalysedin
the second study, the number of modality properties used in claimaevalu
tion only went up from 18 in the first study to 25 in the second study. The
reason why these numbers are potentially significant isvibdglity prop-
erties may remain tractable in number while still offering significamt su
port to interactive systems designers, developers and evaluators.

This likely tractability may be contrasted with several other familar a
proaches. On is th&rict experimerglist approach in which a careful,»e
pensive, and timeonsuming study may conclude, e.g., that X % of Y
children, aged between 6 and 8, the group being normal in its distribution
of English speech and manual dexterity skills, in a laboratory settimgy usi
a map application, were found to stumble considerably (and here we get
tables, numbers and percentages) in their speech articulation when they
used speech to indicate map locations, whereas they found it significantly
easier to use pepointing to inputthe same information. Incidentally,
this short description includes values of all the generic parameters d
scribed in the previous sectionBut what does this result tell practitioners
who are specifying a different application, with different userd aser
profiles, for a different environment, for a different task, and using pa
tially different input devices? The answer is tha¢ d o n 6Modaktyn o w
property MP1 inTable 2, on the other hand, directly says that speech is
unsuited for specifying detailed spatial information. Furthermore, MP1
does so without even mentioning speech. Instead, if relies on property i
heritance from linguistic representation of information in general.

Another contrasting approachgsidelines dthe ifthen type An if-then
guideline might say, e.g., that if the environment is an office environment,
if the person is alone in the office, and if the person is not a fast typist, then
speech dictation might be considered as an alternative to typhig.
guideline is nice and concrete, it might be true, and it might be helpful for
someone who develops office applications. The problem is tractabéity, b
cause how many guidelines would we need of this kind? Clearly, we
would need a catastrophic numioéiguidelines.

On the other hand, modality properties come at a price to be paid in
natural intelligence. It is that they focus on the modality itself and i{spro
erties, rather than mention values of the parameters listed in the previous
s ect i on hy nbdaky pdoperti®s are comparatively economical in
number: they leave it to the natural intelligence of developers to apply



them to the parameter values whidtaracterizeahe development project
at hand. Arguably, however, there seems to be a raitial but important
point here, i.e., if we want to know what a modality is or is not suited for,
we need to understand, first of all, tilormation representation prope
ties of that modality. So it would seem to be a likely prediction that the
more us&l a guideline is for guiding modality choice in practice, the
more it resembles a statement of a modality@riy.

2.4. Multimodal Information Representation

Modality theory is fundamentally about thmimodal modalities that, as
building blocks, go into # construction of multimodal information repr
sentation. Before we look into the process of construction, it is useful to
briefly discuss the advantages offered by the growing numben-of i
put/output modalities that are becoming available.

2.4.1. Advantages of Mul timodality

Sinceno two modalities are equivalerall modalities differ amongst each
other, as we have seen, in terms of their individual combination ofsexpre
sive strengths and weaknessesl their relationship with the human pe
ceptual, cognitive, emathnal, etc. system. The central implications are that
the more modalities we can choose from, (i) whéer the range of infe
mationit becomes possible to express as input or output; and (ii) the higher
our chances become of identifying a modality comlimatvhich has a
suitable, if not optimal, relationship with the human system for at given
applcation purpose.

If we combinetwo or several modalities, we ideally get the sum of their
expressive strengths and are able to overcome the expressive weaknesses
of each of them taken individually. However, it still remains necessary to
make sure as well that the combination is possible for, and acceptable to,
the human users.

Also, the more modalities we have at our disposal as developers, the
more we can develogpplications forll users including people with pe
ceptual, cognitive and other disabilities, people with different degrees of
computer literacy, the 1 billion people who are illiterate, as well as users
with sometimes widely different preferences fdnigh modalities to use.
This is often done byeplacinginformation expressed in one modality by,
practically speaking, the same information expressed in a differeni-moda
ity, like when the blind get their daily newspaper contents read aloud
through textto-speech synthesis.



Given these limitless opportunities, it is no wonder that multimodality is
greeted with excitement by all.

2.4.2. Constructing Multimodality from Unimodal
Modalities

Since we have a theory of unimodal modalities, and, it would apmelar,
beausewe have something like that, it makes sense to view multimodal
representation as something which carctestructedrom unimodal re-
resentations, analogous to many other constructive approaches in $cience
from elements to chemistry, from words tngences, from software tec
niques to integrated systems.

