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Abstract

We investigate recognition of spontaneous speech using the fo-
cus of visual attention as a secondary cue to speech. In our
experiment we collected a corpus of eye and speech data where
one participant describes a geographical map to another while
having their eye movements tracked. Using this corpus we
characterise the coupling between eye movement and speech.
Speech recognition results are presented to demonstrate proof
of concept for development of a bimodal ASR using focus of
visual attention to drive a dynamic language model. Marginal
improvement in WER is observed.

1. Introduction & Background

This study demonstrates automatic speech recognition in a mul-
timodal context using gaze direction as a secondary modality to
speech. Gaze direction provides the focus of a speaker’s visual
attention, indicating which objects in the speaker’s field of view
may be the subject of speech. The motivation thus is to exploit
the relationship between these modalities to improve recogni-
tion performance, specifically for spontaneous speech between
humans, as opposed to more constrained forms of dialogue be-
tween human and machine.

A multimodal recognition architecture is desirable as it af-
fords an opportunity to resolve ambiguity, and various architec-
tures are emerging which integrate semantically rich modalities
with this aim[1]. Ambiguity in speech recognition is primar-
ily caused by varied speaking style [2] and noise [3]. Likewise
in eye movement ambiguity in recovering the focus of visual
attention from gaze direction is due to a person’s oculamotor
imperfections and sensing errors in the eye tracker.

The integration of modalities is a data fusion problem. Dur-
ing the pattern recognition process modalities may be integrated
at sensor, feature or decision level. The choice of fusion level
is determined by the physical, temporal and semantic relation-
ship between modalities and the multimodal pattern recognition
process’s target classification space(s).

The use of eye tracking to improve the the speech recogni-
tion process has previously been researched in terms of recovery
of errors due to misnaming objects. For example in [4] partic-
ipants named objects which had phonologically similar sounds
on a VDU and the nearest object to the eye was used to resolve
which object was being referred to. This work differs from this
previous study as we are interested in natural dialogue between
2 people and eye movement is being used in its natural role as
a passive modality rather than an active modality in a command
driven interface.

Figure 1: Experimental setup showing participant wearing eye
trackers(left) in acoustic booth giving instructions to instruction
follower (right) situated outside the booth and out of sight.

2. Experiment

2.1. Participants and task

A corpus of eye and speech data was collected for spontaneous,
visually-oriented task-constrained dialogue between two partic-
ipants - an instruction ”giver” and an instruction ”follower”.
The giver described a map, presented on a VDU, containing ob-
jects (landmarks) and a route around them, to a follower. Nei-
ther participant could see the other and they communicated via
microphones and headphones. The giver’s gaze direction rela-
tive to the map on the VDU was recorded, as was the speech of
both participants. See Figure 1. The task participants undertake
is loosely based on the HCRC Map Task Corpus [5].

There were 3 map sets used in the experiment. Each Map
set consists of 6 maps. Each map in the map set has the same
objects (landmarks) as others in the set but shows a different
route. The objects are illustrative to encourage participants to
describe them in detail. Figure 2 shows an example map.

There were 9 participants who, working in groups of 3,
formed 6 pairs of giver/followers with each participant in a
group of 3 taking the role of giver 2 times. Each group of 3
used all 3 map sets, so that followers previously participating
as givers (and vice versa) were not presented with a map they
had seen before. In total 18 sessions are recorded each with eye
movement and speech data from a different instruction giver.
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Figure 2: Map displayed to participant showing objects and
route, superimposed with distribution of participant’s eye posi-
tions with distribution of eye movement indicated by brightness

2.2. Apparatus

The experiment used an SR Research Ltd. ”EyeLink 1” eye-
tracking system to capture binocular gaze position relative to
the screen within an accuracy of .01 degrees at 4ms sampling
intervals. The eye tracker is owned by the Behavourial Brain
Sciences centre in the School of Psychology at Birmingham
University and its primary use is speech production research.

The giver’s speech was captured using a high quality desk
mounted microphone. The follower’s was captured using a
head-mounted microphone. Participants heard each other via
headphones. Audio was recorded digitally in stereo (22.5Khz
per channel) directly to a WAV-format audio file. The giver’s
and follower’s speech was recorded to the right channel and left
channel respectively. To ensure synchronisation between eye
and speech data for reconstruction during analysis a software
sound recorder was developed which uses a handshaking proto-
col enabling the audio software to insert periodic audio sample
counts into the eye tracking data during capture. The handshak-
ing protocol compensated for latencies between eye and sound
capture softwares.

2.3. Data collection and processing

Session durations were typically in the order of 5 to 15 minutes.
Whereas collecting speech data in controlled conditions is rela-
tively reliable, eye tracking is fraught with difficulties. Previous
research indicates that 10%-20% of participant’s eyes cannot be
tracked reliably [6] and evaluating the quality of the recordings
must be done on a frame by frame by frame basis which can be
time consuming and prone to error.

