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Visual Context Driven Semantic Priming of Speech
Recognition and Understanding

Deb Roy and Niloy Mukherjee

Abstract—Fuse is a spoken language understanding systemprovide speech processing capabilities for an interactive con-
that integrates visual context into early stages of speech recogni- versational robot [6]. A straight forward approach is to take an
tion. Given a visual scene and a spoken description, the system tha_shelf speech recognition system and connect its output

finds the object in the scene that best fits the meaning of the
description. To solve this task, Fuse performs speech recognition to other modules of the robot. We argue, however, that by

and visually-grounded language understanding. Rather than treat treating the speech recognizer as a black box that is unaware
these two problems separately, knowledge of the visual semanticsof the contents of other modules, valuable information is lost.
of language and the specific contents of the visual scene areSince high accuracy speech recognition in natural conditions

fused into the speech recognition process. The system effectively,ayaing ynattainable, leveraging information from other chan-
anticipates various ways a person might describe any object '

in the scene, and uses these predictions to bias the speecﬁ](alS can. be of |mmense value. )
recognizer towards likely sequences of words. A dynamic model ~We will consider the problem of understanding spoken
of visual attention is used to focus processing on likely objects utterances that make reference to objects in a scene. When
within the scene as spoken utterances are processed. Visualan ytterance is known to refer to an object in the immediate
attention and language prediction reinforce another and converge o pnyironment, the hearer can use knowledge of the shared
on interpretations of incoming speech signals which are most . ! - .
consistent with visual context. In evaluations, the introduction €nvironmentto anticipate words and phrases that the speaker is
of visual context into the speech recognition process results likely to choose. A difficulty in this approach is that there are
in significantly improved speech recognition and understanding typically numerous potential referents in most environments.
accuracy. The underlying principles of this model may be applied The hearer does not know, a priori, which referent the speaker
to a wide range of speech understanding problems including jnanqs to describe (otherwise there would be no need to listen
mobile and assistive technologies in which contextual information . . . .
can be sensed by the system and semantically interpreted to bias!© the speech!). Our approach is to jointly infer the most likely
processing. words in the utterance along with the identity of the intended
referent.
This approach has been implemented in an on-line, real-
. INTRODUCTION time, multimodal processing system. Visual scene analysis
reaches into the core of the speech recognition search al-
Modularity is a central principal in the design of complexjorithm and steers search paths towards more likely word
systems, and is often postulated in theories of human coggéquences. The semantic content of partially decoded spoken
tion [1], [2]. Modules operate as encapsulated “black boxegtterances, in complement, feed back to the visual system
that can only access other modules through well-defingéld drive a dynamic model of visual attention. As processing
interfaces. Access to internal data structures and processpigceeds, linguistic and visual information mutually reinforce
within modules is privileged. Studies of human behaviogach other, sharpening both linguistic and visual hypotheses
however, sometimes reveal surprising breaches of modulariy sensory evidence accumulates. We show that in contrast to
For example, recent psycholinguistic experiments have showiddular approaches to integration, early integration leads to
that acoustic and syntactic aspects of online spoken langugg®stantial improvement in speech recognition accuracy. We
comprehension are influenced by visual context. During ielieve that the strategic introduction of cross-module bridges
terpretation of speech, partially heard utterances have b%ﬁy be an important design principal in a wide range of
shown to incrementally steer the hearer’s visual attention [3pplications beyond the specific system presented.
and vice versa, visual context has been shown to influenceafter providing some background remarks, Section intro-
speech processing [4], [5]. Motivated by these findings, Wfices the task we used for our current work on contextualized
have developed a spoken language understanding systerdgBech understanding. This section provides a self-contained
which visual context primes early stages of speech processiggerview of our approach to integration of visual context into
resulting in significantly improved speech recognition angheech recognition. Subsequent chapters provide details on
understanding accuracy. aspects of this approach, followed by experimental evaluations.
The development of robots provides an exemplery problem
that lends itself to modular design. In practically all robots,
the perceptual, planning, motor control, and speech systems
(if any) operate independently and are integrated throughintegration of spoken and visual input has been investigated
relatively high level interfaces. In this paper, we consider the a wide range of tasks. It is useful to distinguish two broad
design of a speech understanding system that will eventuatlasses of tasks. Lef and V' denote the speech and visual