This view is sometimes countered by some who do not use modality
theory, by an argument which goes something like this: the whole point
about multimodality is to create somethiegtirely new Whenmodalities
are combined, we getew emergent propertied representations which
cannot be accounted for by the individual modalities on their own. Now
unless one is inclined towards mysticism, this argument begs the question
about whether and to which texit multimodal combinations can bea-
lysed or even predicted, as resulting from an ultimately transpareot pro
ess of combining the properties of unimodal modalities and taking tiae rel
tionship with the human system into account. As repeatedly stressed
above, this process is provably a very complex one in general, but so is the
field of synthetic chemistry.

In the remainder of this chapter, we introduce some distinctionslar o
to approach the issue of multimodal construction and remove some of the
mystry which still seems to surround it.

2.4.3. Linear Modality Addition and Replacement

Let us define a concept of modalities which cancombined linearlyso

that the combinatiomheritsthe expressive strengths of each modality and
does not cause any significamegativesideeffectsfor the human system.

It is very much an open research question which modalities cannpe co
bined in this fashion and under which conditions. However, to the extent
that modalitiescan be combined linearly, it is straightforward tgeuthe
modality properties of the constituent unimodal modalities to describe the
properties of the resulting multimodal representation. The modalities si

ply add up their expressive strengths,

examples.

and



2.4.3.1. Modality Comple mentarity

In a first, nonrinteractive example, we might takestatic graphicpiece
of textdescribing, say, a lawnmower, and adstatic graphic imagef the
lawnmower to it, letting the text say what the lawnmower can do and how
to use and maintain iand the picture show how it looks. For good mea
ure, we might throw in atatic graphiccompositional diagranof the
lawnmower, shaing its components and how they fit together, and eross
reference the dgram with the text.

In another, interactive, exarap we might put up a large screen showing
a static graphicSudoku gameboard and have users play the game using
spoken numbers and other spoken input keyword comniarodsnbira-
tion with 3D cameraaptured and imaggrocessegbointing gesture input
A numter is inserted into, or deleted from, the gameboard by pointing to
the relevant gameboard square and
seveno or fADelete thiso. A recent
unambiguously that this multimodal inputitput combination works well
both in terms of input/output modality expressiveness and in terms of fi
ting the humarsystem[18] . Modality theory would predict that the sp
ken input keywords (other than the numbers 1 throughi®h are familiar
to all Sudoku players), being desigitlsigned, might cause memory
problems for the users, dfable2, MP 17. However, since there were only
a couple of them in the application, the problems caused wouldebe p
dicted to be minimal, which, in fact, they were. In addition, it would be

easy to put up the Alegal 06 keywords

next to the Sudoku gameboard to solve thélpra entirely.

These two examples are among the classical eleanopgood multine-
dal compoundsthey work well because they use tt@mplementarex-
pressive strengths of different modalities to represent information which
could not easily be represented in either modality on its own. In the first
example, the compleemtarity ia-temporalbecause of the freedom ofsvi
ual inspection afforded by the static graphics. In the second example, the
complementarity isemporalbecause the speech is being used dynamically
and therefore the pointing gestures have to occur aapheopriate time
intervals lest the meaning of the message would be a differeritigrie-
deed, any contextually meaningful message would result at all. In the first
example, since all component modalities are static, the multimoda- repr
sentation causa® working memory problems nor any perceptual @-co
nitive conflicts due to pressure to process too much information at the
same timei indeed, the representation as a whole acts as an external
memory. The second example makes use of a modality comipinetich
is as natural as natural language and is, in fact, learned in the process of

as

an



leaming a natural language. These examples do seem to well illustrate the
notion of linear addition of modalities, i.e., @lining novel expressiveness
without significat sideeffects cognitive or otherwise, through modality
combination.

Good multimodal compounds need not be as simple and as classical as
the examples just discussed. We recently tested the usability of a treasure
hunting game system prototype in whichlad user and a deaute user
collaborate in finding some drawings essential to the survival of an ancient
Greektown [19] . For the blind user alone, the input/output modalities are:
spoken keywords outptd help the blindhavigate the 3D townscape and
its surroundings to find what s/he needsnspeech soundnusical n-
strument output acting as arbitrary codes fordbleursof objects impo-
tant in the gamehaptic 3D forcefeedback outpyproviding the blind user
with dat for navigating the environment, locating important objects, and
building a mental map of the environmeh&ptic 3Dnavigation robot arm
input through which the blind orientates in the environment; lagitic
click notation inputhrough which the blin@cts upon objects important to
the game. The usability test of this system showed that this multimodal
compound worked excellently except for the problem of remembering the
arbitrary designedesigned associations betwearloursand musicaln-
struments, amething which, again, is predicted by modatitgory[18] .

For the purpose of the evaluated game,dbleur problem would disp-
pear if the objects simply described thestourthrough speech rather than
using arbitrary norspeech sounds.