For this experiment two methods were employed to mea-
sure the quality of eye recordings. First, the raw eye and speech
data was processed together to make compressed (MPEG-
4) video sequences of sessions. The videos were observed
and subjectively evaluated. Errors observed in eye movement
recordings were typically degradation in calibration during the
trial, noisy eye movements due to participants nystagmus (trem-
bling of the eye), or poor pupil tracking in the eye tracker due to
its sensitivity to ambient light levels. Corruption in eye data also
occurred when participants inadvertently move the eye tracker
while coughing, gesticulating and involuntarily touching their
faces.

Figure 3: Mean distance of gaze relative to object when ex-
plictly mentioning object. Each thin line corresponds to a sin-
gle object and the thick line corresponds to the average over all
objects. The x-axis shows mean gaze distance before and after
utterance indicated by negative and positive values respectively.

The second quality evaluation exercise was to visualise the
distribution of eye positions about the image using analysis soft-
ware. Figure 2 shows the concentration of eye positions about
the objects on the map for a session. This gave a useful indica-
tion of quality and enabled correction of offsets in calibration.
4 sessions were recovered in this way.

Speech signal files were transcribed using the Transcriber
software [7]. 2 passes of each session file were undertaken by
different people.

The recalibration and visualisation of recorded eye data was
done using custom software developed in C# .NET. This soft-
ware is also used in the analysis of the relationship between
direction of gaze and speech described in this paper.

Despite the problems in recording eye movement, out of 18
sessions undertaken 10 were deemed acceptable quality. For the
subsequent analysis in this paper 3 sessions are used as these
were identified as high quality early on in the research effort.
The speech data collected consists of 35920 utterances from a
1116 word vocabulary.

3. Relationship between direction of gaze
and speech

For speech recognition systems to eefectively use the direction
of gaze, one must characterise the relationship between the two
modalities. A reasonable hypothesis is that the proximity of
gaze direction to an object indicates an increased chance of an
utterance referring to an object being spoken. To prove this the
mean distance of the gaze direction to each object is calculated
and normalised against the distance of the gaze direction to all
other objects while the user is explicitly mentioning a noun re-
lated to that object.

The eye positions used to calculate the mean distance of the
eye to object are initially those for eye positions falling within
the duration of the spoken noun pertaining to the object only.
The mean distance of the eye to an object is then recalculated
to include eye positions before the utterance, and also after the
utterance. These windows of eye positions enable the temporal
relationship between eye position relative to an object and its
spoken utterance to be characterised.

Figure 3 shows the mean eye position relative to its spo-
ken utterance for the giver’s speech for one session. The x-axis



indicates the window of eye positions. For example at 0s the
mean position of the eye is calculated for eye positions that oc-
cur while the giver explicitly mentions the object. At -10s on
the x-axis the mean position is calculated for positions while the
giver mentions the object and all eye positions up to 10s prior
to mentioning the object. Similarly, at +10s the mean position
is calculated for positions while the giver explictly mentions the
object, and up to 10s after and so on. The mean distance for all
objects is indicated by the thicker line on the graph. This analy-
sis was undertaken on two other sessions and showed similar
results for all.

Figure 3 show that when explicitly mentioning the object
the gaze direction is nearer to the object than average. This is
the correlation between modalities that can be exploited in a
speech recognition system.

4. Bimodal ASR using focus of visual
attention

4.1. The speech recognition model

A typical Hidden Markov Model (HMM) large vocabulary ASR
is built using the HTK Toolkit. The ASR uses decision tree
clustered tied-state triphone three-state HMMs with 4-mixture
component gaussian observation distribution per state. Audio
is parameterised using static and dynamic Mel-Frequency Cep-
stral Coefficients (MFCC) with Cepstral Mean Normalisation.

The HMMs were trained using designated phonetic tran-
scriptions in training data in the UK English WSJCAM0 corpus
[8]. The system was developed using a cluster of 7 Pentium
4 PCs running Grid Engine Distributed Source Management
(DRM) software under Linux Red Hat 9.0.

The final system supports 23434 triphones made up from all
triphones derived from the British English Example Pronuncia-
tion (BEEP) dictionary plus those observed in the data captured
during this study. Recognition performance is 55.01% Word Er-
ror Rate(WER). This system incorporates a uniform language
model with 12625 word vocabulary using the WSJCAM0 des-
ignated test data consisting of 48 speakers each reading 40 sen-
tences from a 5000 word vocabulary.

4.1.1. Acoustic adaptation, language model and vocabulary

Acoustic model adaptation is applied to the WSJCAM0 models
using Maximum Likelihood Linear Regression (MLLR). The
HMMs are adapted to all speech data collected in the trial (cor-
pus adaptation) and to individual speakers (speaker adaptation).
Corpus acoustic adaptation gave improvement in WER whereas
speaker adaption did not improve recognition due to data spar-
sity.

Two recognition systems are constructed from the models,
one with a 1116 word vocabulary restricted to those words spo-
ken during the experiment and using a unigram language model
based on word frequency (henceforth referred to as ”1K” sys-
tem), and another with a 12911 word vocabulary consisting of
all words used in the WSJCAM0 corpus for training and testing
in addition to those in this experiment (henceforth referred to
as ”13K” system). The 13K system uses a uniform language
model.