Il. BACKGROUND
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input signals, respectively. The speech signal’s primary rodemmands containing qualitative spatial expressions. Although
is to encode sequences of words. Prosodic aspects of spegmech may provide linguistic input to their framework, there
also encode affective, syntactic, and stress information. Adl no mechanism for propagating semantic information to
information in .S convey the speaker’s intent. In contrakt, early speech processing due to the modular design of their
may carry two distinct kinds of information, depending omodel. Wachsmuth and Sagerer (2002) presents a probabilistic
the task. Consider first the problem of audiovisual lipreadingecoding scheme that takes the speech signal and an image
In this task, visual input typically consists of images of ther image sequence as input. The speech signal is decoded
speaker’s lips as they speak. In this case, the basic kindimfiependent of the decoding of the image data. A Bayesian
information carried inV is the same a$: words. The visual network integrates speech and image representations to gen-
channel provides complimentary or redundant aspects of thiate a representation of the speaker’s intention. In summary,
surface form of words. This complementarity of encodings @&ach of these systems integrates spoken language with visual
word surface forms can be leveraged to increase recogniticontext, but the conversion of speech to text occurs in a
accuracy. For lipreading, we can say that= V;, wherei contextual vacuum. In contrast, we have explored one way
reminds us that the purpose of the visual channelisditate to push context into speech recognition.
The lips are part of the speakers way of conveying his/herln our own previous work [9], we have developed a trainable
intention. A related problem that has received significaspoken language understanding system that selects individual
attention is the integration of speech with visually observambjects on a table top based on referring spoken language
gestures made either by hand or using a mouse. Although haxgressions. The system uses speech recognition output and
gestures are very different in nature from the motion of lipgnage representations generated by a visual analysis module
broadly speaking, both belong to the same clas¥ of V; to robustly parse the speech in real time and points to an object
since gestures also play the role of indicating the speakettgt best fits the description. In contrast to these previous
intentions. works, the approach presented here demonstrates integration
In contrast, consider the problem of building a speech under- visual context into core of the speech recognition search
standing system for robot in which the visual input comes froprocess, a process that is treated as modular and isolated
a camera mounted in the robot, looking out into the robotfsom visual influence in previous work. To make the early
environment. The speaker asks the robot to pick up a red blotkk between visual context and speech, we rely on visually-
The visual channel might capture the speaker, complete wigtounded models of word semantics that we developed in
lip movements and other body gestures. However, the vis@alprevious system [10]. For other approaches to visually-
signal will also contain information about the robotsntext grounding word meaning, see also [11]-[16].
which in this case may include a red block. We indicate this
kind of visual information by sayiny = V; + V., whereV, I1l. OVERVIEW
denotes contextual information captured in the visual signal.
If the speaker is not in view, thelr = V.. The contents of
V. are fundamentally different frorly; since S may beabout
aspects of/, but notV;2.

To study the role of visual context in spoken language
comprehension, we developed a simple scene description task.
Participants in a data collection study were asked to verbally
; ) . ) describe objects in scenes consisting of oversized lego blocks
The focus of this paper is for a task in whidh = Vi, (rigyre 1). No restrictions were placed on the vocabulary,

i.e, the visugl inpu't contains purely contextuall information. | le, or length of description. Typical descriptions ranged
contrast to lipreading and gesture understanding problems,%pén simple phrases such as, “The green one in front” to more
will instead investigate the semantic referential content of ﬂ&%mplex referential utterances such as

V|sualf3|gnal aI”‘?' how "T _candble m(tjegrate((jj_wﬁhm useful  haneath the smaller red and yellow ones”. The result of this
ways for a real-time multimodal understanding system. 4.5 cojlection was a set of images and spoken descriptions to

Most previous work on integrating visual context withyye s in the images. We addressed the problem of visually-

speech / language understanding involves modular, late in dunded speech understanding: given a spoken description,
gration. SAM (speech activated manipulator) [7] is a robotig

. L ! ; d the object in the scene that best fits the description.
system with sensory capabilities that interacts with a hu—In a modular approach, speech recognition and visual

man cr(])nversatl_on partr(;er _throlugh Isp(_)ken language g'al%alysis would be performed separately and combined by an
Speech recognition and visual analysis are integrated ajg,qator that does not affect the internal operations of earlier

relatively late stage through an augmented transition ”et""%q%\ges of processing. In previous work, we have followed this
that operates on a frame-based knowledge representatiQiiy (ar approach [9], as have others (cf. [7], [17]).

Crangle and Suppes [8] have proposed an approach to verbqh this section, we provide an overview of an alternate

interaction with an instructable robot based on a unificati proach in which the core speech recognition process is
grammar formalism. They have examined the use of expl%{ﬁered by knowledge of visual context

verbal instructions to teach robots new procedures and have
also studied ways a robot could learn from corrective user o N
A. The Role of Language Modeling in Speech Recognition
_ 10ne can imagine rare exceptions to this. A person, while Waying their arm Speech recognition is most Commomy formulated in a max-
in a strange gesture, might say, “It hurts when ItHis’, where, “this” refers . T .
Jmum likelihood framework [18]. Given an observed spoken

to the gesture. This is harder to do with lips, and for our current purpos ° .
we set these exceptions aside. utterance, X, we wish to choose a word strird

“The large green block
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Many extensions to basic n-gram language models have
been proposed such as variable length histories [19], long
distance dependencies [20] (for a review, see [21]). Stochastic
context-free grammars provide an alternative to n-grams that
does not make Markov assumptions [22]. Our goal is to
introduce a form of visually-driven semantic priming into the
statistical language model of a real-time speech recognizer.
In principal, any of the n-gram extensions mentioned above
can be augmented with visual context in the way that we
propose. For simplicity, we have chosen to work with the
bigram language model which has sufficient modeling power
Fig. 1. A typical visual scene in the current experimental task. for the present scene description task.

