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ABSTRACT 
Multimodal user interfaces allow users to interact with 
computers through multiple modalities, such as speech, 
gesture, and gaze. To be effective, multimodal user inter-
faces must correctly identify all objects which users refer to 
in their inputs. To systematically resolve different types of 
references, we have developed a probabilistic approach that 
uses a graph-matching algorithm. Our approach identifies 
the most probable referents by optimizing the satisfaction of 
semantic, temporal, and contextual constraints simultane-
ously. Our preliminary user study results indicate that our 
approach can successfully resolve a wide variety of referring 
expressions, ranging from simple to complex and from pre-
cise to ambiguous ones.  

Categories & Subject Descriptors: H.5.2 (User 
Interfaces): Theory and method, Natural language 

General Terms: Algorithms 

Keywords: Multimodal user interfaces, reference resolu-
tion, graph matching. 

1. INTRODUCTION 
Multimodal user interfaces allow users to interact with 
computers through multiple modalities such as speech, 
gesture, and gaze. Since the first appearance of the 
“Put-That-There” system [1], a number of multimodal sys-
tems have been built, among which there are systems that 
combine speech, pointing [14, 21], and gaze [13], systems 
that integrate speech with pen inputs (e.g., drawn graphics) 
[4, 23], systems that combine multimodal inputs and outputs 
[2], systems in mobile environments [19], and systems that 
engage users in an intelligent conversation [7, 20]. Studies 
have shown that multimodal interfaces enable users to in-

teract with computers naturally and effectively [16, 18]. 
Inspired by the earlier work, we are building an infrastruc-
ture called Responsive Information Architect (RIA) to fa-
cilitate a multimodal human-computer conversation [3]. 
Users can interact with RIA through multiple modalities, 
such as speech and gesture. RIA is able to understand user 
inputs and automatically generate multimedia responses via 
speech and graphics [25]. Currently, RIA is embodied in a 
testbed, called Real HunterTM, a real-estate application for 
helping users to find residential properties. 
A key element in understanding user multimodal inputs is 
known as reference resolution, which is a process that finds 
the most proper referents to referring expressions. Here a 
referring expression is a phrase that is given by a user in her 
inputs (most likely in speech inputs) to refer to a specific 
entity or entities. A referent is an entity (e.g., a specific 
object) to which the user refers. Suppose that a user points to 
“House 6” on the screen and says “how much is this one”. In 
this case, reference resolution is to infer that the referent 
“House 6” should be assigned to the referring expression 
“this one”. As described later, in multimodal conversation 
systems that support rich user interaction as RIA does (e.g., 
providing both verbal and visual responses), users may refer 
to their interested objects in many different ways. Therefore, 
developing a systematic approach to reference resolution in 
such an environment is challenging. 
To systematically resolve different types of references, we 
have developed a probabilistic approach to reference reso-
lution using a graph-matching algorithm. Our approach 
finds the most probable referents for referring expressions 
by optimizing the satisfaction of a number of constraints, 
including semantic, temporal and contextual constraints. In 
this paper, we first describe the challenges associated with 
reference resolution and some of the related work. We then 
present our probabilistic approach to reference resolution. 
Finally, we discuss our evaluation results.  

