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Abstract

Multimodal interfaces are systems that allow input and/or output to be conveyed over multiple

channels such as speech, graphics, and gesture. In addition to parsing and understanding

separate utterances from different modes such as speech or gesture, multimodal interfaces

also need to parse and understand composite multimodal utterances that are distributed

over multiple input modes. We present an approach in which multimodal parsing and

understanding are achieved using a weighted finite-state device which takes speech and gesture

streams as inputs and outputs their joint interpretation. In comparison to previous approaches,

this approach is significantly more efficient and provides a more general probabilistic

framework for multimodal ambiguity resolution. The approach also enables tight-coupling

of multimodal understanding with speech recognition. Since the finite-state approach is more

lightweight in computational needs, it can be more readily deployed on a broader range

of mobile platforms. We provide speech recognition results that demonstrate compensation

effects of exploiting gesture information in a directory assistance and messaging task using a

multimodal interface.

1 Introduction

Multimodal interfaces are systems that allow input and/or output to be conveyed

over multiple channels such as speech, graphics, and gesture. These interfaces stand

to play a critical role in the ongoing migration of human-computer interaction from

the desktop to mobile wireless devices such as portable digital assistants, tablet

computers, and next generation telephones. These devices offer limited screen real

estate making complex graphical user interfaces infeasible. They also lack a keyboard

or mouse making speech and pen the primary input modes. Multimodal interfaces

are also important for other keyboard-less settings such as public information kiosks

and wall-size displays for remote collaboration and presentation.

Multimodal interfaces enable more natural and effective interaction since diffe-

rent kinds of content can be conveyed in the modes to which they are best suited
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(Oviatt 1997). Our specific concern here is with multimodal interfaces supporting

input by speech, pen, and touch, but the approach we describe has far broader

applicability. We will refer to pointing gestures made on a touch screen with a stylus

as pen gestures.

To realize their full potential, multimodal interfaces need to support not just

input in one mode or another, but single multimodal utterances optimally dis-

tributed over the available modes (Johnston, Cohen, McGee, Oviatt, Pittman and

Smith 1997). Nigay and Coutaz (1993) present a framework for the classification

of multimodal interfaces based on the way in which modalities are used, whether

they are fused, and the level of abstraction of fusion. Our approach is directed

towards synergistic interfaces; that is, interfaces that support parallel inputs which

are fused to determine the user’s intention. An example of a multimodal utterance

from the application we describe in this paper would be to point at a person and

then an organization on a graphical display and say “email this person and this

department”.

Research on interactive systems that support multiple input modalities as well as

produce output involving multiple modalities has been active since the early eighties

(see section 2). More recently, Johnston (1998b; 1998a) has proposed an approach

that integrates multiple input modes with the use of unification-based grammars. In

this paper, we provide a different approach to the problem of multimodal integration.

In contrast to the unification-based approach, which assumes separate grammars

for speech understanding and for multimodal integration, our approach relies on a

single grammar of multimodal human language. Furthermore, integration of speech

and gesture information and multimodal understanding are performed by a single

finite-state device (Johnston and Bangalore 2000; Bangalore and Johnston 2000).

With certain simplifying assumptions, parsing and understanding with multimodal

grammars can be achieved using a weighted Finite-State Automaton (FSA). The

automaton can be considered as running on three tapes which represent speech

input (words), pen gesture input (gesture symbols and reference markers), and their

combined interpretation. The FSA allows for the modes to interact and constrain

each other directly.

The layout of the paper is as follows. In section 2, we survey the existing lite-

rature on multimodal systems. In section 3, we describe a multimodal directory

assistance application that we used as the context for this research. Section 4

provides background on finite-state language processing. In section 5, we define

and exemplify Multimodal Context-Free Grammars (MCFGs) and their approx-

imation as multimodal FSAs. We describe our approach to finite-state represent-

ation of meaning and explain how the three-tape finite state automaton can be

factored out into a number of finite-state transducers. In section 6, we explain

how these transducers can be used to enable tight-coupling of multimodal language

processing with speech recognition. We discuss the issue of ambiguous input and

mutual compensation in section 7. In sections 8 and 9, we describe the details of a

multimodal grammar for the directory assistance application and the results of tight-

coupling pen gesture and speech modes on speech recognition experiment in this

application.
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2 Previous work

Systems capable of accepting combinations of spoken or typed input with pen or

hand gestures have existed since at least the early 1980s. Carbonell (1970) described

a geography tutor that accepted both typed input and mouse input. The ‘put that

there’ system (Bolt 1980) combined spoken input with gestures made at a map

display using a 3D mouse. CUBRICON (Neal and Shapiro 1991) provides spoken

and mouse input to a map display. The XTRA system (Allgayer, Harbusch, Kobsa,

Reddig, Reithinger and Schmauks 1989) provided a multimodal interface for help

with tax forms. Koons, Sparrell and Thorisson (1993) present multimodal interfaces

that support parallel input, from gestures, gaze, and speech. Cohen, Johnston,

McGee, Oviatt, Pittman, Smith, Chen and Clow (1998) describe QuickSet, a mobile

system which supports synchronous input by speech and pen gestures for controlling

distributed interactive simulations. Cheyer and Julia (1995) present a map-based

pen/voice interface for accessing information about hotels. Vo (1998) developed a

toolkit for building speech/pen multimodal interfaces, that has been used to build a

city guide application (QuickTour), a multimodal appointment scheduler (Jeanie-II),

and a multimodal football simulator (Quarterback). The SmartKom project

(Wahlster 2002) addresses multimodal interaction using combinations of speech

with pen or hand gesture, in mobile, home, and public kiosk settings. Bellik (1995)

describes a multimodal interface controller using augmented transition networks

which extends the use of transition networks to represent user interfaces (Jacob

1986). This approach has been applied to a user interface for a multimodal window

manager (Bellik and Teil 1993) and a multimodal tool for manipulation of text by

blind users (Bellik and Burger 1994).

There is also a growing body of work on generation of output involving multiple

modes. This typically involves generating text or speech in combination with static

or dynamic graphical displays. For example, MAGIC (Dalal, Feiner, McKeown,

Pan, Zhou, Hollerer, Shaw, Feng and Fromer 1996) combines speech generation

with graphical displays to provide information on a patient’s condition while

WIP (Wahlster, André, Finkler, Profitlich and Rist 1993) and PPP (André, Muller

and Rist 1996) provide depictions of three-dimensional objects combined with text

or speech. We refer the reader to André (2002) for a detailed overview of work in

both multimodal input processing and multimodal output generation.