The parameters of a bigram model are usually estimated
from a large text corpus. Given a training corpus of size
words in which wordw occurs|w| times, the maximum like-

— argmax lihood estimate ofP(w) is |w|/T. The maximum likelihood
W= w PXW)PW) (1) estimates for the conditional ternf¥(w;|w;_1) are given by
The termsP(X|W) and P(W) correspond to an acous-'wi‘l’wimwi‘ Where'“’i‘.“wi' is the number of times the
tic model and language model, respectively. In conventional Ao chc@Vi—1, Wi OCCUTS I the training corpus. .
speech recognition systems, the acoustic model captures th\é\/OrOIS may be clustered into equwalenc_e class_es_lea_d N9
. . . ... to.n-gram class models [23]. For example, if the distribution
acoustic properties of speech and provides the probability off ds in th iahborhood d¥ond d Tuesd
speech observation given hypothesized word sequencesolnWor s In the neignborhoo onday and tuesdayare
N L believed to be similar, the words can be clustered, and treated
audio-visual speech recognition systems, speech observations

include both acoustic and visual information. The acousffe equivalent for language modeling. The principal benefit of

model that provides (X1 is generalzed to aiso model EA0 BEE SPRCe L T BE R E B TR e
visual information. Referring to our discussion in Section Il 9 X € p o
L . . . : . are not encountered in training. We can partition a vocabulary
this is an instance of using;, visual information that conveys . : . .
. into word classes using a function which maps each word
the speakers intent. to its corresponding clasgw;). For bigram class models
The language modePR (W), provides probabilities of word P g e g '
strings W based oncontext In practically all speech recog-
nition systems, this context is a function of the history of (wilwi1) (wile(ws)) P(eilei) )
words that the speaker has uttered. In contrast, our appro&thndard word bigrams are a special case of bigram class
to visual integration is to dynamically modiff?(WW) on the models in which each word is mapped into its own unique
basis of visual contextl{.). By doing so, the search processvord class.
which is central to speech recognition is influenced by visual

context. This cross-modal coupling provides an example gf \jsuyal-Context Sensitive Language Models

early cross-modal integration. In contrast to late integration, _. : . . .
. . : . Figure 2 provides an overview of our approach to integrating
early integration effectively reaches into the speech decoder . . o
. ; - visual context with speech recognition and understanding in
and effects how the decoder interprets acoustic speech signals, ; . .
. i . a model called Fuse. The remainder of this section sketches
Since our focus will be on dynamic language models,

. . . . 'S Wle main ideas underlying the approach. Following sections
provide a brief overview of the most widely used statistic rovide details of implementation and evaluation.

Iangua_lge model, known as thegram_whlch will serve as s shown in Figure 2, input to Fuse consists of a speech
a basis for our cross-modal extension. The n-gram mo%g

: babilities to hvoothesized d nal and an image. Figure 1 is representative of images in
assigns probabiiities to hypothesized word Sequences. current task, captured by a color video camera. The speech
model implicitly captures syntactic, semantic, and conte

. é?gnal is recorded from a head-worn microphone. The spoken
tual knowledge. The probability of ka word sequeride = utterances used for evaluations consisted of naturally spoken,
wi,ws, ..., w, Which we denote asy, can be expressed

o oL Sluent speech.
a product of conditional probabilities: The visual scene analysis module detects objects in the
scene and extracts a set of visual features that represent indi-
P(w}) = P(wi) P(wa|wy) - - Plwg|wi™) (2) vidual objects, and inter-object spatial relations. The results of
o1 b1 - i the scene analysis are accessible by two modules: a language
In the P(wy|wy™"), wi™" is called the history andy, the  ogel and a visual attention model. As the speech signal
_predl_ctlon. In the n-gram approach, two histories are treatediésprocessed, both the language and attention models are
identical when they end in the same- 1 words. For example, gynamically updated. Working together, the models steer the
with n = 2, we obtain a bigram language model: interpretation of the speech signal based on visual context.
To understand the main processing loop in Figure 2 and the
P(w?) = P(wy)P(ws|w:) - - - P(wg|wi_1) (3) role of the language model and visual attention model, we will
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Fig. 2. Overview of the Fuse architecture.

work through a simple example. Let us consider a situation the visual attention pmf. The resulting mixture of descriptions
which a speaker says, “The red block on the left” in the conteig converted into a statistical language model which is used
of a scene containing four blocks: a red one and a blue onelmnthe speech recognizer. In effect, visual attention steers the
the left, and a red one and blue one on the right. For a momespieech recognizer to interpret the input speech signal as a
let us ignore the dynamic language model connected to ttiescription of objects that have captured more of the system’s
speech recognizer, and instead assume a standard static bigreiemtion.

language model. As the first portion of the input utterance is To summarize, as acoustic evidence is incrementally pro-
processed, let us further assume that the speech recognizmsed, the visual attention pmf evolves. The dynamic pmf
correctly recovers the first two words of the utterance, “the turn biases the language model of the speech recognizer.
red”. In actuality, the output of the speech recognizer will b&s more of the utterance is processed, the visual attention
a lattice that encodes multiple word hypotheses, but to kekpcomes progressively sharpened towards potential referents
the example simple, we only consider a single word sequengethe scene.

The partially decoded word sequence is fed to the visualS€veral details have been simplified in this overview. One
attention module which also receives the output of the visue@mplication is introduced with utterances with relative spatial
scene analyzer. Visual attention is modeled as a probabilfi2uses such as, “The red block to the left of the large blue
mass function (pmf) over the set of objects in the scer@ne”. In_ this class of utterancgs, the visual attention must_be
Initially, before speech recognition begins, the pmf is nofj€Set mid-way through processing to refocused from one object
informative and associates equal probability to all objects 1 @nother. Another complication arises from the fact that the
the scene. When the words “the red” are fed into the visu@tPut of the speech recognizer at any moment is not a single
attention module, the pmf is updated so that most of tméorq sequence, but rather a Igttice that encodes multiple (po-
probability mass is shifted to the red objects in the sceﬁ@.nt'a"y thousands) of alternat|ve_ Worq hypotheses_. These_ and
In effect, the visual attention of the system shifts to the redfner aspects of Fuse are explained in the following sections
objects. The attention module uses a set of visually-ground¥§ich provide detailed descriptions of each component of the
semantic models to convert the word sequence into the pRyStem-

(Section VI).