2. REFERENCE RESOLUTION  
In a multimodal conversation, rich interaction channels 
allow users to refer to their interested objects in various 
ways. User references can be simple, precise, complex, or 
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ambiguous. Next we use a concrete example (Table 1) to 
illustrate several common referring patterns. In this example, 
Real HunterTM shows a collection of objects (e.g., houses, a 
train station, etc.) on the map of three towns Chappaqua, 
Ossining, and Pleasantville.  
First in U1, the user’s gesture input results in a position near 
a house icon and a train station icon1. From the gesture alone, 
the system does not know whether the user points to the 
house, the train station, or the town of Ossining2. Continuing 
in U2, the user’s utterance does not use any referring ex-
pression3. Using this input alone, it is hard for the system to 
identify which object the user is talking about. In U3, there 
are two speech referring expressions (“this” and “these two 
houses”) and two gestures (pointing and circling). If only 
using the temporal ordering information, the system may not 
be able to decide between two cases: 1) aligning the pointing 
gesture with “this” and the circling gesture with “these 
houses”; or 2) aligning both gestures with “these two 
houses”.  
Resolving the references illustrated in the above example 
requires combining information from the multimodal inputs 
and from the interaction contexts, such as the conversation 
history, the system visual feedback, and the domain 
knowledge. For example, using domain knowledge, our 
system is able to infer that in U1 the user is actually referring 
to the house, since both the train station and the town of 
Ossining do not have the price attribute. Although no ex-
plicit referring expression is given in the speech utterance in 
U2, combining the conversation context and the visual 
properties, our system can infer that the user is referring to 
the size of the highlighted house on the screen.  
Reference resolution becomes more complicated when 
processing inputs that involve multiple referring expressions 
and multiple gestures (e.g., U3). Given a referring expres-
sion, it may be accompanied by a sequence of different 
gestures (e.g., pointing and circling in Figure 1a-b), or by a 
sequence of similar gestures (e.g., pointing in Figure 1c). 
Figure 1 shows three possible variations of gesture inputs 
accompanying the speech input in U3. Depending on the 
gesture recognition results, there may be different align-
ments between the gestures and the referring expressions in 
each case. In Figure 1(a), using the temporal information, 
one possible alignment is to pair the pointing gesture with 
“this” and the circling gesture with “these two houses”. 
However, this alignment may be incorrect, depending on the 
number of houses selected by the circling gesture. If the user 
circles two houses, it is most likely that “this” refers to the 
house selected by the pointing gesture and “these two 
houses” refers to the two houses selected by the circling 

                                                           
1 User gesture inputs are often imprecise especially when a touch 

screen is used, where a human finger is normally larger than the 
objects shown on the screen.  

2 The house icon and the train station icon are on top of a  graphic 
entity, in this case a region representing the town of Ossining.  

3 More precisely, the user did not use any referring expression here 
(i.e., similar to zero anaphora, but “is it” is what is missing).  

gesture. On the other hand, if the circling gesture only re-
sults in one object, the system may infer that “this” most 
likely refers to the highlighted house on the screen (which is 
also the focus of attention from the previous interaction), 
and “these two houses” refers to the two houses selected by 

The screen shows a collection of objects (e.g., houses, train 
station, etc.) on the map of three towns: Chappaqua, Ossi-
ning, and Pleasantville. 
 

U1: 
Speech: How much is this? 
Gesture: Point to a position between a house icon and 
a train station icon at Ossining (see map). 

R1: 
Speech: This house costs 250,000 dollars. 
Graphics: Highlight the targeted house. 

U2: Speech: How large? 

R2: 
Speech: It has 2200 square feet. 
Graphics: The previous house stays highlighted 

U3: 
Speech: Compare this with these two houses. 
Gesture: Point, and Circle  

R3: 
Speech: Here is the comparison chart. 
Graphics: Highlight three houses and show a chart 

 
Table 1. A conversation fragment between a user and 
Real HunterTM. U1, U2, and U3 are the user inputs. R1, 
R2, and R3 are the responses from Real HunterTM. 
Gesture input: ……...……♦…….……. … ………

(a)
Time

Speech input: Compare  this     with     these   two houses.

Gesture input: ……...………………..♦…… ……

(b)
Time

Speech input: Compare  this  with       these    two     houses.

Gesture input: ……...………….. ..♦….….♦…...…♦……

(c)
Time

Speech input: Compare  this   with     these   two     houses.

 
Figure 1. Three variations of U3. The timing of the point 
gesture is denoted by♦ and the timing of the circle ges-
ture is denoted by Ο.  



the pointing and the circling gestures, respectively.  
Similarly, in Figure 1(b), since the pointing and the circling 
gestures are temporally closer to the expression “these two 
houses”, it is more likely for both gestures to be aligned with 
“these two houses”. In Figure 1(c), three consecutive 
pointing gestures are used. Although all three gestures are 
temporally closer to the expression “these two houses”, this 
expression specifies that only “two” objects be the potential 
referents. Thus it is more likely that the house selected by 
the first pointing provides the referent to “this”, and the 
following two pointing gestures supply the referents to 
“these two houses”. To resolve all these complex references 
described above, we need to consider the temporal relations 
between the referring expressions and the gestures, the se-
mantic constraints specified by the referring expressions, 
and the contextual constraints from the prior conversation. 
Any subtle variations in any of the constraints, including the 
temporal ordering, the semantic compatibility, and the ges-
ture recognition results will lead to different interpretations.  