4.2. Integration of gaze direction into ASR

Language models in HMM-based ASR describe word transi-
tion probabilities. The development a gaze-contingent language
model in ASR is a feature-level data fusion exercise resulting in

dynamic word transition probabilities in the HMM.
To demonstrate proof of concept in developing such a sys-

tem we reorder N-Best lists of ASR output.
The focus of visual attention is determined from the gaze

direction by finding the nearest object to the gaze direction by
measuring the Euclidean distance. Although this does not ac-
count for eye positions that do not indicate focus of visual at-
tention, such as rapid eye movements between fixations (sac-
cades), nor the noisy input due to eye tracker errors and eye
(nystagmus), it is sufficient for this study as the EyeLink eye
tracker output is relatively high quality.

The audio for each session used in this analysis is split into
segments using silence in the giver’s speech as indicated in the
transcriptions. This results in a set of speech segments relating
to the giver’s speech only. Each segment is run through both the
1K and 13K vocabulary ASR systems and 100-best lists gener-
ated for each speech segment. Near optimum word insertion
penalties and language model scale factors are determined em-
pirically however this is not a priority and results should be in-
terpreted as sub-optimal.

The 100-best lists are originally ordered based on their log
likelihood. Word counts are calculated representing the number
of words relating to the object which is the focus of visual at-
tention during the speech segment. The words themselves are
recovered from transcriptions. The word count is calculated for
each level in the 100-best list. The list is then reordered us-
ing this word count as the primary sort key and the original log
likelihood as a the secondary sort key. The list is also reordered
using a word count relating to the entire map. This process is
repeated for each speech segment. This provides 3 recognition
results - speech ASR; speech and focus of visual attention ASR;
speech and visual context ASR.

The motivation behind a speech + visual context ASR is to
determine whether using eye movement is worthwhile over the
more general case of priming an ASR with semantic informa-
tion from the whole visual field, given that the latter is consid-
erably easier to achieve in practice.

4.3. Recognition performance

Table 1: WER and % segments rescored for 1K and 13K ASR
systems

1K ASR
Modalities Rescored WER

Speech only 0% 72.66%
Speech + Focus of Visual Attention 25.23% 71.38%

Speech + Visual Context 39.64% 72.84%
13K ASR

Modalities Rescored WER
Speech only 0% 91.56%

Speech + Focus of Visual Attention 15.32% 89.72%
Speech + Visual Context 27.03% 90.46%

Table 1 shows %WER and % of segments whose N-Best
lists were rescored. As expected the visual focus of attention is
rescored less often than visual context as it is more discriminat-
ing.

To compare the performance of ASR systems, the number
of levels, n, that are used to determine the optimum WER is
varied from 1 to 100 for both the 1K and 13K systems. For



Figure 4: Comparison of ASR systems using 1116 word vo-
cabuary showing focus of visual attention improving perfor-
mance and visual context degrading performance

Figure 5: Comparison of ASR systems using 12911 word vo-
cabuary showing focus of visual attention and visual context
improving performance

example if n = 10 then the performance is based on the best
result from the first 10 levels in the N-Best list.

For the 1K system shown in Figure 4 adding focus of vi-
sual attention is observed to reduce WER whereas the use of
visual context in using a 1K vocabulary results in performance
which is worse - the limited vocabulary increasing the chance
of misclassification.

For the 13K system shown in Figure 5 adding focus of vi-
sual attention and visual context both improve recognition per-
formance - demonstrating that recognition using visual context,
while affecting performance compared to eye movement, is bet-
ter than using speech alone.

Recognition improvement is marginal. It was found the
nouns representing objects are normally recognised as partic-
ipants spoke object names clearly. The ASR has more problem
with shorter, general vocabulary words, for which the gaze di-
rection (or visual context) provides no information about.

5. Conclusion & Future work
A modest improvement in ASR performance is observed when
adding the focus of visual attention as a secondary modal-
ity. A new corpus of eye movement and speech has been
collected containing passive eye movement and synchronised
spontaneous speech between two people when participating in

a visually-oriented task. It has been shown that eye movement is
marginally better than visual context for priming language mod-
els in ASR, since the chances of misclassification are reduced
- although for high vocabulary systems visual context may suf-
fice.

From inspection of the N-Best lists it is observed that while
recognition performance is improved, the improvement is mar-
ginal because participants tend to clearly speak the words asso-
ciated with the objects in comparison with more general words
occuring in everyday speech. Consequently the ASR has lit-
tle or no problem recognising words associated with the objects
leaving only small room for improvement by introducing focus
of visual attention or visual context. This is not likely to be the
case in noisy environments,

Whereas in this paper N-Best lists are rescored based on
prior knowledge of which words are associated with which ob-
jects on the map, for future work this particular study in bi-
modal ASR will be completed by rescoring N-Best lists based
on a data driven approach, deriving a probabilistic measure of
word likelihood from N-gram language models which incorpo-
rate gaze direction information. Additionally audio input will
be degraded to see whether using gaze as a secondary modality
can increase robustness to noise. Finally, we envisage devel-
oping speech-centric recognition schemes incorporating gesture
and gaze.
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