2.4.3.2. Modality Redundancy

Linear addition also often works well in another abstract kind of thoda
ity combination which is often termaddundancy Sometimes it is useful
to represent more or less the same information in two different modalities,
for instance because the information is particularly important or because of
particular values of theseror environmenparameters (cf. above). So, for
instance, we add an acoustic alaffalfle1, 14) to a visual alarriiablel,
13/16) for increased security in a process plant; or we add visual speech
(Tablel, 8d-f) to speech output because the user is-b&ttearing or b-
cause the environment is or can be noisy. The visuakbhpe actuallynot
informationequivalent to the speech but comes close enough forethe r
dundant multimodal representation to provide significant help to users
when the speech is difficult to hear. Again, no significant -sifiects
would be predicted ithese cases.



2.4.3.3. Modality Replacement

In linear modality replacemenibne modality (or a combination ofam
dalities) is replaced by another for the purpose of achieving practically the
same representation of information as before. Again, many examples can
be mationed where this works sufficiently well, such as replasipgken
discoursdor the hearing bgign language discourder the deaf and hard
of-hearing; or replacingtatic graphic written textor the seeing btatic
haptic Braille textfor the blindor hardof-seeing. Yet again, no sigroant
side-effects would be predicted.

It should be noted that several have distinguished other abstract types of
modality combination in addition to complementarity, redundancy, end r
placement, but space does ndvwldiscussion of these, see, ¢[g0] and
[21] .

The conclusion at this point is thatanlarge fraction of cases which
several modalities are combined into multimodal representationsethe r
sulting multimodal representation (i) is largely a straigtfrd addition
of modalities, or a straightforward replacement by fumetily equivalent
modalities, with no significant sideffects upon the human system; and
(i) that the knowledge of uninaal modalities can be used to good effect
in predicting the functionality of the constructed multimodal compound. In
other words, combining modalities can be a straightforward and predic
able process of construction rather than the creation of a magitaiceo
tion with mysterious properties and totally unpredictablecs.

2.4.4. Non-linear Effects, Users, Design Detail, Purpose

However, we now need to return to the huge theoretical complexity of the
general modality choice problem, this time in a multimodatexin

In fact, modality choice complexity is such that we do not recommend
that any novel multimodal combination be launched without thorough u
ability testing. Modality theory can be very helpful in the analysis and
specification phase, suggesting moyattombinations to be used or left
out, predicting their expressiveness and potential problems in relationship
to the human system. But modality theory, however much furthed-deve
oped, cannot guarantee unimodal or multimodal application success. The
aremany, partly overlappingeasons for exercising at#on.

The first reason to be mentioned nenlinear effects For instance,
nothing might appear more straightforward than to add a voledace to
an email system so that the user can access emdilsuivhiaving a static
graphic text interface at hand. This kind of modality replacement is-som
times callednterface migration However, the user soon discovers things



like that the overview of the emails received is gone and not replaced by
any differentmechanism, and that the ddiime information read aloud by

the system is (i) unnatural and (ii) takes an exceedingly long time to listen
to. In other words, while the modality replacement no doubt preserves
formation equivalencesomething has gone wim@rwith the relationship

with the human system. In this case, successful modality replacement is
not straightforward at all because the entire structure of the email aform
tion representation has to be revised to arrive at a satisfactory solution.
Modality theory can tell the developer that, despite their information
equivalencan-practice in the present case, the @sdnated)}textmodality

is fundamentally different from the (situatediscoursemodality, the fo-

mer having a tendency to being far moxpleit and elaborate, as ikd
trated by the lengthy absolute d#éitme information provided in the email

list; and (ii) that speech, being largelgiynamicmodality, does not enable
anything like the information overview provided btatic graphics. Sotte
theory can advise that developers should be on the alert feimean &-

fects and test for them using early magss, but the actual effects just-d
scribed can hardly be predicted due to their detailed nature.

A second reason is thesers From a thegetical point of view,bothin
terms of practical information equivalenaadin terms of the absence of
sideeffects on the human system, it may be a perfect example of modality
replacement to replacgtatic graphic texby static hapticBraille text But
then it turns out that, for instance, only 5% of the blind Danish users know
Braille whereas some 80+% of Austrian blind users know Braille. Given
this marked difference in generic parametser population profilecom-
ponent parametarser background slks, the modality replacement above
might be a good idea in Austria whereas, in Denmark, one would def
nitely recommend replacing static graphic texttbytto-speechinstead.
Modality theory, of course, has no notion of Braille skill differences b
tweenAustrian and Danish populations of blind users. Or, to mention just
one more example, the theory has little to say about the notoriously hard
to-predictuser preferencesvhich might render an otherwise theoretically
well-justified modality addition or reptement useless.