3. RELATED WORK 
Previous work on multimodal reference resolution includes 
the use of a focus space model [15], the use of the centering 
framework [24], and the use of contextual factors [8]. Ap-
proaches to multimodal integration [10, 11], although fo-
cusing on a different problem, provide effective solutions to 
reference resolution by combining inputs together from 
different modalities. For example, the unification-based 
multimodal fusion approach can identify referents to refer-
ring expressions by unifying feature structures generated 
from the speech utterances and from the gestures through a 
multimodal grammar [10]. The unification mechanism en-
forces the semantic compatibility between different inputs. 
In addition, it also applies temporal constraints, which are 
specified by a set of pre-defined integration rules [17]. Using 
this approach to accommodate various situations such as 
those described in Figure 1 will require adding different 
rules to cope with each situation. If a specific user referring 
behavior did not exactly match any existing integration rules 
(e.g., temporal relations), the unification would fail and 
therefore references would not be resolved.  
A recent study by Kehler reported that the interpretation of 
referring expressions can be achieved with a very high ac-
curacy using a visual context (e.g., visual focus) with a 
simple set of rules [12]. In our experiments, we found that 
those rules are very effective in processing inputs with a 
single referring expression accompanied by precise gestures. 
Since those rules assume that all objects can be determinis-
tically selected by gestures, this approach does not support 
ambiguous gestures as described in our case.  
Our approach is inspired by both unification-based and 
context-based approaches to multimodal interpretation. On 
the one hand, as in unification-based multimodal integration 
[10], our approach considers both semantic and temporal 
constraints. On the other hand, our approach considers the 
constraints from the conversation context as in a con-

text-based approach. In particular, our approach focuses on a 
new aspect of reference resolution, which involves finding 
the most probable referents to all unknown references using 
information from multiple sources. Unlike earlier work, our 
approach always provides a solution that maximizes the 
overall satisfaction of semantic, temporal, and contextual 
constraints. To achieve this goal, we developed a probabil-
istic approach using a graph-matching algorithm. Specifi-
cally, we represent all information gathered from multiple 
input modalities and the contexts as attributed relational 
graphs (ARGs) [22], and model reference resolution as a 
constrained probabilistic graph-matching problem.  

4. GRAPH-BASED INFORMATION 
REPRESENTATION 

Reference resolution relies on not only the properties of 
referring expressions and potential referents, but also on 
their inter-relations. ARG is an ideal representation for such 
properties and relations. In particular, we use three ARGs to 
represent the information collected from the speech input, 
the gesture input, and the conversation context. Next we 
introduce our ARG representation, we then describe how to 
automatically generate the three ARGs.  
An ARG consists of a set of nodes that are connected by a set 
of edges. Each node represents an entity, which in our case is 
either a referring expression to be resolved or a potential 
referent. Each node is associated with a feature vector en-
coding the properties of the corresponding entity. Each edge 
represents a set of relations between two entities, and is also 
associated with a feature vector encoding the properties of 
such relations.  
Currently, the feature vector of a node contains the semantic 
and temporal information. The feature vector of an edge 
describes the temporal relation and the semantic type rela-
tion between a pair of entities. In the future, more relations 
(e.g., spatial relation)) can be easily added. A temporal re-
lation indicates the temporal order between two related 
entities during an interaction, which may be one of the fol-
lowing:  
• Preceding: Node A precedes Node B if the entity repre-

sented by Node A is mentioned right before the entity 
represented by Node B in a specific modality. For exam-
ple, “this” precedes “these two houses” in the speech input 
of U3 in Table 1. 

• Concurrent: Node A is concurrent with Node B if the 
entities represented by them are referred or mentioned 
simultaneously in a specific modality. For example, a 
circling gesture may select a group of objects. All selected 
objects are considered concurrent with each other. 

• Non-concurrent: Node A is non-concurrent with Node B 
if their corresponding objects/references cannot be re-
ferred/mentioned simultaneously and the preceding rela-
tion does not hold between them.  



• Unknown: The temporal order between two entities is 
unknown, it may take the value of any of the above.  