The visual attention pmf, which now favors the two red
objects in the scene, is transmitted to the language model. Th@he visual scene analysis module segments objects in an
language model may be thought of as a linguistic descriptiomput scene and computes visual properties of individual
generator. For each object in the scene, the model generatebjects, and spatial relations between pairs of objects. The
set of referring expressions that a person might use to describsulting representation of the scene is used by both the
the object. For the red block on the left, the model mighdnguage model and visual attention model.
generate a set of descriptions including “the red block”, “the Objects are segmented based on color. A simple statistical
large red block”, the “the red block on the left”, and sa@olor model is created objects by training Gaussian mixture
forth. Each description is assigned a likelihood that dependsdels on sample images of the objects. We assume that
on how well the description matches the visual attributexbjects will be single-colored, greatly simplifying the segmen-
of the object, but also based on syntactic and contextuation process. The Expectation Maximization (EM) algorithm
factors. The likelihoods of the descriptions for each objed used to estimate both the mixture weights and the underlying
are multiplied by the probability assigned to that object bg@aussian parameters for each color model. The color models

IV. VISUAL SCENE ANALYSIS



DRAFT: DO NOT QUOTE OR CITE 5

are used as a Bayes classifier to label each 5x5 pixel region VI. VISUAL CONTEXT DRIVEN LANGUAGE MODEL

of an input region. Regions of the image that do not match e language model is designed to “second guess” what
any object color model are classified as background usifgs speaker is likely to say, assuming he/she will speak a
a fixed threshold. Objects are found by extracting connectggscription of an object in the current visual scene. If the
foreground regions of consistent color. language model is able to accurately anticipate the speaker’s
A set of visual properties are computed for each objegfords, the model can bias the speech decoder towards more
found in the segmentation step, and for spatial relationgely interpretations of the incoming speech signal. There are

between each pair of objects. These properties and relatiQ@geral sources of uncertainty in predicting how a person will
constitute the complete representation of a visual scene. Th&cribe objects in the scene:

features attempt to capture aspects of the scene that are likel

to be referred to in natural spoken descriptions. The following language model must consider descriptions that fit all
visual features are extracted: objects in the scene.

« Color is represented by the mean RGB value of the 10x102) people may use different words to refer to the same
pixel region in the center of the object. attributes. For example, one person might call an object
« Shapeis represented by five geometric features computed  p|ye, while another speaker will call it purple.

on the bounding box of each object: height, width, height- 3) Speakers may use different combinations of words to
to-width ratio, ratio of the larger to the smaller dimension refer to the same object; “the blue one”, the “the tall

X) The identity of the target item is unknown, so the

(height / width), and bounding box area [10]. block”, and “the cube to the left of the red one” may all
« Position is represented by the horizontal and vertical refer to the same referent.
position of the of center of the region. To address the first sources of uncertainty, descriptions are

« Spatial relations are encoded by a set of three spatiglenerated, in turn, for each object in the current scene. For
features suggested in [12] that are measured betweelyy ghject, multiple descriptions are generated to account
pairs of objects. The first feature is the angle (relativey yariations due to factors (2) and (3). The potentially large

to the horizon) of the line connecting the centers Qfgt of resulting descriptions are then weighted and combined

area of an object pair. The second featur_e is the Shortfétcreate an n-gram language model that is used by the
distance between the edges of the objects. The thifeech gecoder. Although the descriptions stay fixed during the
feature measures the angle (relative to the horizon) Qfycessing of an utterance, the relative weighting of individual
the line which connects the two most proximal points Qiescriptions is dynamically updated using the visual attention
the objects. model that is described in Section VII. As a result, the n-
To summarize, each object is represented by a tefram language model is not only influenced by visual context
dimensional feature vector (3 color features, 5 shape, anc& recorded at the onset of the utterance, but further evolves
position). The spatial relation between each pair of objecssline as the utterance is processed.
is represented by 3 additional spatial features. In real timeThe method for generating descriptions is adapted from the
operation, the visual analysis system captures and procesgg®able object description system described in [10]. In this
video frames at a rate of 15Hz. When Fuse detects the onggdvious work, we developed learning algorithms that take
of a spoken utterances, the visual frame co-occurring with thg input synthetic visual scenes paired with natural language
start of the utterance is captured, and the results visual featusiescriptions of objects. The trained description system consists
are used to provide context for processing of the entire spokgia set of visually-grounded word models that are grouped
utterance (changes made to the scene once the utteranceidigsword classes. A two-layer stochastic finite state machine

begun are ignored). (SFSM) organizes the word classes into a structured graph.
Any path through the SFSM generates a sequence of word
V. SPEECHDECODING classes. By selecting a single word from each word class

The role of the speech decoder is to find word sequenc(é'ging the yisual model; linked to each word), the word c!ass
that best explain acoustic input. Since the main contributigﬁzl;ezqet.'gncz?vzrr:egb'!zgt a Avlvtzr: sr?qtjheencg_thr?;cons:gl;;ces
of the Fuse architecture lies in the treatment of language mdY- (Sj rpt dt tJ .'th l:ﬁ e | nal ¢ sys]: f
eling, this section briefly summarizes the speech decoder. @s Iesut:me (t) ot[;]erae wi i Syn te !C |(;nages,| ;ani ero
decoding strategy and algorithms are all based on previou aigoriihms 1o the current constrained visual task was
published work, The decoder has been tested on stand &ughtforward since similar features are extracted from the
speech recognition test corpora and performs competitive%}mera'baseol images as were from the synthetic images.

