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Abstract
A technique known as fused hidden Markov models (FHMMs)
was recently proposed as an alternative multi-stream modelling
technique for audio-visual speaker recognition. In this paper,
we will show that instead of being treated as separate modelling
technique, FHMMs can be adopted as a novel method of train-
ing synchronous hidden Markov models (SHMMs). SHMMs
are traditionally jointly trained on both the acoustic and vi-
sual modalities, and while this technique has worked well for
speech-recognition applications, limitations of adaptation al-
gorithms in the commonly used HMM Toolkit software have
stymied the use of SHMMs in speaker-recognition scenar-
ios. Our FHMM adaptation method can adapting the multi-
stream models directly from single-stream audio HMMs, al-
lowing both background and speaker dependent SHMMs mod-
els to be generated easily. However, experiments conducted on
the XM2VTS database show that there does not appear to be
any advantage in the frame-level fusion available through the
FHMM-adapted SHMMs over the simpler approach of output
score fusion of unimodal HMM classifiers.
Index Terms: audio-visual speaker verification, synchronous
hidden Markov models, FHMM adaptation

1. Introduction
Human speech is inherently bimodal in nature [1], and the aim
of audio-visual speaker recognition (AVSPR) is to exploit this
bimodality by using the complementary information between
the acoustic and visual domains to increase the performance
of traditional acoustic speaker recognition, particularly in noisy
acoustic conditions. In terms of modelling the relationship be-
tween the two modalities, SHMMs can be seen as providing
a middle ground for AVSPR between feature fusion and asyn-
chronous HMMs [2]. Unlike feature fusion, SHMMs can model
the reliability of each stream independently, but they cannot
model the asynchronicity between the two streams as can asyn-
chronous HMMs [3]. However, the small performance benefit
of modelling the asynchronicity may not be worth the increase
in model complexity, such as in embedded environments where
processing power or memory may be limited.

Fused HMMs (FHMMs) were developed by Pan et al. [4]
by attempting to design a model that maximises the mutual in-
formation between the two modalities within a multi-stream
HMM. Pan et al. found that the optimal multi-stream HMM
design would result from linking the hidden states of one HMM
to the observations of the other, rather than linking the hidden
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states together, as in a coupled HMM. This design was further
extended in our previous work [5] to improve the robustness to
within-speaker variations in comparison to the original imple-
mentation.

In this paper we will re-examine our earlier work to
show that, rather than being a novel modelling technique for
speaker verification, the continuous FHMM can be reconsid-
ered as a novel training technique for generating multi-stream
synchronous HMMs, which have already shown utility for
AVSPR [6]. This paper will then continue to show that with
proper consideration of stream normalisation and weighting it
appears that FHMM-adapted SHMM do not appear to have any
real advantage over late integration approaches, especially con-
sidering the higher decoding cost of the SHMM design.

2. Synchronous HMMs
A SHMM can be viewed as a regular single-stream HMM,
but with two observation-emission Gaussian mixture models
(GMMs) for each state–one for audio, and one for video–
as shown in Figure 1(b). In the existing literature, SHMMs
have been trained in one of two manners: Two single-stream
HMMs can be trained independently and combined, or the en-
tire SHMM can be jointly-trained using both modalities. Be-
cause the combination method makes an incorrect assump-
tion that the two HMMs were synchronous before combina-
tion, better performance can be obtained with the joint-training
method [7]. However, while this approach can be easily imple-
mented for speech recognition applications, the existing version
(3.4) of the HMM Toolkit [8] does not have good support for
speaker-adaptation of SHMMs, limiting the easy application of
jointly-trained SHMMs to speaker recognition applications.

FHMMs were introduced as an alternative to other multi-
stream modelling techniques, designed to maximise the mutual
information between the two modalities. As originally imple-
mented FHMMs consisted of a continuous HMM for the dom-
inant modality combined with a discrete vector-quantisation
classifier for the subordinate modality within each state [4], as
shown in Figure 1(a). The subordinate classifiers were trained
based on the forced-alignment of the dominant HMM on the
training set. This original design was extended by the present
authors in [5] to improve the modelling of the subordinate
modality by using a continuous classifier. This resulted in two
continuous GMMs inside each state of the original dominant
HMM, which can be seen to be identical to the multi-stream
model shown in Figure 1(b). Therefore it can be concluded that
rather than being an alternative model type, FHMMs can be re-
garded as an alternative way of training a regular SHMM by
adaptation from the dominant single-stream HMM rather than
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(a) Pan et al’s FHMM (b) SHMM

(c) HMM

Figure 1: State diagram representation of Pan et al’s [4] original FHMM design (a) and a SHMM (b) compared to a regular HMM (c)

jointly-training on both modalities. The choice of the dominant
modality for FHMM-adaptation should be based on the more
reliable modality, which for speech processing will generally
be the acoustic modality [5].

In our previous work we have shown that this FHMM-
adaptation method can provide significant improvement over
joint-training for the speech recognition application over a wide
range of acoustic noise levels [9]. While we could not di-
rectly compare the speaker verification ability of jointly-trained
and FHMM-adapted SHMMs due to limitations outlined pre-
viously, we believe that the FHMM-adapted SHMM models
trained using this method should be comparable to jointly-
trained SHMM, if not better.