A semantic type relation indicates whether two related enti-
ties share the same semantic type. When a semantic type 
relation cannot be identified from the entities themselves or 
from the contexts those entities are referred to, it is set to 
“unknown”.  

4.1 Construction of Speech ARG 
A speech ARG captures the information about referring 
expressions that occur in a speech input. Figure 2 shows the 
speech ARG created by processing the speech input in U3. 
In a speech ARG, each node represents a referring expres-
sion and each edge represents a semantic relation and a 
temporal relation between the referring expressions. To 
create this graph, our system first uses IBM ViaVoiceTM to 
transcribe a speech utterance into text, and then applies a 
grammar-based parser to identify key phrases and their 
relations.  
For example, from the speech input in U3, our system iden-
tifies three key phrases “compare”, “this”, and “these two 
houses”. Among these three key phrases, two referring ex-
pressions “this” and “these two houses” are identified. Ac-
cordingly, two nodes are created for these two referring 
expressions as shown in Figure 2. From each referring ex-
pression, our system then identifies a set of pertinent se-
mantic features, such as the semantic type of the potential 
referents and the number of potential referents4. Further-
more, we use ViaVoiceTM to extract the time stamps of each 
word when it is uttered, and derive the time duration for each 
referring expression.  
Our system extracts the following semantic features and the 
temporal features of each expression:  
• The identifier of the referent. The unique identity of the 

potential referent. For example, the proper noun “Ossi-
ning” specifies the town of Ossining.  

                                                           
4 We use a set of rules to extract semantic features. For example, 

one rule “Num(X) Noun(Y) -> BASE: Y, NUMBER: X” indicates 
that if a number is followed by a noun, then this number and the 
base form of the noun will be extracted as the number feature 
(NUMBER) and the semantic type feature (BASE).  

• The semantic type of the potential referents indicated by 
the expression. For example, the semantic type of the re-
ferring expression “this house” is house.  

• The number of potential referents. For example, a singular 
noun phrase refers to one object. A plural noun phrase 
refers to multiple objects. A phrase like “three houses” 
provides the exact number of referents (i.e., 3). 

• Type dependent features. Any features, such as size and 
price, are extracted from the referring expression.  

• The time stamp that indicates when a referring expression 
is uttered.  

• The syntactic categories of the referring expressions (e.g., 
a demonstrative vs. a pronoun). This information helps the 
system to draw correlations between the type of refer-
ences used and the status of objects referred.  

As shown in Figure 2, node 2 (corresponding to “these two 
houses”) specifies that the potential referent should be a 
house object (Base: house), and the number of potential 
referents should be two (Number: 2). 
Each edge in a speech ARG captures the temporal relation 
and the semantic type relation between two referring ex-
pressions. The temporal relation is decided based on the time 
when the two expressions are uttered. The semantic type 
relation is either directly derived from the expressions 
themselves, or inferred from the entire speech input where 
these expressions are uttered. For example, in U3 (Table 1), 
the user does not provide a specific semantic type for the 
potential referent in the expression “this”. The whole speech 
utterance shows that the user is asking for a comparison of 
multiple objects. Based on the domain knowledge that the 
comparable objects most likely share the same semantic type, 
our system is able to infer that the semantic type relation 
between “this” and “these two houses” be the same.  

House 2

House 7

House 10

House 1

House 9

House 3

Ossining Chappaqua

Sub-graph of the 
point gesture

Sub-graph of the 
circle gesture

Node 1
Base: House
Identifier: H2
Aspect: {Price, Size, …}
Selection Prob.: 0.53
Timing: 32264282

Relation 7
Direction: Node 5 ↔ Node 6
Temporal: Concurrent
Semantic type: Same

Relation 8
Direction: Node 4 → Node 7
Temporal: Preceding
Semantic type: Different

House 2

House 7

House 10

House 1

House 9

House 3

Ossining Chappaqua

Sub-graph of the 
point gesture

Sub-graph of the 
circle gesture

Node 1
Base: House
Identifier: H2
Aspect: {Price, Size, …}
Selection Prob.: 0.53
Timing: 32264282

Relation 7
Direction: Node 5 ↔ Node 6
Temporal: Concurrent
Semantic type: Same

Relation 8
Direction: Node 4 → Node 7
Temporal: Preceding
Semantic type: Different