with other research platforms, and thus serves as a useful
baseline for the experiments presented here. A. The Description Model

Speech is represented using a 24-band Mel-scaled cepstradit the heart of the description model is a setwisually-
acoustic representation [24]. Words are modeled by concageeunded word model€ach word model consists of a phone-
nating context sensitive phoneme (triphone) models based it transcription paired with a statistical model that represents
continuous-density three-state, Hidden Markov Models [25he visual semantics associated with the word. The phonemic
Speech decoding is accomplished using a time-synchronaescriptions are used by the speech decoder for acoustic
Viterbi beam search [25]. matching with the speech signal. A visual model consists of a
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higher-order phrase network (Figure 5) models relative spatial
phrases. The phrase nodes in this network each embed a copy
of the phrase network and are connected by relative spatial
terms. This phrase network can generate sequences such as
the large green block beneath the red one

large

B. Mixtures of Descriptions for Language Modeling

\ In our implementation, the speech recognizer requires a
2r language model consisting of a set of word bigram transition
probabilities. As Equation 4 shows, the word bigram can be
obtained from the product of word class transition probabilities
P(cile;—1) and class conditional word probabilitié¥ w;|c; ).

The word class transition probabilities are fully determined
from training data (Figure reffig:fsm1) and remain static during
speech processing. Thus, the expected order of word classes,
and transition probabilities between classes is not expected to
change as a function of visual context. The probabilities of
words within each word class, on the other hand, do depend
Fo 3 E e of o " bers. Each ellivse ind ton context. As a simple example, if there are no blue objects in
I3 el of o word clase i our merbers: Each sllbse eicalfie scene, the probabilty for the word biue should be reduced
covariance Gaussian distribution), centered on its mean which is indicaf@lative to other words in its class. To capture this intuition,
with a small asterisk. An automatic feature selection algorithm determinggiass conditional word probabilities are dynamically estimated
the two visual features used for defining this set of four words. as a function of the scene and visual attention using a six step
process:

small

feature: max(height, width) / min(height, width)
w

0.5 1 15 2 25 3 35 4 4.5 5 55

feature: area

multidimensional Gaussian distribution defined over a subsetl)

of the 10 visual features described in Section refsec:vision.
Grounded words are clustered into word classes based on
semantic and syntactic relatedness. A two-layer stochastic
finite state machine (SFSM) models word order.

All parameters of the description model are learned from
examples of objects embedded in scenes that are labeled
with descriptive phrases. A set of 60 training examples were
collected from eight participants, resulting in a total of 480
examples in the training dataset.

Learning algorithms that we have previously developed
[10] were used to train all components of the model. Since 2)
the training methods have been previously described, we
summarize the contents of the trained model and how the
model is used to generate descriptions.

Figure 3 shows the visual models associated with the
members of a word class in Fuse. The figure shows that
two geometric features (area, and ratio of dimensions) have
been selected as the defining visual attributes for this cluster
of words. The overlapping distributions show the relation
between the wordbig andlarge, and the near-antonyntistle
andsmall As we shall see, word classes and their associated
visual models are used as Bayes classifiers in order to generate
labels for novel objects.

Word order is modeled through bigrams that specify tran-
sition probabilities between words and word classes. Figure
4 shows a subset of phrase level bigrams in the form of
a transition network. Each arc is labeled with the transition
probability between the connected words / word classes. Any
path through this network constitutes a possible description of
an object. For instanc#e red blockandthe leftmost large one
are word sequences that may be generated by this network. A

Enumerate all left-to-right paths through grammar

All distinct paths connecting thetart and end nodes

of the transition network are enumerated. Loops are
avoided, resulting in only left-to-right paths. This pro-
cess leads to a set &f sequences{Cy,Cs,...,Cn}.
Each sequencé€’; consist of a ordered set &f; word
classes:

C;,=cl,c?

i1Ciy- -

e (5)

These sequences constitute the set of syntactic frames
embedded in the transition network.

Map word classes to words

Each grounded word class is visually grounded in a set
of visual models, one model associated with each word
in the class. These models can be treated as a standard
Bayes classifier [26] to classify objects based on their
measured visual attributes. For example, consider the
word class shown in Figure 3. To use this word class as a
Bayes classifier to label an object, the two features of the
object associated with visual models must be measured.
Each of the visual models are then evaluated at the
measured values, and the model with the highest value
(probability density) is selected as the best match to
the object. The word associated with that model is thus
the best choice within the word class for describing the
object. The mapping from word class to word is object
dependent; different words may become most activated
within a class depending on the visual properties of the
object. We denote the word sequence generated by using
the word class sequencg to describe objecO; as:

(6)
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Fig. 4. The probabilistic grammar used to generate descriptions of objects. Nodes include individual ungrounded words and grounded word classes. To allow

legibility, the full grammar used in experiments has been pruned for the figure (18 of 55 nodes are shown).

3)

4)

For a scene withl/ objects, this mapping process results
in N x M word sequences\ descriptions for each of
M objects).