2.1 Unification-based multimodal understanding

To achieve an effective method for integration of content distributed over multiple

modes, Johnston (1998b; 1998a) uses techniques from natural language processing

(unification-based grammars and chart parsing) to support parsing and interpret-

ation of multimodal utterances. In that approach, speech and gesture recognition

produce N-best lists of recognition results which are assigned typed feature struc-

ture representations (Carpenter 1992). These are passed to a multidimensional

chart parser that uses a multimodal unification-based grammar to combine the

representations assigned to the input elements. Possible multimodal interpretations

are then ranked and the optimal interpretation is passed on for execution. The
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traditional chart parsing algorithm operates on a linear sequence of input elements.

Multidimensional chart parsing is a generalization of traditional chart parsing which

enables parsing of inputs which do not form a discrete linear sequence in a single

dimension (Johnston 1998b). This approach overcomes many of the limitations of

previous approaches to multimodal integration, such as Bolt (1980) and Neal and

Shapiro (1991), as described in Johnston, Cohen, McGee, Oviatt, Pittman and Smith

(1997, p. 282).

Unification-based multimodal parsing supports combinations of speech with

multiple gestures and visual parsing of unimodal commands consisting of sequences

of gestures. Furthermore, its declarative nature facilitates rapid prototyping and

iterative development of multimodal systems. Also, the unification-based approach

allows for mutual compensation of recognition errors in the individual modal-

ities. For example, the selected multimodal parse might contain the third-best

speech recognition result and second-best gesture recognition result. Oviatt (1999)

demonstrates statistically significant mutual compensation effects in processing

speech/pen input using the unification-based architecture in Johnston et al. (1997).

This architecture precedes Johnston (1998b; 1998a) and only supports combinations

of a single spoken element with a single gesture. While Johnston (1998b) provides

a declarative representation of multimodal integration strategies, in Johnston

et al. (1997) the multimodal integration strategy is encoded procedurally within

a multimodal integration algorithm.

However, the unification-based approach does not allow for tight-coupling of

multimodal parsing with speech and gesture recognition. Compensation effects are

dependent on the correct answer appearing in the N-best list of interpretations

assigned to each mode. Multimodal parsing cannot directly influence the progress

of speech or gesture recognition. The multidimensional parsing approach is also

subject to significant concerns in terms of computational complexity. In the worst

case, the multidimensional parsing algorithm (Johnston 1998a, p. 626) is exponential

with respect to the number of input elements. Also, this approach does not

provide a natural framework for combining the probabilities of speech and gesture

events in order to select among multiple competing multimodal interpretations.

Wu, Oviatt and Cohen (1999) present a statistical approach for selecting among

multiple possible combinations of speech and gesture. However, it is not clear

how the approach will scale to more complex verbal language and combinations

of speech with multiple gestures. The unification-based approach also runs into

significant problems with respect to choosing among multiple competing parses and

interpretations. Probabilities associated with composing speech events and multiple

gestures need to be combined. Unimodal interpretations need to be compared

to multimodal interpretations and so on. This can all be achieved but involves

significant post processing of sets of competing multimodal interpretations generated

by the multimodal parser.

Johnston (2000) shows how the assumption in the application of unification-based

parsing to multimodal integration (Johnston 1998b) that speech parsing precedes

multimodal parsing results in unnecessary complication of the speech grammar. As

the speech grammar is extended to support conjunction, deictic numeral expressions
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Fig. 1. PDAMVPQ: Multimodal corporate directory and messaging user interface client on a

Fujitsu wireless tablet computer.

(e.g. “these four”) and so on, it becomes increasingly difficult to build an appropriate

multimodal subcategorization frame indicating the list of gestures required and the

constraints on them. In that paper, Johnston proposes an architecture in which

speech parsing and multimodal parsing are separate modules which collaborate in

order to parse and integrate multimodal inputs. Speech parsing proceeds until a

phrase such as “this person” has been parsed and assigned a feature structure rep-

resentation. This fragment is then passed to the multimodal parser which combines

the fragment with an appropriate gesture. The result is then passed back to the

speech parsing component so that parsing can continue. This communication back

and forth continues until the input is completely parsed and integrated with gesture.

In the approach presented here the complexity of the interface between speech

parsing and multimodal integration is avoided by combining the two in a single

grammar.

3 Multimodal directory access application

In this paper, we illustrate our approach with examples from a prototype system that

provides multimodal corporate directory access and messaging. In this system users

interact with a visual representation of a company directory using combinations

of speech and pen input. For example, the user can say “email this person and this

person” and point with the pen at pictures of two people on the user interface display.

The system would then bring up an email message window with the appropriate

addressees and allow the user to write an email message using handwriting. The

multimodal interface runs on a Fujitsu pen computer (Figure 1). This system is a
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Fig. 2. Architecture for multimodal corporate directory and messaging application.

multimodal variant of the Voice POST Query system (VPQ) (Buntschuh, Kamm,

DiFabbrizio, Abella, Mohri, Narayanan, Zeljkovic, Sharp, Wright, Marcus, Shaffer,

Duncan and Wilpon 1998).

The system consists of a number of components which communicate with each

other over TCP/IP sockets (Figure 2). In addition to the multimodal user inter-

face client (Figure 1), the system uses a speech recognition server, a multimodal

integration and understanding server, and a backend server which accesses a POST

database of personnel information (LDAP server), a phone server which is able

to initiate and manage telephone calls, and an email server. The recognition,

multimodal integration, and backend servers can reside either on the device or

be made available over a wireless network. The multimodal user interface client is

responsible for receiving the user’s speech and pen inputs. Speech is passed to the

recognition server which yields a lattice representing the possible recognized strings.

Pen gestures are collected by the multimodal user interface and composed into a

lattice representation. These two lattices are received by the multimodal integration

and understanding component, which fuses the two input modes and determines the

most likely application command that the user is trying to convey. This is passed

to the backend server for execution. Some commands result in a database lookup

and presentation of information to the user on the multimodal user interface client.
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Other commands such as “call this person” result in the initiation of a telephone call

through the phone server. Our focus in this paper is on the multimodal integration

and understanding server.

4 Finite-state language processing

Finite-State Transducers (FST) are Finite-State Automata (FSA) where each tran-

sition consists of an input and an output symbol. The transition is traversed if its

input symbol matches the current symbol in the input and generates the output

symbol associated with the transition. In other words, an FST can be regarded as

a 2-tape FSA with an input tape from which the input symbols are read and an

output tape where the output symbols are written.