Figure 3. The gesture ARG of U3 

Node 1
Surface: “this”
Base: Unknown
Number: 1
Begin Time: 32264270
End Time: 32264273

Surface: “these two houses”
Base: House
Number: 2
Begin Time: 32264381
End Time: 32264398

Node 2

Relation: 1
Direction: Node1 → Node2
Temporal: Preceding
Semantic type: Same

 
Figure 2. The speech ARG of U3 



4.2 Construction of Gesture ARG 
A gesture ARG encodes the information about the objects 
selected by gesture inputs. Currently, we focus on two types 
of deictic gestures, pointing and circling, both of which 
select objects from a graphic display. Gesture inputs may be 
inaccurate especially when a touch screen is used, where 
displayed objects are often too small for a human finger to 
pinpoint at. Therefore, our gesture recognition module as-
signs a probability to each object that is likely to be selected 
by a gesture.  
For pointing gestures, given a selection point (x, y) on the 
screen, our system uses the following method to select a set 
of potential objects and calculate their selection probabilities. 
If (x, y) intersects with any polygons that constituent an 
object on the screen, then the selection probability of this 
object is 1.0. Note that the point (x, y) may intersect with 
multiple objects simultaneously, especially when objects 
overlap with each other (e.g., two nearby house icons may 
overlap). Otherwise, we set a circular effective region, 
which centers at (x, y) and has the radius r. The radius r is 
equal to the minimum dimension of the bounding rectangles 
of the objects on the screen. If the object intersects the circle, 
the selection probability of the object is e-2d/r, where d is the 
minimal distance between the boundary points of the object 
and (x, y). 
To recognize a circling gesture that selects one object or a 
group of objects, our system traces the trajectory of the 
user’s mouse movements during interaction. We consider a 
trajectory a circle if it intersects with itself or its two end 
points are close enough. If an object icon falls inside the 
circle, its selection probability is 1.0; the probability is 0.0 if 
the object falls outside of the circle. If an object icon inter-
sects with the circle, its selection probability is equal to the 
ratio of its area inside the circle to its whole area.  
Using the results produced by the gesture recognition mod-
ule, our system builds a gesture ARG including all gestures 
that occur during one interaction5. At each interaction, one 
input may contain a sequence of gestures: g1, g2, …, gK. For 
example, the gesture input of U3 in Table 1 consists of a 
pointing gesture and a circling gesture. For each gesture gi, 
our system creates a sub-graph. In each sub-graph, each 
node, known as a gesture node, represents an object selected 
by this gesture. The feature vector of a gesture node contains 
the following information pertinent to the object represented: 
the identifier, the semantic type, the attributes (e.g., a house 
object has attributes of price, size, etc.), the time stamp when 
the object is selected (relative to the system start time), and 
its selection probability. Each edge in a sub-graph represents 
the semantic type relation and the temporal relation between 
two nodes. The semantic type relations can be easily iden-
tified because the identities of the objects are known. The 
temporal relations between two nodes within a sub-graph are 

                                                           
5 Currently, we use the inactivity (i.e., 2 seconds with no input from 
either speech or gesture) as the boundary to delimit an interaction 
turn.  

labeled as “concurrent”, since within a single gesture all 
objects are considered being selected simultaneously. As 
shown in Figure 3, there are two sub-graphs generated for 
the pointing gesture and the circling gesture, respectively. 
We use the thicker edges to represent the relations between 
the nodes within the sub-graphs.  
By connecting sub-graphs together, our system then creates 
the final gesture ARG. To connect the sub-graphs, new 
edges are added based on the temporal order between the 
gestural events. These new edges link the nodes of the sub-
graph for one gesture gk to the nodes of the sub-graph for the 
next gesture gk+1. The semantic relation of the new edges can 
also be easily identified. The temporal relations of the new 
edges are set as “preceding”. As shown in Figure 3, the 
sub-graphs of the pointing gesture and the circling gesture 
are connected to form the final gesture ARG. Here the new 
edges are depicted using thinner lines.  