For each description, compute its descriptive fithess
Each description can be evaluated for how well it visu-
ally matches its target object by computing the product
of the word conditional probabilities of the observed
object properties, which is equivalently expressed as a
sum of log probabilities:

2/, log p(O;|w))
G(C)

WhereG(C;) is the number of visually grounded word 5)
classes in the sequen€g, andp(O;|wyj;)) evaluated the
visual model associated with worgf; for the visual fea-

tures of objecD; . For ungrounded wordgy(O;|w};))

is set to 1.0. The denominator term normalizes effects
due to the length of the description.

The fitness function measures how well a descriptive
phrase matches the properties of the target object, but
it does not account for contextual effects due to other
objects in the scene. For example, a description that
matches the target well may also describe a non—targgé

Fit(W},05) =

)

equally well. To capture contextual effects, we define
context-sensitive fithess, which is assigned to the sour?
word class sequence:

For a given object and word class sequence, object
conditional probabilities are assigned to each visually
grounded word:

o p(OZ‘w) ZCj,weCj w<C]’ Ol)
Srl 1 P(Okw) X, e, w<cj,0&>)

Where ¢(w) is the word class to whichv belongs.

The context-sensitive fithess scogg&”;, O;) scale each

visually based probability density(O;|w) depending

on how well the overall syntactic fram€; is able to

generate an unambiguous descriptionOgf

Mix word predictions using visual attention

The final step is to mix the influences of all objects in

the scene:

P(w]0s; ¢(w))

M
P(wle(w)) =Y P(w|Oi,c(w))P(0;)  (10)
i=1

Relative emphasis of objects is controlled by Fuse’s
visual attention stateP(O;), described in the next
section.

Using these five steps, a set of class conditional word prob-
ilities are generated that represent the system’s anticipation
words the speaker will use, given the contents of the visual
scene, and the system’s current visual attention state. Referring
back to Equation 4, we can see that the dynamic formulation of

class conditional probability estimat&Xw|c(w)) in Equation

Y(Ci, 05) = fit(W),0;) — mazy, fit(W7,0) (8) o
a
Compute object-conditional word predictions

10 can be directly inserted into the computation of bigrams

feed into the speech recognizer. As certain objects in the

scene capture more of Fuse’s attention, the words that better



DRAFT: DO NOT QUOTE OR CITE 8

VIl. L ANGUAGE DRIVEN VISUAL ATTENTION

As Fuse processes incoming speech and generates partial
word sequences, a model of visual attention is incrementally
updated to reflect the system’s current belief of the intended
referent object. Attention consists of a probability mass func-
tion (pmf) spread over the objects in the scene. This pmf
is used to mix object-dependent description bigrams into a
single weighted bigram. Thus, as speech is processed, the
evolving distribution of attention shifts the weight of bigrams
to favor descriptions of objects that hold more attention.
The Visual Attention model enables the early integration of
visual context to provide dynamic incremental estimation of
the priors associated with the interpolated class conditional
probabilities. In other words, the model uses the visual context
to immediately determine the attention distribution spread over
the objects in the current scene.

The speech decoder used in Fuse is based on a single
pass Viterbi beam search [25]. In this strategy, multiple word
sequences are considered during a forward pass, and in a back-
ward pass the best word sequence is selected. In the following,
we show how the visual attention modé&l(0;), is computed
for a partial word sequence. Separate attentional pmf's are
maintained for each parallel word sequence hypothesis. The
average pmf over all search paths of the decoder may be

TARGET
OBJECT

interpreted as the system’s overall attention at any given point
of time.

At the start of each utterance, before any words have been
processed, visual attention is shared equally by\Albbjects

in the scene:

Fig. 5. The probabilistic grammar used to generate descriptions with relative
spatial clauses.

1

- (1)

P(0,)[0] =

The index marks that the this is the pmf when 0 words have
describe those objects become more probable and thus sbte@n processed. As each new warg posited in one of
the speech recognizer towards those parts of the vocabuldéing search paths of the speech decoder, the path-dependent
The expectearder of words as specified by the bigram clasattention pmf is incrementally updated using one of three
probability transitions remains static throughout this processpdate rules depending on the new word:

1)

C. Relative Spatial Clauses

Phrase bigrams are used to model the use of relative
spatial clauses. For example, “The red block beneath the
small green one” contains references two objects, the target
and alandmark (“the small green one”). The spatial relation
“beneath” describes the relation between target and landmark.
The class bigram network is augmented with spatial relation2)
terms as shown in Figure 5.

Spatial connective terms may consist of multiple words
(e.g., “to the left of”) but are tokenized and treated as a
single acoustic unit during speech decoding. Each spatial term
is grounded in a Guassian model that is defined over the
spatial features described in Section IV. To combine the spatial
grammar (Figure 5) with the simpler single-object descrip-
tion grammar (Figure 4), an additional transition probability
is needed: the probability that a description will contain a
relative spatial phrase. This is estimated based on frequency
of occurrence of relative phrases in the training data.

w,, is a visually-grounded word (e.g., “large”, “blue”,
etc.). In this case, the update rule is:

p(Oilw,)P(O:)[n — 1]
S p(O0;|w,)P(O5)[n — 1]

As a result of this udpate rule, the visual models
corresponding to modifier terms of a single object are
multiplied.

wy, is a visually-grounded spatial relation (e.g., “above”,
"beneath”, etc.). The update rule is:

P(0i)[n] = 12)

_ 5h e p(Oilwa, 0))P(0)n — 1]

Skt z?ilh#kp<ok|wn,oj>P<oj>[?15)u
where P(O;|w, O;) is derived from visual models of
spatial relations
in which O; is the target object and is the relative
spatial term. This update rule causes the attention of the
system to shift to objects that hold the spatial relation