Finite-state machines have been extensively applied to many aspects of language

processing including: speech recognition (Pereira and Riley 1997; Riccardi, Pieraccini

and Bocchieri 1996), phonology (Kaplan and Kay 1994), morphology (Koskenniemi

1984), chunking (Abney 1991; Joshi and Hopely 1997; Bangalore 1997), parsing

(Roche 1999), and machine translation (Bangalore and Riccardi 2000).

Finite-state models are attractive mechanisms for language processing since they

are (a) efficiently learnable from data (b) generally effective for decoding and (c) asso-

ciated with a calculus for composing machines which allows for straightforward

integration of constraints from various levels of language processing. Furthermore,

software implementing the finite-state calculus is available for research purposes (van

Noord 1997; Mohri, Pereira and Riley 1998). Another motivation for our choice of

finite-state models is that they enable tight integration of language processing with

speech and gesture recognition.

5 Finite-state multimodal grammars

Multimodal integration involves merging semantic content from multiple input

modes to build a joint interpretation for a multimodal utterance. We use a finite-

state device to parse inputs from multiple modes and to combine their content into

a single semantic representation. For an interface with n modes, a finite-state device

operating over n + 1 tapes is needed. The first n tapes represent the input modes

and n + 1 is an output stream representing their composition. In the case of speech

and pen input there are three tapes, one for speech, one for pen gesture, and a third

for their combined meaning.1

Figure 3 provides a graphical visualization of this three tape finite-state device

which reads the speech and gesture inputs on the two input tapes and writes out

their possible combined meaning representations on the third tape. The vertical bar

represents the three tape machine. The device has two read heads and one write

1 In a different application, Kay uses a finite-state device with four tapes in order
to capture non-concatenative morphology in Arabic (Kay 1987). Kiraz and Grimley-
Evans (1998) present a prolog implementation of a multi-tape finite-state device for non-
concatenative morphology. There have been applications of multi-tape finite-state devices
in computational phonology as well (Kornai 1995; Bird and Ellison 1994).
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Fig. 3. Three tape multimodal finite-state device.

Fig. 4. Multimodal grammar fragment.

head. In general, the speech and gesture inputs are lattices and their combined

meaning representation is a lattice of meaning symbols.

As an example, in the messaging application described above, users issue spoken

commands such as “email this person and that organization” and gesture at the

appropriate person and organization on the screen. The structure and interpretation

of multimodal commands of this kind can be captured declaratively in a multimodal

context-free grammar. We present a multimodal grammar fragment capable of

handling such commands in Figure 4. This is a single grammar of multimodal

language which describes the relationship between speech inputs, pen gesture inputs,

and their combined meaning.

The non-terminals in the multimodal grammar are atomic symbols. The multi-

modal aspects of the grammar become apparent in the terminals. Each terminal
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and:eps:,

Fig. 5. Multimodal three-tape FSA.

contains three components W :G:M corresponding to the n + 1 tapes, where W is

for the spoken language stream, G is the gesture stream, and M is the combined

meaning. The epsilon symbol (ε or eps) is used to indicate when one of these is

empty in a given terminal. The symbols in W are words from the speech stream. The

symbols in G are of two types. Symbols like Go indicate the presence of a particular

kind of gesture in the gesture stream, while those like e1 are used as references to

entities referred to by the gesture (see section 5.3). Simple deictic pointing gestures

are assigned semantic types based on the entities they are references to. Gp represents

a gestural reference to a person on the display, Go to an organization, and Gd to

a department. Compared with a feature-based multimodal grammar, these types

constitute a set of atomic categories which make the relevant distinctions for gesture

events predicting speech events. For example, if the gesture is Gp then phrases

like this person and him are preferred speech events. These categories also play a

role in constraining the semantic representation when the speech is underspecified

with respect to semantic type (e.g. “email this one”). These gesture symbols can

be organized into a type hierarchy reflecting the ontology of the entities in the

application domain. For example, there might be a general type G with subtypes

Go and Gp, where Gp has subtypes Gpm and Gpf for male and female.

A multimodal CFG (MCFG) can be defined formally as quadruple < N,T , P , S >.

N is the set of nonterminals. P is the set of productions of the form A→ α where A∈N
and α ∈ (N ∪ T )∗. S is the start symbol for the grammar. T is the set of terminals

of the form (W ∪ {ε}) : (G∪ {ε}) : M∗ where W is the vocabulary of speech, G is the

vocabulary of gesture=GestureSymbols ∪ EventSymbols; GestureSymbols ={Gp, Go,

Gpf , Gpm, . . .}, along with a finite collection of EventSymbols = {e1,e2, . . . , en}. M is the

vocabulary to represent meaning and includes event symbols (EventSymbols ⊂ M).

In general, a context-free grammar can be approximated by an FSA (Pereira

and Wright 1997; Nederhof 1997). The transition symbols of the approximated

FSA are the terminals of the context-free grammar and in the case of multimodal

CFG as defined above, these terminals contain three components, W , G and M.

The multimodal CFG fragment in Figure 4 translates into the FSA in Figure 5, a

three-tape finite state device capable of composing two input streams into a single

output semantic representation stream.

5.1 Contradictory inputs

The multimodal grammar we presented above only allows for non-contradictory

input from the user. This means that if the user’s input is contradictory or
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ill-formed, for example, they say “tell me about these three people” and they point

at only two people, the grammar will either not generate a meaning or possibly

find another path in the lattice which does match the gesture. The gesture is taken

to be more reliable than speech (which makes sense since the gestures here are

pointing gestures only and do not involve recognition). Ideally the grammar would

enable recognition of both contradictory and non-contradictory inputs, perhaps with

negative weights on the contradictory paths (adopting a kind of back-off strategy).

However, there is a tension, faced in all speech and multimodal systems, between

being able to recognize ill-formed inputs and the predictive power of the grammar.

If you allow a spoken or multimodal grammar to recognize ill-formed inputs then

its predictive capability is reduced and it may result in increased misrecognitions of

well formed inputs.

5.2 Temporal constraints

Within the finite-state mechanism, our multimodal grammars do not impose explicit

temporal constraints. In the unification-based approaches (Johnston 1998b; Johnston

et al. 1997), functional constraints are used to impose temporal constraints on the

combination of inputs. These constraints are applied between complete spoken

utterances and pen gestures and between pen gestures and other pen gestures. In

our approach, the temporal constraint between the speech as a whole and pen

gestures can be applied outside of the finite-state integration and understanding

framework. This is achieved using a timeout mechanism when building speech and

pen gesture lattices for combination in accordance with the multimodal grammar.