A third reason igesign detail It may be true in the abstract that, for a
large class of applications, the addition of a dynamic graphic animated
human representation adds a sense of social interaction to interastive sy
tems. But this aghntage might easilbe annulled by an animation that
perceived as being unpleasant of character, daft, weird, overly verbese, 0
cupying far too much screen rezdtate for what it contributes to the inte
action, or equipped with a funny voice

A fourth reason is theurposeof adding or replacing modalities. If the
purpose is a more or less crucial one, such as providing blind users with



textto-speech or Braille access to the linguistic modality, this is likely to
overshadow any nelinear effects, spéfic user preferences, or design
oddities. But if the purpose is less essential or inesséngiath as adding
entertaining animations to web pages, sttak to spoken dialogue appl
cations, or arbitrary musical instrument codingcofourswhich couldjust

as well be described through another output modality which is actually
used in the application, such as spoken keywbtthen users are likely to

be far less tolerant to the many other factors which are at play in creating
user sasfaction.
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3.1. Introduction

The signal processing community has shown to be increasigly r
liant upon informatiortheoretic concepts to develop algorithms for a wide
variety of important problems ranging e.g. from awdiual signal pro-
essing to medical imagin@2], [23], [24], [25], [26], [27], [28], [29], [30],

[31]. When comparnig the proposed algorithms, two facts are particularly
surprising. First, the range of practigabblemswhich, are solved with the
fundamentally very compact mathematical concepts of information theory
seem to be very broad and unrelated. For exampleahirtformation is
having a big success in multimodal medical image registration, but has
also been successfully used for information theoretic classification and fe
ture extraction. The second striking fact is that the mathematicalsexpre
sions governinghte final algorithms seem not to Imeuch related, even
though the employed fundamental concepts were identical. For instance in
[22] feature extraction by maximization of mutual information has been
derived from the general cosyt of error probabilities for Markov chains.
On the other hand information theoretic image registration algorithms with
all their different optimization objectivd27], [28], [29], [30] never made
reference to error probabilities or Markov chains.



The main aim of this chapter, largely inspired fr{88], consists
of developing an information theoretic framewddt multimodal signal
processing, closely related to information theoretic feature @xtra
tion/selection. This important relationship will indicate how we can unify
to a large extent multimodal medical image processing, e.g.-omaltinel
segmentation andriage registration, and extend information theoretje re
istration to other features than image intensities. The framework is not at
all restricted to medical images though and we will illustrate this byappl
ing it to multimedia sequences as well.

The chager is structured as follows: First we recall some inform
tion theoretic concepts which build our mathematical framework (section
2). In section 3 we present our framework for multimodal signal pseces
ing which allows to derive optimization objective funcs used in muk
modal medical image processing and to study their mathematical melatio
ships. A short section on genetic optimization (section 4) will build the
bridge to the final section where we show some interesting results in med
cal imaging (sectio 5.1) and multimedia signal processing (secto2).

The discussion section Will wrap-up the results, before concluding in
section 7.

3.2. Some Information Theoretic Concepts

We want to start by recalling some important information theoretic
concepts whichwill be used extensively thereafter. All the presented n
tions are well known and widely used in several fields of information
technology and computer science. We would also like to emphasize that
the random variables throughout this work refer to discrahdom var
ables, except when they are explicitly specified to be continuous.

3.2.1. Stochastic Process and Error Probability

A stochastic process is an indexed sequence of random variables
(RV) with in generalarbitrary mutual dependencig33]. For the specific
case of information theoretic signal processing, we construct the following
stochastic process:
Let us define the discrete random variabésand X°** on the same
set of possibleutcome€2 . Let us also defindN discrete random var

ablesY, on Q_‘ fori= .., resp. We consider the following stosha

tic process:



X> S>> - -, (31)

where in general the transition probabilities are conditioned on all the
previous statesE is a binary RV defined 0iQ_ = , and isl if the

estimation X' of X from Y is considered as an error. This stochastic
process will be the fundamental model of our following developments and
examples.

An important characteristic of equati8tl is the probability oér-

rorP, = = , which equals the expectatiqz  of E:
P= = = + - = . (32)

We can use the conditional probabilities defining the transitioes| -
tion 3.1to write

R=2 2 2 X s e s

XeQ Qe eQ (3.3)

| e et N
If any of the random variables is defined over a continuous-inte
val and is therefore given by a continuous probability density function, the
corresponding sum in agtion3.3 has to be replaced by an integral.