4.3 Construction of History ARG 
To exploit the conversation context, we use a history ARG 
to capture the information about objects that are in focus 
during the last interaction. This provides another source for 
finding the potential referents. Specifically, a history ARG 
consists of a list of objects that are in focus during the most 
recent interaction. Each node, called a history node, contains 
information related to the object in focus, including its 
identifier and its semantic type. Since the objects in the 
history can be referred by a user in an arbitrary order, the 
temporal relations between any two history nodes are la-
beled “unknown”. Furthermore, the semantic relations are 
decided based on the known identities of the objects. Figure 
4 shows the history ARG created after U3 (Table 1) is 
processed. This history ARG will be used to process the next 
input (U4). Since there are three houses in focus in U3, there 
are three nodes in the ARG. All three nodes are connected 
by the semantic type relations and the temporal relations.  

Node 1
Base: House
Identifier: H2
Aspect: {Price, Size, …}
… … …

Relation 3
Direction: Node 2 ↔ Node3
Temporal: Undecided
Semantic type: Same

Node 2
Base: House
Identifier: H8
Aspect: {Price, Size, …}
… … …

Node 3
Base: House
Identifier: H9
Aspect: {Price, Size, …}
… … …

Relation 1
Direction: Node 1 ↔ Node 2
Temporal: Undecided
Semantic type: Same

Node 1
Base: House
Identifier: H2
Aspect: {Price, Size, …}
… … …

Relation 3
Direction: Node 2 ↔ Node3
Temporal: Undecided
Semantic type: Same

Node 2
Base: House
Identifier: H8
Aspect: {Price, Size, …}
… … …

Node 3
Base: House
Identifier: H9
Aspect: {Price, Size, …}
… … …

Relation 1
Direction: Node 1 ↔ Node 2
Temporal: Undecided
Semantic type: Same

 
Figure 4. The history ARG after U3 is processed 



5. GRAPH-MATCHING PROCESS 
For each multimodal user input, we create three graphs: a 
speech ARG, a gesture ARG, and a history ARG as de-
scribed above. Given these three ARGs, we formulate ref-
erence resolution as a probabilistic graph-matching problem 
under the following assumptions: 
• A speech utterance may include multiple referring ex-

pressions. Some of them may refer to the objects selected 
by the gesture. Some of them may refer to the objects 
mentioned in the prior conversation.  

• A referring expression may refer to an object that is not in 
the gesture ARG or in the history ARG. Some objects may 
be distinguished from the others by their unique features. 
For example, if there is only one red house shown on the 
graphic display, the user may use the phrase “the red 
house” to precisely refer to the intended target. Hence, our 
system also maintains an object list, called secondary 
object list, which records the objects that are not in the 
gesture ARG or in the history ARG, but are currently 
visible on the graphic display. 

• A referring expression may refer to a group of objects 
(e.g., “these houses”). In such cases, we assume that ref-
erents should all come from one single information 
source, either from the gesture ARG, the history ARG, or 
the secondary object list mentioned above.  

5.1 Referring Graph and Referent Graph 
Under the above assumptions, we arrange the three ARGs 
into two graphs: a referring graph and a referent graph. A 
referring graph is basically the speech ARG. It contains a 
collection of referring expressions to be resolved. A referent 
graph is the aggregation of a gesture ARG and a history 
ARG. To build a referent graph, we add new edges to con-
nect the gesture ARG and the history ARG. These edges 
connect every gesture node to every history node. The se-
mantic type relations of these new edges can be easily in-
ferred using the already known object identities. Based on 
our assumption that the objects from the history ARG and 
the objects from the gesture ARG cannot be referred si-
multaneously by one referring expression, the temporal 
relations of the new edges are set as “non-concurrent”. If the 
size of the secondary object list is small, all objects on this 
list are added to the referent graph in the following manner. 
First, for each object in the list, a node is created and known 
as a secondary node. Then, edges are added to connect each 
secondary node to every node already in the referent graph. 
We set their semantic type based on their identities, and set 
their temporal relations as “non-concurrent”.  
Given a referring graph and a referent graph, reference 
resolution is a graph-matching problem, which aims to find 
the best match between the referent graph and the referring 
graph, while optimizing the satisfaction of various temporal, 
semantic, and contextual constraints. 

5.2 Graph-matching Algorithm 
First let us define notations.  
• The referent ARG: Gr = 〈{ax}, {rxy}〉, where {ax} is the 

node list and {rxy} is the edge list. The edge rxy connects 
nodes ax and ay. The nodes of Gr are called referent nodes. 