If a speech event and a gesture event overlap temporally or occur within a specified

temporal interval of each other they will be paired. For the multimodal messaging

application we found a temporal interval of between one and two seconds to be

sufficient. The multimodal integration component receives notifications of voice and

pen activity and extends the temporal interval and waits for additional input if

there is ongoing activity in one of the modes. For example, if the user has started

drawing by touching the pen to the screen, the multimodal integration component

receives a notification and it will not proceed with multimodal parsing until the

resulting pen gesture lattice is received. Beyond this high level temporal constraint

on the combination of speech and gesture, in multi-gesture utterances the primary

function of temporal constraints is to force an order on pen gestures. If a user says

“move this here” and makes two pointing gestures, the first corresponds to “this”

and the second to “here”. This order constraint is easily expressed in the finite-state

framework.

Bellik (1995; 1997) provides examples indicating the importance of precise tem-

poral constraints for proper interpretation of multimodal utterances. We abstract

from the specific example in Bellik (1997), and show a generalized version in Figure 6.

Here, the three events X, Y and Z appear in the same temporal order in both the

scenarios, as shown in Figure 6, but result in two distinct interpretations. This

example is used by Bellik to illustrate that order is insufficient to determine the

interpretation of multimodal events.
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Fig. 6. Two Scenarios with the same order of events but receiving different interpretations.

In the architecture we present, we arrive at two distinct interpretations because

the temporal distance between adjacent events in the two scenarios differs. In

scenario 1, the speech recognizer’s endpointing mechanism applies after the speech

event X, ceasing recognition, and resulting in a unimodal interpretation of X.

Subsequently, the events Y and Z are treated as a multimodal event which receives

a multimodal interpretation. In contrast, in scenario 2, the speech recognizer’s

endpointing mechanism will apply after events X and Y resulting in a unimodal

interpretation of X and Y together and subsequently the event Z receives a unimodal

interpretation. In an application for chemical operations mentioned in Bellik (1997),

event X denotes “pressure” and event Y denotes “plus two” and Z denotes “pointing

at the temperature icon”. In scenario 1, this produces the interpretation wherein the

system produces a readout of the current pressure and then raises the temperature

by two units. In scenario 2, the same sequence of events results in the pressure

being increased by two units and then a speech readout of the current temperature.

A second example in Bellik (1997) is presented with a similar notion of temporal

distance resulting in two different interpretations for the same sequence of events.

So, the critical fact is that Bellik’s examples involve not single multimodal utterances

but sequences of two utterances. We utilize the finite-state multimodal grammar to

integrate and understand single multimodal utterances, not sequences of multimodal

utterances.

The result of gesture and speech recognizer timeouts is to produce a notion of

a dialog turn. The multimodal framework attempts an interpretation for all events

that occur within each turn. The combination of interpretations across turns is the

task of a multimodal dialog manager and is not addressed in this paper.

5.3 Finite-state meaning representation

Implementations of syntactic and semantic models of language typically utilize more

than finite-state computational power. In this research we are interested in modelling
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the subset of a language needed for a broad class of interactive applications, which

can be modelled with a finite state device. While work in finite-state language

processing has addressed computational syntax (Krauwer and Tombe 1981; Gross

1989, 1997), it has not addressed the assignment of meaning to strings. The approach

we represent here is novel in two respects. First, in its utilization of a finite-state

mechanism to translate strings of words into semantic representations for the subset

of the language we are interested in and second, in its application of finite-state

methods to combining multimodal inputs.

Our basic approach is to write symbols onto the third tape, which when concat-

enated together yield the semantic representation for the multimodal utterance.

It suits our purposes here to use a simple logical representation with predicates

pred(. . . .) and lists [a,b, . . .]. Many other kinds of semantic representation could be

generated. In the fragment in Figure 4, the word “email” contributes email([ to the

semantics tape, and the list and predicate are closed when the rule S → V NP ε:ε:])

applies. The word “person” writes person on the semantics tape.

We use a finite-state device to produce a semantic representation language that

contains parentheses. It is well known that a finite-state device is insufficient to

ensure the well-formedness of nesting parentheses to arbitrary depths. However,

in our application, we solve this problem by limiting the depth of parentheses

embedding in the resulting semantic expressions to a bounded depth. It is interesting

that even with this restriction, we are able to encode the semantic representations

needed for a large class of interactive applications.

A significant problem we face in adding meaning into the finite-state framework is

how to represent all of the different possible specific values that can be contributed

by a gesture. For deictic references a unique identifier is needed for each object

in the interface that the user can gesture on. For example, if the interface shows

lists of people, there needs to be a unique identifier for each person. As part of

the composition process this identifier needs to be copied from the gesture stream

into the semantic representation. In the unification-based approach to multimodal

integration, this is achieved by feature sharing (Johnston 1998b, 1998a). In the

finite-state approach, we would need to incorporate all of the different possible IDs

into the FSA. For a person with id objid345 you need an arc ε:objid345:objid345

to transfer that piece of information from the gesture tape to the meaning tape. All

of the arcs for different IDs would have to be repeated everywhere in the network

where this transfer of information is needed. Furthermore, these arcs would have

to be updated as the underlying database was changed or updated. Matters are

even worse for more complex pen-based data such as drawing lines and areas in

an interactive map application (Cohen et al. 1998). In this case, the coordinate set

from the gesture needs to be incorporated into the semantic representation. It might

not be practical to incorporate the vast number of different possible coordinate

sequences into an FSA.

Our solution to this problem is to store these specific values associated with

incoming gestures in a finite set of variables labeled e1,e2,e3, . . . and in place of

the specific content write in the name of the appropriate variable in the gesture

lattice. Instead of having the specific values in the FSA, we have the transitions
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Fig. 7. Messaging domain example (PDAMVPQ).

Fig. 8. Grammar fragment for possessives.

ε:e1:e1, ε:e2:e2, ε:e3:e3 . . . in each location where content needs to be transferred from

the input gesture lattice to the output meaning lattice (see Figure 5). These are

generated from the ENTRY productions in the multimodal CFG in Figure 4. The

gesture interpretation module empties the buffers and starts back at e1 after each

multimodal command, and so we are limited to a finite set of gesture events in a

single utterance. Returning to the example “email this person and that organization”,

assume the user gestures on entities objid367 and objid893. These will be stored in

buffers e1 and e2. Figure 7 shows the speech and gesture streams and the resulting

combined meaning.

The elements on the meaning tape are concatenated and the buffer references are

replaced to yield email([person(objid367), org(objid893)]).

The immediate question that arises when building semantic representations using

a finite-state framework is how to handle recursive structures such as possessives

and conjunction. In the grammar in Figure 4 conjunction is handled by unfolding

the NP category on the left hand side of the conjunction (Pereira and Shieber 1987).