Notice that the error probability?, has a close connection to the

well known concept of signal distortion, as showfi3i2].
It is important to note that so far no hypothesis about the specific
transition probabilities has been set.dTtsi in particular the case for the e

ror variableE : the fact that for exampl&®™ = does not necessarilyni

ply that E = with probability one. This generality might look quitei-art
ficial and inpractical, but we can show that specific hypotheses about the
different stepsn the stochastic process of equatkh, including the last
one, will result in well known mathematical formulas of quantizatiors-cla
sification and multimodal signal proceszif82]. Nevertheless a complete
study of egation 31 would go beyond the scope of this paper. Therefore
we want to restrict ourselves to the case where all the transition probabil

ties of equation3.1 besides the last one afarkovian[33]:
PO L., , = |

Pl o » = | (34)

P(y, |



This implies that the stochastic process
X> S>> - forms a Markov chain. The Mark@n can-

dition is obviously not fulfilled for the last transition probability, as the e
ror probability has at least to depend on the input to the ckand on its

final outputx®™. In what follows, we supposeahthe Markovian corid
tions of egiation3.4 are fulfilled, so that the error probabilitg, becomes

R=2 2 2 X s

x€Q Q| € 0 (3 _5)

| R B

Furthermore we will consider the special case that
P(E=| , ,., , of eqation35 equalsyst P(E= | , |,

i.e. that the error probability of the chain only depends on the relationship
between the input value and its estimated value after having gone though
the chain.

322. Fanods Inequality and the Data Proce
Inequality

The modelproposed in the previous section and in particular the
exact evaluatin of the error probability (equations3.requires knowledge
of all the transition probabilities. Sometimes though we might not hawve a
cess to the data to such a deep extend. Still wd ataleast to apprax

mately estimate the errgrobabilityP, = = . When the process
X> S>> - fulfils the Markovian conditions of eqtion

3.4 and when the probability of error is given By= #* , we
canse an expression Kk fh3d]worcompige akomerod6s i nequal
bound of P, as a function of the input RX and the last transisgion RV
Y, only.

Letussht e Fanods inequality, as we will us
this chapter. LetA—> — be a Markov chain.A (and there-
fore A*") has to be finitely (ocountableinfinitely) valued. Then we have



alower bound on the error probability, = #  that the output

of thechainA®! is not theinputA:

L1/ AN L1/ AN
P> >
€ og|Q - Q

|_1/A\g| h | | | (3'6)
" og|Q |

where|Q | is the number of elements in thengeof A, H(. stands

for the Shannon entropy of one RV ah(.,. for the Shannon mutuah-
formation between a pair of RVs. Therefore for the case of the Markov

chan X—»> —>..—> - as introduced in chap. 2.1 and under
the assumptiothatP, = # , this lower bound is written as
Lis/7wv
P> - (3.7)
©o0g|Q | Q|

There is another very useful inequality which is applicable within
the previously mentioned assumptions: théadorocessing inequalif$3]
which states thatifA— — is a Markov chain, we have

A =,
1B, = , . (38)

The combination of these expressions allomslding a large
number of resulting inequalities, such as

[N WAVAY _
PeZ > -
l0g|€2 | 12|
L1/WVv\
>
0g|Q |
[N VAVAY _
P> > — (39
log|€2 | | |
L1/
> > .
0g|Q |

etc



Under the specified assumptions, these expressions allow one to
focus on a specific transition within the Markov

chanX » —»>..—» - . This is of large interest if we hayer-

ticular knowledge about one of the transitions in the chain or if some other
trangtion is not sufficiently understood.

The concept of bounding the error probabilRy is by far not &-

ploited with the presented inequalities. Tdeare other entropies, esp
cially Renyi entropy35] that can be more appropriate for specific agplic
tions [36]. Furthermore the estimation of an uppeubd could be very
interesting[36], or specific assumptions on the RVs can result in uery i
teresting speciaiedexpressions. All this is almost a research domain on
its own closely related to rate distortion theory. In this chapter we restrict
ourselves to the theodescribed so far in this section.

3.2.3. Information Theoretic Feature Extraction.

We now want to shortly recall the basic concept of information
theoretic feature extraction as presentefP]. Let us assume we have a
set S of n class prototypes, eadhbelledby one of the class symbols

ofQ = ,., , wheren, is again the number of classes. Furthermore
we have a multdimensional feature vectoy, € Q2 associated to every
samples within thesetS. The RVmodellingprobabilistically the classes
of the prototypes is calle€ and is defined over theetQ . Its feature
space representatiodenoted’, is definedoverQ) . Feature extraction

aims to extract that subspaée of the initial feature spac¥ that is mos

significant for the specific classification task. Formally we can represent
this by the following stochastic process:

Co - - - . (3.10)

Theinitial transitionC —  can be interpreted as a feature sele
tion step. TheransitionY —  corresponds to feature extraction, where

we select a subpaceF, ofY . Thereafter we estimate the claS§™ from
the final feature representatidn, and evaluate if the whole transmission

process fronC to C**' can be considered as erroneous.