P(0:)n]
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indicated byw,, relative to whatever object has beemse of the visual attention model, and the decoder’s output

described by the partial word sequence. .. w,, . using visual attention.
3) w, is a visually ungrounded word (e.g., “the”, "by”, Errors from the decoder are underlined, and omitted words
etc.). The update rule is: are indicated by square parentheses. Corrections due to visual
context are shown in italics. The introduction of visual context
P(Oy)[n] = vP(O;)[n — 1] (14) in this case makes two important differences. First, the word

) o ) lower is corrected tdarge, and the incorrectly decoded words
where v is a constant likelihood assigned to all unig meare changed tbeneath

grounded words. Visually grounded words thus have nOrhe eyolution of visual attention is illustrated for this

effect on visual attention. example in Figure 6. Each plot shows the spread of attention
Using these three update rules, Fuse maintains sepaggifoss the ten objects after integrating the words shown to the
attentional state pmf’s for each search path of the decoderleft of that plot. The word sequence that was selected as most
probably during the backward pass of the decoder is shown.
VIIl. V ISUALLY-GROUNDED SPEECHRECOGNITION AND  Ungrounded words are shown in parentheses and do not effect
UNDERSTANDING the attention pmf. Attention vectors are normalized within
each plot so only relative values with plots are significant. As

Processing in Fuse is initiated by the detection of a SpOI(g\r/'idence for the target object accumulate from the first part

utterance. A forward pass maintains multiple word sequence. - erance. “The large green block in the far right’, the

hypotheses in a search trellis. Following standard spee%h . . 2
o . . . pmf becomes progressively sharper with most probability mass
recognition practice, a beam is used to limit the number of ag- . . . N N
) > . -focused on Object 8. When the relative spatial term “beneath
tive paths at any point in the forward pass. The visual attention;, : L
is incorporated, visual attention is captured almost equally by

model biases the search to word sequences that semantlct:gl acts 9 and 10 which are the two smaller blocks above

match the properties and spatial configurations of objects in 8 oct 8. Thus. the grounded model associated with “beneath”
co-occurring visual scene. Once the entire utterance has bﬁeﬂ ) X

) . "has caused attention to shift appropriately. The remainder of
processed (i.e., the forward pass is complete), the backchaini ; . :
. : utterance refers to two objects. Fuse is designed on the
is used to recover the most likely word sequence. : - . .
. . assumption that the remaining phrase will refer to only a single
Fuse is able to understand two classes of referring expre

. . : . %Ject. Due to the soft assignment of visual attention, however,
sions which we refer to as simple and complex [10]. Simp . . o

. . . . ) use is able to robustly deal with the phrase “the yellow block
expressions refer to single objects without use of spatial re

4hd the red block” by assigning roughly equal attention to both

tions, and are fully modeled by the transition network shown I . y gning rougn'y equai 2

: . : : : andmark objects. When Equation 16 is applied to example,
Figure 4. Complex expressions include relative spatial claus[ﬁs : . .

S € correct object (Object 8) is selected by Fuse.

and are modeled by the network shown in Figure 5.

Once the forward pass of the Viterbi beam search is
complete, the best word sequence is extracted using dynaBicExperimental Evaluation

programming [25]. We denote this word string & = A corpus of 990 utterances paired with corresponding visual
wi ... wn. In the case of a S|mplg referring expression, Fuse mera images was collected from eight speakers. Each utter-
selects the object with greatest visual attention: ance describes one object in a scene containing ten objects.
argmax To evaluate Fuse, we used a leave-one-speaker-out train and
i P(O;)[N] (15) test procedure. For each speaker, their data was held out and
the remaining data was used to train word class bigrams.
Speech recognition and understanding errors are shown
in Tables Il and lll, respectively. Speech recognition errors
are measured using the standard NIST measurement package
[] which aligns decoder output with transcripts with equal
penalty for word insertions, deletions, and substitutions. Aver-
aged across all eight speakers, the word recognition error rate

For complex referring expressions, we can segm&ninto
three sub-sequence$y = wi...Wm—1, Wm, Wima1-- - WN
wherew,, is a relative spatial termy; . .. w,,_1 describes the
target object, andv,,+; ...wy describes a landmark object.
Fuse select®); based on:

argmax M is reduced by 31% when visual context is used. This result
i P(O;)[m—1] Z p(O;|wm, 0;)P(O;)[N] (16)  shows that early integration of visual context has significant
g=1,j#i impact on the recognition of speech that refers to the contents

wherep(O; |w,,, 0;) is derived from the visual model associ-°f the scene. _ _
ated with the relative spatial term,,,. The effects of visual context on speech understanding are

even more significant. Since each visual scene had 10 objects,
) random selection would lead to an average error rate of 90%.
A. A Detailed Example of Visually-Steered Speech Processifjgs first column of Table 11l shows that even without visual
To make the interaction between visual attention and speamntext, i.e., using a standard speech recognizer, the system
processing more concrete, we take a closer look at an examplerks quite well, with an average error rate of 24% (i.e., the
Table | shows the transcription of a sample utterance, tBgstem chooses the correct object 76% of the time). This
output of the speech decoder using standard bigrams witheystem is similar to that described previously in [9]. The
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Transcript The large green block on the far right beneath
the yellow block and the red block.