The right recursion is handled by finite-state approximation in the compilation

from the grammar to the finite-state device (Figure 5) (Pereira and Wright 1997).

Possessives are handled up to a certain size by introducing intermediate categories

POSSP and POSSP2 (Figure 8). This increases the size of the grammar and

resulting machine but is manageable for a broad class of applications. For a broad

class of interactive applications there is no need for more than two levels of

recursion in possessive expressions. In this grammar each level of the possessive

introduces another predicate. The phrase “this person’s lab’s manager” is assigned

the representation manager(lab(person(e1))).

Given the head-final nature of possessives in English we need to introduce the

predicate corresponding to the head first then add each of the possessives in turn.

This complicates the grammar since we need a rule for each noun at each level

so that we can capture the dependency between the predicate and the head noun.
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Fig. 9. Gesture finite-state machine.

eps–email:email([
eps–page:page([

eps_that:eps

eps–this:eps

Gd–department:dept(

Go–organization:org(
Gp–person:person(

el–eps:el

e2 eps:e2

e3–eps:e3 eps:)

5

4

6
0 1

2 3

eps–and:,

eps:])

Fig. 10. Transducer relating gesture and speech to meaning (T:(G × W ) → M).

Staying with approximately the same semantic representation, one way to simplify

the grammar is to allow for predicates to appear on either side of the brackets. For

example, “this person’s lab’s manager” could be ((person(e1))lab)manager. This

more closely matches the syntactic form and enables a simpler grammar where the

semantic predicate is introduced with the head word; without the need for a rule

for each noun at each level.

As more recursive phenomena such as complex noun phrases are added to

the grammar the resulting machines increase in size. However, the computational

consequences of this can be lessened by lazy evaluation techniques (Mohri 1997) and

we believe that this finite-state approach to constructing semantic representations

is viable for a broad range of sophisticated language interface tasks. We have

implemented a sizeable multimodal CFG for VPQ: 417 rules and a lexicon of 2388

words.

5.4 Multimodal finite-state transducers

While a three-tape finite-state automaton is feasible in principle (Rosenberg 1964),

currently available tools for finite-state language processing (van Noord 1997; Mohri,

Pereira and Riley 1998) only support Finite-State Transducers (FSTs) (two tapes).

Furthermore, speech recognizers typically do not support the use of a three-tape

FSA as a language model. To implement our approach, we convert the three-tape

FSA (Figure 5) into an FST, by decomposing the transition symbols into an input

component (G×W ) and output component M, thus resulting in a function, T:(G×
W ) → M. This corresponds to a transducer in which gesture symbols and words are

on the input tape and the meaning is on the output tape (Figure 10). The domain of

this function T can be further curried resulting in a transducer R:G → W that maps

from gestures G to work W (Figure 11). This transducer captures the constraints that

gesture places on the speech stream and we use it as a language model for constrain-

ing the speech recognizer based on the recognized gesture string. In the following

section, we explain how T and R are used in conjunction with the speech recognition

engine and gesture recognizer and interpreter to parse and interpret multimodal

input.
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Fig. 11. Transducer relating gesture and speech (R:G → W ).

6 Applying multimodal transducers

There are number of different ways in which multimodal finite-state transducers

can be integrated with speech and gesture recognition. The best approach to take

depends on the properties of the particular interface to be supported. One approach

we outline here involves recognizing gesture first then using the observed gestures to

modify the language model for speech recognition. This is a good choice if there is

limited ambiguity in gesture recognition, for example, if the majority of gestures are

unambiguous deictic pointing gestures as in the directory and messaging application

discussed here. There can however be consequences for system latency since this

approach requires waiting until after the gesture inputs have been processed to start

speech recognition. Another alternative is to always use the same speech recognition

grammar, one which accepts all of the possible speech inputs enumerated by the

multimodal grammar, take lattice output from the speech recognizer, and through

multimodal integration use gesture information to rule out incompatible speech

strings from the lattice. We describe both alternatives below.

Our approach is implemented using the AT&T finite-state transducer software

library.2 This library provides basic operations for manipulation of finite-state

machines and finite-state transducers. Our approach essentially involves a cascade of

finite-state operations with a small amount of additional code to factor a three-tape

machine into a two-tape machine and perform other minor intermediate steps. In

what follows we first present the approach at a high level then provide pseudocode

showing the sequence of finite-state operations required.

The first step is for the gesture recognition and interpretation module to process

incoming pen gestures and construct a finite state machine Gesture corresponding to

the range of gesture interpretations. If the gestural input involves gesture recognition

or is otherwise ambiguous, as discussed above, it is represented as a lattice indicating

all of the possible recognitions and interpretations of the gesture stream. This allows

speech to compensate for gesture errors and allows for mutual compensation. In

our example case (Figure 7) the gesture input is unambiguous and the Gesture finite

state machine will be as in Figure 9.

This Gesture finite state machine is then composed with the transducer R which

represents the relationship between speech and gesture (Figure 11). The result of

this composition is a transducer GestLang (Figure 12). This transducer represents

2 See http://www.research.att.com/sw/tools/fsm/ for details. Other toolkits for finite-
state language processing include van Noord (1997).
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Fig. 12. GestLang transducer.

Fig. 13. Projection of Output tape of GestLang transducer.

Fig. 14. Result from speech recognizer.

Fig. 15. GestureSpeech FST.

the relationship between this particular stream of gestures and all of the possible

word sequences that could co-occur with those gestures. It also aligns the speech

and gesture input so it can be later used with the meaning transducer. In order to

use this information to guide the speech recognizer, we then take a projection on

the output tape (speech) of GestLang to yield a finite-state machine which is used

as a language model for speech recognition (Figure 13). Using this model enables

the gestural information to directly influence the speech recognizer’s search. Speech

recognition yields a lattice of possible word sequences. In our example case it yields

the word sequence “email this person and that organization” (Figure 14). We now

need to reintegrate the gesture information that we removed in the projection step

before recognition. This is achieved by composing GestLang (Figure 12) with the

result lattice from speech recognition (Figure 14), yielding transducer GestSpeechFST

(Figure 15). This transducer contains the information both from the speech stream

and from the gesture stream. The next step is to generate the combined meaning

representation. To achieve this GestSpeechFST (G : W ) is converted into an FSM

GestSpeechFSM by combining output and input on one tape (G × W ) (Figure 16).
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Fig. 16. GestureSpeech FSM.

Fig. 17. Result transducer.

Fig. 18. Finite-state multimodal processing cascade – Early integration.