One approach to select and extract the optimal featiraad F,

for a particular classification task would be to minimize directly the error
probability P, of the selected learning prototypes. This would have the

disadvantage though, that the optimization would get the most relevant
features with respect to the chosen classification algorittipn— ).

We rather want to determine thiose features
fication algorithm can obtain Agoodod resul

the classification stef, — during the optimization. To do this, we

can take profit from Fanods ofiteequal ity of
stochastic process of equati®io, this inequality is rvritten as

P> = : (311)
logn, logn,

Note thatH (C), the entropy of the chosen prototypes, as well as
n.(=/Q | stay constant, as the number of classes as well as the initial set

of samples stay fixed during the optimization. Therefore we have to
maximize the mutual imimation 1 (C,  in orderto minimize the lower

bound on the errgprobabilityP,, which ensures that a particular claissif

cation algorithm can perform well.

It is important to note that we estimated a lower bourtti@ferror
probability. Upper bounds might appear more suited for the described
problem of classification and, in fact, can be estimated in several cases for
a fixed classifier. For example, if it is known from the beginning that a

maximum likelihood clasier will be employed, the error probabiliti,

is upperbounded by the condition@ntropyH (F, | :P. < R

But information theoretic feature extraction attempts to extract thase fe
tures which are nsi suited for the given classification task independently
of a particular classifier.

Next, we would like to introduce information theoretic multimodal
signal processing by multimodal feature extraction. Its close relationship to
feature extraction for aksification will be easily recogsed as we will
also use lower error bounds as optimization objectives. Furthermore, the
same arguments as for feature extraction will justify the use of a lower
bound instead of an upper bound.



3.3. From Error Probability t o Multimodal
Signal Processing

There are several possibilities to apply the presented framework to
multimodal signals. We want to explore one specific approach which we
used extensively in several applications of multimodal signal processing. It
is based p one very basic but intuitive hypothesfs;pair of multimodal
signals originates from the same physical source, even though the signals
might have suffered from distortions, delays, noise and other artifact
which hide there common origiAs we will show the approach seems to
be particularly suited to derive and compare a large humber of exigting o
timization objectives particularly well known in the multimodal medical
imaging community.

3.3.1. Multimodal Stochastic Processes

First we will outline how we cabuild Markov chains from mu
timodal signals. The resulting chains shofulil the conditions required
to apply all the theory of chap. 2. In particular the conditional errds-pro
ability P(E= |... has tobel, wheneve the output from the chain feli

fers from the corresponding input (Hamming distortion). We use the fact
that multimodal signals originate from the same physical reality, even
though the concrete representations of this reality might be quite different
(Figure2). We can therefore expect that there exist features in a couple of
multimodal signals which reflect this physical correspondence statistically.
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Figure 2. Markov chains can be built from a pair of multimodal signals.
The connecting block between a couple of multimodal signals (the transition

probabilities for F, — andF, &> ) is obtained by joint probability
estimation.

Let us consider the example of an audideo sequence ang-a
sume we know a pair of features which show a statistical dependence. If
now we take the feature value of one signal at a randomly chosen time in
the sequence and the feature representation at an arbitrarily chosen second
time in the othesignal of different modality, we should be able to tell if
the two measurements are likely to originate from the same physital rea
ity, i.e. were acquired at the same physical time, or not.

In direct analogy, we also want to mention multimodal medioalies,
where the spatial coordinates of the images represent the physieal corr
spondence and take over the role of the time coordinate in-gig@io %-
guences.

A couple of multimodal signals is initially given by two signat s

quencesS, andS,, both oflengthn, and taking on values in the s«
and Q respectively. For instance a 3D image contain= XX

samples (or voxels) slwing different intensities or colours. Let us define
a uniform RV O on the setQ = ,.., labelling the samples inS,

!Sometimes the sampling coordinates are not the same in both signals. For example two
images of different modality might have different dimensions and therefore diffemnt nu
bers of samples. For such cases we just want to make ddeimterpolators which can
build the bridge between the two respective sequgdtgq59]



and S,, This RV is used to model the fact that we wihsider a random
selection of pairs of samples in the sequenBgsand S, . Therefore for
3D images we hav&®(o= , , = = ,V eQ (ffor all voxels

in the i mageo0)RVOSweacantbuild the follonanghtwad h e
Markov chains (seEigure?2):

O-»> - - - - -, (3.12)