No visual context [The] lower green block inthe far right to me
[the] yellow block inthe red block

Visual context The large green block inthe far rightbeneath
the yellow block_inthe red block

TABLE |
A EXAMPLE OF SPEECH TRANSCRIPTION WITHOUT THE USE OF VISUAL CONTEXAND IMPROVED OUTPUT FROMFUSE WITH VISUAL CONTEXT.
DELETION ERRORS ARE MARKED IN SQUARE PARENTHESES AND SUBSTITUTION ERRORS ARE UNDERLINED

12345678910

the

large

green

(block in the far)

—— right
7 green :-:
ﬁ §6 red H beneath
4 yellow, ||
3 a
red yellow [ (the)
b yellow
- (block in)
T red
|| (block)

12345678910

Fig. 6. Evolution of attention during processing of the utterance, “The large green block in the far right beneath the yellow block and the red block”.

second column of Table Il shows the change in understanding occasionally merges utterances that should have been
errors once visual attention is integrated into the speech processed separately. Later stages of Fuse are designed
decoding process. On average, the number of understanding on the assumption that only one referring expression is
errors drops by 41%, so that Fuse chooses the correct object contained in the utterance. A possible extension is to
86% of the time. Thus, the early influences of vision on speech integrate speech segmentation with semantic analysis.
processing flow through the system and have substantial effects Descriptions with more than one landmark object: We
on overall understanding performance. assume that a complex referring expression consists of
a target object description, and optionally a landmark
object description with connective relative spatial term
or phrase. Thus, Fuse cannot always handle cases where
We have observed five significant causes if speech under- the referring expressions contain descriptions of more
standing errors, each of which suggests extensions to the than one landmark objects in conjunction or groups of
current Fuse architecture: landmark objects (although the example in Section VIII-

« Speech end point detection errors: The speech segmenta- A demonstrates that sometimes this problem can be over-
tion module in our real time speech recognition system come in the current approach). This shortcoming suggests

C. Analysis of Errors: Suggestions for Future Directions
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Speaker  No Visual Context ~ With Visual Context

1 28.2 21.7
2 24.6 14.3 °
3 26.9 17.2
4 23.7 16.6
5 19.2 14.5
6 21.3 13.3
7 24.3 17.1
8 26.0 18.8

Ave 24.3 16.7

TABLE I

SPEECH RECOGNITION WORD ERROR RATEEY). AVERAGED ACROSS ALL
EIGHT SPEAKERS THE INTRODUCTION OF VISUAL CONTEXT REDUCED
THE WORD ERROR RATE BY31%.

Speaker  No Visual Context  With Visual Context
1 27.4 17.6
2 25.5 12.1
3 27.8 14.8
4 23.3 17.0
5 23.0 13.2
6 235 13.9
7 23.8 13.1
8 21.2 12.6

Ave 24.4 14.3
TABLE Il

SPEECH UNDERSTANDING ACCURACY RESULT$%). AVERAGED ACROSS
ALL EIGHT SPEAKERS THE EARLY INTEGRATION OF VISUAL CONTEXT
REDUCED THE LANGUAGE UNDERSTANDING ERROR RATE B¥1%.

the use of more complex grammars, and treatment

11

stack of blocks as a single block versus two.
Visual-Semantics Acquisition: Some errors are due to
poor visually-grounded models that did not generalize to
test data. A simple fix might be to collect more training
data. In the long term, we believe that robust visual
models must be dynamic to account for context-sensitive
shifts of word usage, as well as speaker-dependent shifts
of word usage. We are currently investigating dynamic
grounded models to address this issue.

IX. CONCLUSIONS ANDFUTURE DIRECTIONS

We have presented an implemented model that integrates
visual context into the speech recognition and understanding
process. In contrast to previous work, Fuse makes use of
context at the earliest stages of speech processing, resulting in
improved performance in an object selection task. The main
idea that this work demonstrates is the payoff of strategically
breaking modular boundaries in language processing. A key
to achieving this cross-module integration is a model of how
natural language semantics relates to visual features of a scene.

Looking ahead, we plan to expand this work along two
directions. First, Fuse will be integrated into an interactive
manipulator robot [6]. Fuse will have access to representations
in the robot’s visual system and also its planning and memory
systems, leading to an enriched encoding of context to help
guide speech processing. Second, we plan to extend Fuse
to work with non-visual context cues such as geographical
position and time of day in order to build context-aware
%?sistive communication devices [29].

semantic composition that goes beyond the multiplication
of probability densities. For some steps in this direction,
see [27].

visual attention update algorithm, errors that creep in dur-
ing initial stages of decoding are propagated throughout
the entire utterance. To remedy this, and other related
problems, the notion of confidence might be introduce
to the visual attention model. For example, the numbe
of active search paths within the Viterbi beam search3]
which is often used as a source for estimating acoustic
confidence in speech recognizers [28], might similarly bgy;
used as the basis for estimating confidence of the visual
attention pmf. When confidence is low, the effects o
attention could be discounted.

Visual Segmentation Errors: Some errors in understand-
ing occur due to imperfect image segmentation performed
by the visual analysis system. Such segmentations may
merge more than one objects or divide an object into

two or more parts. These cause mismatches among dg-
scriptions and the corresponding objects. This probler{1]
suggests early integration of speech into visual process-
ing, the complement of the integration we have explore
in Fuse. Referring back to Figure 2, this suggests that t
visual scene analysis module might be brought into thes)
processing loop. If the speech decoder confidently reports
the phrase “the two blue blocks on the right”, this migh[tlo]
help the visual analyzer decide between interpreting a

2]

f[5]

8l
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