GestSpeechFSM is then composed with T (Figure 10), which relates speech and

gesture to meaning, yielding the result transducer Result (Figure 17). The meaning is

read from the output tape yielding email([person(e1), org(e2)]). We have implemented

this finite-state approach and applied it in a multimodal interface to VPQ (Buntschuh

et al. 1998) on a Fujitsu wireless PDA (Figure 1). Figure 18 lists the sequence of

steps involved in the process of finite-state integration and understanding for early

integration. In the early integration case information from the pen gesture input

mode (G′) is used to dynamically rebuild the language model used for speech

recognition (W ′). Figure 19 shows the late integration procedure that can be used if

lattice output is available from the speech recognizer. In the late integration approach

a more general purpose language model (W ) is used for speech recognition and the

information from the pen gesture input mode (G′) is effectively used to rescore the

lattice resulting from speech recognition. Steps 7–12 are the same in both the early

and late integration approaches. The late integration approach has the significant
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Fig. 19. Finite-state multimodal processing cascade – Late integration.

advantage over the early integration approach that speech recognition can commence

as soon as the user starts to speak. In the early integration approach, speech

recognition cannot proceed until the pen input is complete, resulting in increased

system latency.

7 Ambiguity and compensation

In the application described here the pen input mode involves only unambiguous

pointing gestures at people or organizations on a graphical display. In other

applications pen inputs can be highly ambiguous. Drawn words or symbols may

be subject to recognition errors. In applications with spatial displays such as maps

(Johnston, Bangalore, Vasireddy, Stent, Ehlen, Walker, Whittaker and Maloor 2002)

drawing an area on the map can be ambiguous between referring to a spatial

location and selecting an entity which lies within the area. Even simple deictic

pointing gestures can be highly ambiguous. For example, in a text editing application

if the user points at a character it is not clear whether they are referring to that

character, to the word it is part of, or the paragraph. Similarly in a map-based

application if the user points at a building in Central Park, they could be referring

to the building, to the park, to Manhattan and so on. This problem has a long

history in the philosophical literature. (See, for example, Quine’s discussion of the

inscrutability of reference (Quine 1969).)

Our whole framework is set up to account for ambiguity in both the speech stream

and in the gesture stream. Like speech, gesture can be represented as a lattice of

possibilities. For example, in a text editing application when the user points at a

character/word/paragraph we would allow for all of these different interpretations

in the gesture lattice. Then through combination with the speech some of this

ambiguity could be resolved. For example, if the user says ‘hanging indent’ they

are clearly trying to refer to the paragraph, if they say ‘delete this word’ they are

referring to the word. If multimodal integration does not resolve the ambiguity a

number of other options are available. For example, the system could recognize

the ambiguity and enter into a confirmation subdialog with the user to resolve the
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ambiguity. This brings us into the area of multimodal dialog management, which

we do not address in this paper. The application we describe here is more tool-like

rather than conversational and does not use a separate dialog manager component.

In some cases, one combination may have a far higher prior probability than the

other and it may be safe to choose on this basis.

In addition to the application described here we have also applied the finite-state

approach to a more complex application (Johnston et al. 2002) involving ambiguous

pen-based input. In that application, the ambiguity of pen gestures is resolved

through multimodal combination.

The finite-state multimodal processing architecture we have described supports

mutual compensation among the modes; that is, speech can potentially correct for

gesture errors and gesture can correct for speech errors. It is even possible for speech

and gesture to both undergo compensation in single multimodal utterance (Oviatt

1999). However, in the application we describe here, the gesture input is made using

a pen to push buttons on a tablet display and there is no ambiguity in the pen

gesture inputs. Since the deictic pen gestures the user can make are unambiguous

there is only potential for unidirectional compensation for speech recognition errors

on the basis of pen gesture inputs. As an example, if the user points at two people

on the display, then it is more likely that they are saying something like “can you

please email this person and this person” or “what are the phone numbers for these

two people” rather than tell me about these four organizations” or “call this person”.

In the experiments described in the following section, we examine the extent to which

knowledge of what the user has pointed to can improve ASR word and sentence

accuracy.

8 The effect of finite-state multimodal language processing on speech

recognition performance

One of our central goals in applying finite-state techniques to multimodal language

processing is to enable tight coupling with a speech recognizer so that gestural infor-

mation can directly constrain speech recognition search. To evaluate our approach,

we designed an experiment which examines the extent to which the early integration

of gestural information enabled by our approach can improve speech recognition

performance. This involved development of a realistic multimodal grammar, collec-

tion of a test corpus of multimodal speech data, a series of different speech recog-

nition experiments on that corpus, and analysis of the results.

8.1 Multimodal grammar development

Our intention was to create a grammar of sufficient size and complexity that it

could support a realistic and useful task. We built a grammar for the multimodal

messaging application which contains 417 rules and 2388 different words. It is

called PDAMVPQ and constitutes a multimodal extension of the grammar used for

VPQ, a corporate directory information service (Buntschuh et al. 1998). A broad

range of different messaging commands are supported including calling, faxing, and

email, in addition to commands to find directory information about individuals
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Fig. 20. Sample multimodal directory and messaging commands.

and organizations. The grammar supports deictic expressions, proper names (400),

conjunction, possessives, and numeral expressions. Figure 20 provides examples of

a number of different commands supported by the grammar.

8.2 Data collection

We collected a set of one hundred sample commands from each of ten volunteer

subjects. The subject pool contained six men and four women, five native and

five non-native speakers of English. The sample commands were drawn from the

multimodal messaging domain described above. There were 891 words in the test

corpus and an average sentence length of approximately nine words. We set up a

data collection environment in which each subject was prompted with the sequence

of one hundred sample commands. They issued each command in turn and their

speech signal was recorded. We recorded speech at 8000Hz using a Sennheiser noise-

cancelling microphone. In our multimodal messaging application, gesture input is

limited to deictic pointing events, so there is little room for gesture recognition error.

This data collection provided us with a corpus of 1000 spoken utterances and their

associated gestures across 10 speakers.3

9 Speech recognition experiments

We used an HMM-based speech recognizer with an off-the-shelf acoustic model.

Each speech file in the test corpus was recognized under a without-gesture condition

and with-gesture condition at a range of beam widths from one to sixteen. The

beam width is a measure of the set of candidates considered during search in ASR

decoding. The speech recognizer accepts a finite-state machine as its language model.