O-> - - - - -, (3.13)

where X (respY ) model the specific feature values betsamples in
the sequenceS, (respS,) as a RV conditioned on the outcome of the
samplepositiono. Which sequence features are exactly considereds-repr
sents a feature selection step. Bagan image, for each sample position
generated from the R\D we can consider the intensity at that position,
but also the gradient, Gabor response, etc. Obviodsland Y can also
modelmulti-dimensional feature spaces, which might ask for an additional
feature extraction step. This means we project the measured features into
lower dimensional subpaces of X andY. Such sulspaces are again

RVs and we denoted theiR, and F, in Figure2. As the considered &
tures of both sequences, and S, originate from the same samplifar
belo, we can link the two sequences throygimt probability estimation
[37], [38]. When on the average the chosen feature vafyesnd f, of

F, and F, reflect maximally the fact that they originate from the same

sampling positiono, and thenwe minimize the error probability of the
Markov chains. Therefore we want to sélemd extract those features
F, and F, from the initial sequenceS, and S, that show as much as

possible of this physica&lorrespoadence
Up to now we have construdteé couple of related Markov chains
for general multimodal signals. Let us now see what we can say about the

corresponding error probabilitidd, = * (Markov chain eqa-

tion 3.12) andP,, = * (Markov chain egation3.13) when we

use Fanob6s i n&§uad thetata procesgingairtequality
(equation3.8) [39]:
P, = #
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To get equatior3.15 from equation 3.14 (resp. equation 3.19 from
equation 318) we used the fact th&) is a uniform random variable over

(3.14)

(3.15)

(3.16)

(317)

(3.18)

(3.19)

(3.20)

(321)



the setQ) = ,.., of n possible sampling positions in the sequences

S, andS,, and has therefore entropflogn. The last inequality ftows
directly from the datgrocessing inequality for Markov cimei[33].
The probability densities ofF, andF™, resp.F, andF™, are

both estimated from the same daémuenceS, , resp S, . Therefore the

estimations of the mutuahformation I(F,,  and I(Fy,,  are
equal, and we cawritel (F,, ~ , = , . The value
of this mutual informationl (F,, is determined from the joint pbe

ability density which is estimated by ngarametric probability estimation
[37], [38] from the sequenceS, and S, (for exanple joint histogran-
ming). From the symmetry of mutual information it follows that both
lower bounds are equal, so that minimizing them simultaneously equals
maximizing the mutual information between the feature representations
F, and F, of the multimodal signals.

3.3.2. Objective Functions for Multimodal Signal
Processing

Using the example of multimodal medical image registration, we
will show that it is possible to derive a large class of objective functions of
image registration and to theoretically determine their relationships and
differences. In this respect, we will show how to derive nosedlen-
tropy, correlation raticand likelihood directly from equation 1I¥ and
3.21. We will also generalize normsdidentrqoy to the general concept of
feature eficiencyfor multimodal signal processirig9], [40].

Feature Efficiency. Taking a closer look at eation 317 and
3.21 reveals an important danger when@irmmaximizing the mutualn-

formation I (F,, ~ in order to minimize the lower error bounds Bf

andPez. In order to visualize this danger, let uswete the lower bounds
in a different way and se the fact that for any pair of discrete random

variables A and B it can be showr{33] that H(A, > , and
A® > | toweaken them:
1/
+
A

|ogh



(322)

and

> — - (323)

Equation 322 and3.23 both indicate that the error bounds can be
decreased by increasing the marginal entroplé$, ) and H(F,) with-

out considering their mutual relationship (this is equivalent to maximizing
the joint entropyH(F,, ., as we also haveH(F,, =2

andH(F,, = ). This would result in adding superfluousar-

mation to the feature space RV¥s andF, . What we really want though

is adding selectively the information that determines the mutual melatio
ship between the signals while discarding superfluous information.
Mathematically we want to find a suitable traafé between maximizing
the bounds of equationZ2 and3.23 and minimizing the bounds of
tion 317 and egation 3.21 Feature pairs which carry information that is
present in both signals (large mutuaformation), butonly information
that is present ibothsignals (low joint entropy) are the most adapted fe
tures for several multimodal signal processing tasks such as for wultim
dal image registration. The described feature efficiency coefficient is a
functional that extracts these features from multimodal signal pairs.