• The referring ARG: Gs = 〈{αm}, {γmn}〉, where {αm} is the 
node list and {γmn} is the edge list. The edge γmn connects 
nodes αm and αn. The nodes of Gs are called referring 
nodes. 

Our approach finds the best match between the referent 
graph and the referring graph by maximizing the following 
term with respect to P(ax,αm): 

       
( , ) ( , ) ( , )

( , ) ( , ) ( , )
r s x m x mx m

x m y n xy mnx y m n

Q G G P a a

P a P a r

α ζ α

α α ψ γ

= +∑ ∑
∑ ∑ ∑ ∑

 (1) 

Here P(ax,αm) is the matching probability between a referent 
node ax and a referring node αm. Here ΣxP(ax,αm) = 1, if the 
speech referring node αm refers to a single object.  
The term Q(Gc,Gs) measures the degree of the overall match 
between the referent graph and the referring graph. This 
term not only considers the similarities between the nodes in 
both graphs, but also considers the similarities between the 
edges in both graphs. The function ζ(ax,αm) measures the 
similarity between a referent node ax and a referring node αm. 
ζ(ax,αm) is defined based on the node properties of both ax 
and αm. The function ψ(rxy,γmn) measures the similarity 
between the edges rxy and γmn. The domain knowledge is 
incorporated in the design of ζ(ax,αm) and ψ(rxy,γmn). Cur-
rently these functions are empirically determined through a 
series of regression tests. In the future, these functions may 
be automatically learned from our experimental data.  
We have adopted the graduated assignment algorithm [5] 
to maximize Q(Gr,Gs) in (1). Our algorithm initializes 
P(ax,αm) using the selection probability if ax comes from a  
gesture ARG and a pre-defined probability if ax comes 
from a history ARG. It then iteratively updates the values 
of P(ax,αm) until the algorithm converges. When the algo-
rithm converges, P(ax,αm) is the matching probability 
between a referent node ax and a referring node αm. Our 
algorithm will always find a most probable match between 
a referent node and a referring node. Based on the value of 
P(ax,αm), our system decides whether a referent is found 
for a given referring expression. Currently, if P(ax, αm) is 
greater than a threshold (e.g., 0.8), our system considers 
that  referent ax  is found for the referring expression αm. 
On the other hand, there is an ambiguity if there are two or 
more nodes matching αm and αm is supposed to refer to a 
single object. In this case, since there is no sufficient evi-
dence from either inputs or the context for our algorithm to 
resolve these ambiguities, our system will ask the user to 
further clarify the object of his/her interest.  

Note that the number of referent nodes may not match the 
number of the referring nodes. In other words, we may not 



find a match for a referent node or a referring node. To deal 
with this problem, a null node, which is a place holder and 
does not physically exist, is added to both a referent graph 
and a referring graph before the matching starts. Null 
nodes are the slack variables in the graduated assignment 
algorithm and provide matching destinations for un-
matched referent or referring nodes. 

6. SYSTEM IMPLEMENTATION  
We have implemented the GUI and the gesture recognition 
component in C++ using Microsoft Visual C++ 6.0. The 
grammar-based parser for understanding speech utterances 
was implemented in Java, so is our graph-matching algo-
rithm. Different components run as synchronized threads 
and communicate with each other using the TCP/IP protocol. 
The system runs in real-time under Windows 2000 with 1.1 
GHz CPU and 512 MB of RAM..  

7. EVALUATION 
To evaluate our approach, we have conducted a preliminary 
user study. Eight subjects participated in our study. The 
subjects were asked to interact with the system using both 
speech and gestures to accomplish three tasks. The tasks 
were designed so that the subjects could explore different 
house or town information. For example, one task was 
finding the least expensive house in the most populated town. 
The voice was trained for each subject to minimize recog-
nition errors. 
Table 2 contains a summary of the referring patterns ob-
served in this study. The columns indicate whether there is 
no gesture, one gesture, or multiple gestures in one input. 
The rows indicate whether there is no referring expression, 
one referring expression, or multiple referring expressions in 
one speech utterance. As shown in the table, the majority of 
observed user references involve only one referring expres-
sion and one gesture (e.g., [S2, G2] in Table 2). This is 
consistent with earlier findings [12]. Previous approaches 
work well with these simple references. However, in this 
study, we also found that 14.1% of the inputs were complex, 
consisting of multiple referring expressions from the speech 
utterances and multiple gestures (S3 in Table 2). Further-
more, 12.2% of gesture inputs were ambiguous where users 
did not precisely indicate the objects of their interest (the 
ambiguous data is not shown in Table 2). These behaviors 