For the without-gesture condition we used the output tape projection of the (R)

transducer, which relates gesture and speech, as the language model. The resulting

3 Speech collected in this way will be different in character to speech input to a live multi-
modal system. It is likely to be more consistent in timing and less disfluent; more like
read speech and therefore likely to be easier to recognize. However, we believe that despite
its limitations, this data collection still provides us with a baseline for examination of
compensation effects.
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finite state acceptor contains all speech strings in the application grammar. For the

with-gesture condition, we first encoded the gesture sequence for the current sample

command into an FSA and composed it with the (R) transducer. We then used

the output tape projection of the resulting transducer as the language model. This

restricted the language model for the with-gesture condition to only those strings

compatible with the gesture stream for the sample command to be recognized.

We repeated these recognition experiments under a number of simulated noise

conditions. We added two kinds of noise to the clean recorded signal: babble noise

and car noise, each at three different signal-to-noise levels (30db, 20db, 10db). With

a total of seven different noise conditions (clean, babble 30db, babble 20db, babble

10db, car 30db, car 20db, car 10db), the with-gesture and without-gesture conditions,

16 beam widths, and 1000 utterances, a total of 224,000 speech recognitions were

performed.

For each recognition, we compared the result string to the reference string for that

command, and used the standard score mechanism from NIST to compute word and

sentence accuracy (http://www.nist.gov/speech/tools/score 362tarZ.htm).

Sentence accuracy is more pertinent to the interface task that we describe, since

it provides an indication of how many commands would have succeeded, but we

also present word accuracy in keeping with practice in speech recognition research.

Averages for word and sentence accuracy were calculated for each speaker and across

the whole corpus in each noise condition and beam width for both with-gesture

and without-gesture conditions. Average absolute error reduction, relative error

reduction, and accuracy improvement for both word and sentence accuracy were

calculated between the with-gesture and without-gesture conditions for individual

speakers, noise conditions, and across the whole corpus.4

9.1 Results and analysis

9.1.1 Multimodal compensation for speech recognition errors

In order to determine the effects of tight-coupling finite-state multimodal language

processing with speech recognition, we compared word and sentence accuracy

for the with-gesture condition to the without-gesture condition. The graph in

Figure 21 shows word and sentence accuracy for the with-gesture and without-

gesture conditions for clean speech at beam widths from 3 to 16 averaged over all

1000 utterances in the corpus.

Word and sentence accuracy were found to be higher for the with-gesture condition

at all beam widths. Both word and sentence accuracy for both conditions start to

even off around beam width 11 or 12. A series of within-subject ANOVA tests

showed these differences to be statistically significant at beam widths of three and

above (all p < 0.05). Close to real-time performance can be achieved with this

recognizer at beam widths of up to 10 or 11 and the rest of the results we will

4 If x is with-gesture accuracy, y is without-gesture accuracy, then relative error reduction
is (x-y)/100-y (improvement over total error) and accuracy improvement is (x-y)/x
(improvement over accuracy).
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Fig. 21. Word and sentence accuracy across various beam widths for clean speech averaged

across all speakers.

present below are for beam width 11. At beam width 11, average sentence accuracy is

62.7% in the without-gesture condition and 71.4% in the with-gesture condition; an

absolute error reduction of 8.7% (relative error reduction of 23%). A within-subject

ANOVA showed this increase in performance to be statistically significant (F(1,9) =

63, p < 0.001). At beam width 11, average word accuracy for clean speech is

89.8% without-gesture and 91.8% with-gesture; an absolute error reduction of 2%

(relative error reduction of 20%). A within-subject ANOVA showed this increase

in performance to be statistically significant (F(1,9) = 49, p < 0.001). Through the

tight-coupling of multimodal language processing and speech recognition enabled

by our finite-state approach almost a quarter (23%) of all sentence level errors were

avoided.

The only other reported results we found for the role of gesture in improving

speech recognition performance are given in Oviatt (1999), which reports significant

levels of mutual disambiguation among the input modes in pen/voice interaction
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Table 1. Absolute accuracy improvement with and without gesture under various noise

conditions averaged across all speakers at beam width 11

Word accuracy Sentence accuracy

w/o G w/G w/o G w/G

clean 89.8 91.8 62.7 71.4

babble 30db 88.3 90.8 59.3 68.6

babble 20db 74.7 78.1 33.7 41.6

babble 10db 26.8 30 2.1 3.5

car 30db 84.8 87.4 51.5 60.9

car 20db 52.1 55 10.7 14.2

car 10db 5.7 7.4 0.1 0.1

with a dynamic map. Oviatt (1999) examines compensation in both directions, while

here, given the nature of our application, we address unidirectional compensation

for ASR errors. The studies are hard to compare as the tasks are very different

in nature. The task in Oviatt (1999) supports a vocabulary of 400 words and a

total of only 200 unique multimodal utterances each of 1–7 syllables. Our grammar

has a vocabulary of 2388 words and the average test sentence length is 9 words.

The architecture (and task) evaluated in Oviatt (1999) only supports combinations

of speech with a single gesture while ours supports combination of speech with

multiple gestures.

9.1.2 Background noise and compensation

In order to examine the relationship between background noise level and multimodal

compensation, we compared word and sentence accuracy for the with-gesture and

without-gesture conditions at different levels of background noise. The average

word and sentence accuracy over all 1000 utterances for the seven different noise

conditions at beam width 11 are given in Table 1.

This table shows how word and sentence accuracy decrease as the background

noise level increases, for both babble noise and car noise. The addition of car

noise had a far more pronounced effect on performance than babble noise. Speech

recognition accuracy dropped a small amount with addition of babble 30db or car

30db. The car 20db drops off much more than babble 20db. At 10db, performance

with babble is in the high 20s while for car it is down in the single digits. Tight-

coupling of multimodal language processing and speech recognition reduced both

word and sentence error at all noise levels except for sentence accuracy at car

10db which was close to zero both with and without gesture. Absolute word error

reduction increases from clean to 30db to 20db for both car and babble, then

decreases at 10db. Sentence error reduction increases from clean to 30db, then

falls. To examine the relationship between background noise level and multimodal

compensation we calculated the average accuracy improvement at each noise level

as shown in Table 2. We show here only the table for babble noise (the table for car

noise is similar). As the amount of noise added to the signal increases, the relative
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Table 2. Relative accuracy improvement in different noise conditions

Clean babble babble babble

30db 20db 10db

Relative word accuracy improvement 2.3 2.9 4.8 16

Relative sentence accuracy improvement 14.6 16.8 27.2 47.2

accuracy improvement goes up for both word and sentence accuracy. Our tightly-

coupled approach continues to be effective with different levels of background noise

and moreover is increasingly more effective in improving accuracy as the level of

noise increases.