For this let us define teature efficiency coefficiemthich mea-
ures if a specific pair of features is efficient in the sense of explaining the
mutual relationship between the two timlodal signals while not carrying
much superfluous information. The problem of efficient features inimult
modal signals is closely related to determining efficient features foii-class
fication. Our proposed coefficier® £,  for any pairof RVs A and B

(in particular also for the feature space RNg andF, ) is defined as fle

lows:
1 /AN
A = = ) (3.24)
H(A,



Maximizing €( A,  signifies a tradeff between minimizing the

lower bound of the error probability by maximizing the mutindbrma-

tionl (A, , but also minimizing the joint entropl (A,  (resulting in

maximizing the weakened bounds afuations 22 and3.23). Looking for

features that maximize ghefficiency coefficient of equation 2! will

therefore look for features which are highly related (large mutual igform

tion) but havenodét necessari?ly much
Interestingly there is a functional closely related &4, that

has already been widely used in multimodal medical image processing,
even thouglits derivation was completely different. It was called ndrma
isedentropy NE(#, [41] and was derived as an overlap invariapt o

timization objective for rigid registration:

L1/ AN
NE(A = -, +e, . (325
H(A

The derivation was specific for image registration and arose from
the problem that mutual inforation might increase when images are
moved away from optimal registration when the marginal entropies i
crease more than the joint entropy decreases. This is equivalent to our
mathematically derived problem above, but for the special case of image
registation. Obviously maximizingNE( £, of equation 25 is equia-
lent to maximizing he efficiency coefficient of equationZ3l.

It is very interesting to note that in the early years of information
theoretic multimodal signal processinginppentropy H(A,  was also

an optimization objective of choice. Interestingly this statistic had to be
minimisedin order to get for example good registration. Lookinghat
deduced error bounds of equationt733.21 and particulariy3.22, one e-
alizes that minimizing joint entropy doast minimize these error bounds.
On the contrary, it actually mawizes the weakened bound of equation
3.22 and therefore contradicts error bound minimization. The result were
very dnef f i duteithtefativélydaage arrorebsunds (e.g.pna
ping a black on a white image). This results for example in disconnecting
the images during the registration process. We employed the sapie pro
erty in the previous section but only in combination with etvound

*Because of the rand:eo, of e( A, , this functional is sometinse ¢ a | | e sednfeasare ma | i
of depeldenceo

nf or mat



minimization to separate the superfluous information in the signals from
the predictivenformation.

These arguments are very general. Nevertheless they could have
resulted in other definitionfor feature efficiency than equatior2d, such
as

1/N

&4, (3.26)

B H(A) +

or
1/A

e( A (3.27)

H(A,

While the first exam@ is a variant equivalent to equatio24.as
it simply uses the weakened inequality ofiation 3.23 instead of eglibn
3.22, the second is an extensiofe( £, , which can be generaedas
follows:

1/N

& (A " =, . (3.28)

We call an element of this class of functions fissture efficiency
coefficient oforderk. The three casesftk= , k= and k= repre-

sent:
e k= : We put emphasis entirely on the feature efficiency without
caring about the resulting lower bound of the error probabilities
(minimizing joint entropy). The algorithm Wialways convergea-
wards signal sequence representations where the same single feature
value is assigned to all the samples.

o K= we put emphasis on minimizing the lower error bound
without caring about the efficiency of the feati(enaximizing no-

tual information). The algorithm would converge towards signal re
resentations where all samples get assigned a different feature value.

o k= -: We put equal emphasis on minimizing the lower error
bound and on feature &fency (maximizing normasiedentropy).
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Figure 3. The sketch puts the efficiency coefficients for different orderé‘
into a quantitative relationship. The contradictory optimization objectives of
minimizing the lower error bound, but maximizing the feature efficiencyhas
to be combined in a suitable way for a given problem. In the case of medical

Lower Error Bound

. k= ) : . o
images, - has shown to work fine, as it results into an optimization fuo-
tional equivalent to normalisedentropy.

The two objectives of on the one hand minimizing the lower error
bounds and on the other hand maximizing feature efficiency are therefore
contradictory. The user has to choose an appropriate ordgrequation

3.28 for a given problem. For example ordehas shown to be very inte

esting for medical image registrati¢pfl], [42]. In Figure 3 we show a
gquantitative sketch of feature efficiency for different ordefrs . In fact
this tradeoff between feature efficiency and error probability has anm-inte
esting analogy in ratdistortion theory, where on the one hand we want to
transmit as little information as possible, but on the other hand keep the
transmission or as small as possible.

Let us add a synthetic example that illustrates nicely how tie fe
ture efficiency of equation 38 varies with differenbrders . For this we
take the initial Magnetic Resonance (MR) imagebBigtire4 a) and b) and
plot the feature efficiency coefficients of their image intensities for rdiffe
ent orders versus the number diniform image quantization levels
(Figure4 c). Image content dependent optimal quantization can be looked
at as image segmentation. Our approach of quantizing both images with