are not observed in [12] partly due to the different interface 
design and the increased complexity of tasks. 
Table 3 summarizes the performance of our approach in this 
study. Totally 109 out of 156 referring expressions are cor-
rectly resolved (about 70%). This overall performance is 
largely influenced by the poor speech recognition rate. Out 
of 156 referring expressions, only 94 are correctly recog-
nized (60%). However, the results have confirmed the ear-
lier findings that fusing inputs from multiple modalities 
together can compensate for the recognition errors through 
mutual disambiguation [18]. Among 62 referring expres-
sions that are incorrectly recognized, 26 of them are cor-
rectly assigned referents by our algorithm.  
Among the referring expressions that are correctly recog-
nized, the accuracy of our approach is 88.3% (i.e., 83/94). 
The errors are mainly from the following sources: 1) vo-
cabularies used by the users are not covered by our gram-
mars (8 out of 11 cases). For example, “area” is not in our 
vocabulary. Thus any additional constraints expressed re-
lated to “area” is not captured. Therefore, our system cannot 
identify whether a house or a town is the referent when the 
user utters “this area”. 2) The speech and gesture inputs are 
unsynchronized within our turn-determination time thresh-
old (i.e., 2 seconds). In one case, the gesture input occurred 
more than 2 seconds before the speech input. 3) In two other 
cases, spatial relations (as in “the house just close to the red 
one”) and superlatives (as in “the most expensive house”) 
were used but not interpreted correctly. 
In this study, we focus on investigating ambiguous gesture 
inputs (similar to those handled by the unification-based 
approach [9]). No ambiguities from speech inputs were 
examined. Out of 19 ambiguous gestures, the references in 
11 cases were correctly disambiguated. In seven cases, since 
there was no information from either the speech input or the 
conversation context to disambiguate the object of interest, 
the system asked the user for further clarification. Further-
more, when handling complex inputs, once the spoken ex-
pressions were correctly recognized, our approach achieved 
an accuracy rate of 92.9%.  

1566294Total

473611Identified 
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1092683Identified 
correctly

TotalRecognized 
Incorrectly

Recognized 
correctly
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TotalRecognized 
Incorrectly

Recognized 
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Table 3: Overall evaluation results. The columns indicate 
the number of referring expressions that were correctly or 
incorrectly recognized by the speech recognizer. The rows 
indicate the number of referring expressions whose refer-
ents are correctly or incorrectly identified by the 
graph-matching algorithm. 

 G1: No 
gesture 

G2: One 
gesture 

G3: Multiple 
gestures 

Total 
numbers 

S1: No referring 
expression 2 1 0 3 

S2: One referring 
expression 12 117 2 131 

S3: Multiple refer-
ring expression 1 6 15 22 

Total numbers 15 125 17 156 
 

Table 2. Referring patterns from the user study. 



8. CONCLUSION AND FUTURE WORK 
This paper describes a novel technique that uses a prob-
abilistic graph-matching algorithm to systematically resolve 
a wide variety of references during a human-computer mul-
timodal conversation. Our approach incorporates temporal, 
semantic, and contextual constraints together in one 
framework and derives the most probable interpretation that 
best satisfies all these constraints. Preliminary user study 
results have shown that our approach can successfully re-
solve referring expressions, no matter simple or complex, 
precise or ambiguous, regardless of their referential forms.  
Since our current implementation only considers ambigui-
ties from gesture inputs, we plan to extend it to handle am-
biguous speech utterances in the near future. Other plans for 
future work include the identification of speech disfluencies 
and gesture disfluencies using multimodal information. In 
our study, we have observed speech disfluencies such as 
speech repair and gesture disfluencies such as repetition (i.e., 
repetitively point to an object). Correctly identifying all 
these disfluencies will further improve reference resolution 
in a practical human-machine conversation.  
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