9.2 Efficiency considerations

To examine the effect of our approach on the efficiency and speed of speech

recognition, we calculated the average time taken to recognize an utterance over all

the utterances in the corpus at the 16 different beam widths for both the with-gesture

and without-gesture condition. The average time climbs much more sharply in the

without-gesture condition. At beam width 11, the average was 18 secs without-

gesture and 10 secs with-gesture; a 44% speed-up. The size of the language model

for recognition is reduced through composition with gestural information leading to

a significant reduction in processing time for the with-gesture condition. This speed

up is important since in order to pre-compose the gestural information, the start

of speech recognition must be delayed until the gesture is made. Another helping

factor is the tendency for gesture to precede speech (Oviatt 1997).

10 Discussion

The work in Oviatt (1999) utilizes the unification-based approach to multimodal

integration (Johnston et al. 1997). In this approach, the integration component

receives N-best lists of feature structures representing possible interpretations of

speech and pen gesture inputs. It attempts to integrate them by determining which

pairings of speech and gesture interpretations will unify. A problematic aspect of

this approach to multimodal integration is that if the appropriate speech or gesture

interpretation does not make it into the N-best list then there is no way for the

system to determine the appropriate interpretation – the amount of compensation

that is possible is inherently limited by the length of the N-best list. This problem

could be overcome if the unification-based multimodal integration algorithm was

redesigned and extended so that it could take take speech and gesture lattices as

inputs.

The tightly coupled finite-state approach to multimodal integration has the

potential to enable higher levels of compensation for speech recognition errors

since it directly influences speech recognition search and does not rely on the correct

answer being in the N-best list. We are examining this in ongoing work by simulating

the N-best approach on this same task. In addition to the one-pass procedure we

described here where gesture directly influences the speech recognition language

model, the finite-state approach can also be used in a two-pass configuration where
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the multimodal finite-state transducer is used to re-score lattice output from the

speech recognizer. In ongoing work, we are comparing the one and two pass

approaches. However, the two-pass approach would not have the efficiency benefits

described above.

Bellik (1995) presents an approach to the encoding of multimodal interaction

patterns which builds on work by Jacob (1986) and others on the use of Augmented

Transition Networks (ATNs) to capture the behavior of traditional graphical user

interfaces. In Bellik’s approach, multimodal input events such as spoken words and

pointing gestures are combined in accordance with a set of compositional operators

(sequential and parallel composition). Multimodal and unimodal input events are

then combined using an ATN to determine the user’s intention. This approach has

the important property that it enables the system to give immediate incremental

feedback to the user as they input the words and gestures of a single command.

This assumes of course that the ASR provides the recognition results incrementally.

Bellik’s work is an important precursor to our approach in that it uses a transition

network to represent the range of possible multimodal utterances. There are however

many differences between the two approaches.

In Bellik’s approach the actual combination of speech and gesture happens

outside of the transition network. Sequential and parallel composition operators

are used to combine click events and words. The arcs of the transition network

represent words, clicks, or multimodal combinations. In our approach, the transition

network itself encodes the relationship between speech and gesture and multimodal

integration happens as the finite-state machines which represent speech and gesture

are combined.

Furthermore, ATNs are considerably more computationally powerful than the

finite-state transducers used in our approach. They allow for constraints and actions

to be associated with the nodes. The computational power of the devices we use

is limited to that of regular languages. As such, our approach is better suited to

processing of highly uncertain input in the form of large lattices of recognition

hypotheses from speech and gesture recognition. It is not clear that the ATN

approach would scale as effectively.

In our approach there are three tapes (modeled using a pair of transducers). The

meaning representation is actually built within the finite-state framework. In Bellik’s

approach the meaning is built using operations attached to arcs in the ATN and is

not modelled in finite-state terms.

10.1 Active and passive co-reference

Bellik (1997) distinguishes active and passive co-references between the modes in

multimodal interfaces. Active co-reference involves combination of two deliberate

input events. For example, the clicking on a window and saying “close”. In passive

co-reference, an input event cannot be properly interpreted without knowing the state

of another device. For example, the user says “close” while looking at a window

on the display. The multimodal integration framework described here is primarily

directed towards analysis and combination of what Bellik terms active co-reference.

It is used for the combination of deliberate isolatable input events in multiple modes.
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One way to extend the approach to passive co-references would be to treat changes

in gaze as actions and encode these actions using a vocabulary of symbols. We think,

however, that the more appropriate strategy is not to represent passive inputs such

as gaze in the same way as active inputs such as pen gestures. We believe that the

current gaze position of the user should be made available to a multimodal dialog

manager (Johnston et al. 2002) which can exploit that information in arriving at an

interpretation.

Bellik (1997) presents an interesting example of passive co-reference in which the

user may be looking at one of four windows, and the user says “close”. In our

approach the multimodal grammar would allow for at least two interpretations of

“close”. First, a command which requires an active deictic gesture to provide the

referent. Second, a command which is unimodal speech and requires the referent

to be available from context. If the user does not make an active gesture then the

second unimodal interpretation will be the only one available after the finite-state

multimodal integration. This interpretation is then passed to the multimodal dialog

manager. The dialog manager searches the dialog history for a referent for the

command. If a referent is not available then the dialog manager checks the output

of the gaze recognizer to determine the target of the user’s gaze and if the target is

an object of appropriate type the dialog manager inserts the passive referent in the

meaning representation.

11 Conclusion

We have presented here a novel approach to multimodal language processing in

which spoken language and gesture are parsed and integrated by a single weighted

finite-state device. This device provides language models for speech and gesture

recognition and composes content from speech and gesture into a single semantic

representation. Our approach is novel not just in addressing multimodal language

but also in the encoding of semantics as well as syntax in a finite-state device.

Compared to previous approaches (Johnston et al. 1997; Johnston 1998a; Wu

et al. 1999) which compose elements from N-best lists of recognition results, our

approach provides an unprecedented potential for mutual compensation among the

input modes. It enables gestural input to dynamically alter the language model

used for speech recognition. Furthermore, our approach avoids the computational

complexity of multidimensional multimodal parsing and our system of weighted

finite-state transducers provides a well understood probabilistic framework for

combining the probability distributions associated with speech and gesture input

and selecting among multiple competing multimodal interpretations. Since the finite-

state approach is more lightweight in computational needs, it can more readily be

deployed on a broader range of platforms.

In ongoing research, we are collecting a corpus of multimodal data in order to

formally evaluate the effectiveness of our approach and to train weights for the mul-

timodal finite-state transducers. While we have concentrated here on understanding,

in principle the same device could be applied to multimodal generation which we

are currently investigating.
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We are also exploring techniques to extend compilation from feature structures

grammars to FSTs (Johnson 1998) to multimodal unification-based grammars

(Johnston 1998b).
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