3. Experimental setup
3.1. Training and testing datasets

For this experiment, training, testing and evaluation data
were extracted from the digit-video sections of the XM2VTS
database [10]. The training and testing configurations used for
these experiments was based on the XM2VTSDB protocol [11],
but adapted to allow more tests than provided by the protocol.
Each of the 295 speakers in the database has four separate ses-
sions of video where the speaker speaks two sequences of two
sentences of ten digits. In each of the configurations, two ses-
sions were used for training, one for evaluation and one for test-
ing, allowing for 12 configurations in total, as shown in Table 1.
By comparison, the XM2VTSDB protocol only allows for the
first configuration.

These experiments were performed as verification experi-
ments, where the speaker would attempt to enter the system by
claiming the identity of a particular client. To perform this task,
the speakers were split into two groups: clients, who claimed
their own identity; and impostors, who claimed the identity of
one of the clients.

As per the XM2VTSDB protocol, 200 speakers were des-
ignated clients, and 95 were used as impostors. For each client

Table 1: XM2VTS dataset configurations used in these experi-
ments

testing sequence (2 per session), 20 sequences were chosen
at random from the impostor set allowing for a total of 400
(200 × 2) client tests and 8000 (200 × 2 × 20) impostor tests
for each configuration. Over all 12 configurations, 4800 client
tests and 96000 impostor tests are performed.

3.2. Feature extraction

Perceptual linear prediction (PLP) based cepstral features were
used to represent the acoustic features in these experiments.
Each feature vector consisted of the first 13 PLPs including the
zeroth, and the first and second time derivatives of those 13 fea-
tures resulting in a 39 dimensional feature vector. These fea-
tures were calculated every 10 milliseconds using 25 millisec-
ond Hamming-windowed speech signals.

Visual features were extracted from a manually tracked lip
region-of-interest (ROI) from 25 fps (40 milliseconds / frame)
video data. Manual tracking of the locations of the eyes and
lips were performed every 50 frames, and the remainder of the
frames were interpolated from the manual tracking. The eye
locations were used to normalise the rotation of the lips. A rect-
angular region-of-interest, 120 pixels wide and 80 pixels tall,
centered around the lips was extracted from each frame in the
video. Each ROI was then reduced to 20% of its original size
(24× 16 pixels) and converted to grayscale.

Following the ROI extraction, the mean ROI over the utter-
ance is removed. Our mean normalisation is similar to that of
Potamianos et al [2], where the authors have used an approach
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Model Mixtures States
Audio HMM 11 8
Video HMM 9 16

Feature Fusion HMM 11 16
FHMM-Adapted SHMM 11 8 (audio), 16 (video)

Table 2: Best performing HMM topologies chosen for each
baseline system and the FHMM-adapted SHMM.

called ‘feature mean normalisation’ for visual feature extraction
which resembles the cepstral mean subtraction (CMS) method
commonly used with audio features. However in our approach
we perform normalisation in the image domain instead of the
feature domain. A two-dimensional, separable, discrete cosine
transform (DCT) is then applied to the resulting mean-removed
ROI, with the 20 top DCT coefficients according to the zig-
zag pattern retained, resulting in a ‘static’ visual feature vec-
tor. Subsequently, to incorporate dynamic speech information,
7 neighboring such features over ±3 adjacent frames were con-
catenated, and were projected via an inter-frame linear discrim-
inant analysis (LDA) cascade to 20 dimensional ‘dynamic’ vi-
sual feature vector. The delta and acceleration coefficients of
this vector were then incorporated, resulting in a 60 dimensional
visual feature vector. For a more thorough investigation of these
speech features for visual speaker verification, please refer to
our earlier work [12].

3.3. Baseline systems

As well as the FHMM-adapted SHMMs, four other baseline
systems were also trained and tested for comparison:

• Audio-only HMMs

• Video-only HMMs

• Discriminative feature-fusion HMMs

• Output fusion of audio and video HMMs

All baseline HMMs were trained with the HMM Toolkit [8]
over the two training sessions for each XM2VTS configura-
tion. The topologies of each HMM type were chosen empiri-
cally based upon the best performance upon the first evaluation
configuration, and are shown at the top of Table 2.

For the training and testing of the discriminative feature-
fusion system, the closest video feature vector was chosen for
each audio feature vector and appended to create a single 99-
dimensional static feature-fusion vector. No interpolated esti-
mation of the video features between frames was performed.
Five neighboring features over ±2 adjacent frames were con-
catenated, and were projected via an inter-frame linear discrim-
inant analysis (LDA) cascade to 24 dimensional discriminative
feature-fusion vector. The delta and acceleration coefficients
of this vector were then incorporated, resulting in the final 72-
dimensional feature-fusion vector. This process can be seen to
be very similar to the extraction of dynamic video features out-
lined in Section 3.2 and was found to provide better feature fu-
sion performance over simple concatenation.

The speaker dependent models used for the speaker ver-
ification task were generated by adapting background mod-
els (trained over all client speakers in the XM2VTS proto-
col) to each of the individual speakers. This adaptation pro-
cess was performed using maximum a posterior (MAP) adap-
tation with the HMM Toolkit. As only HMM-based text-
dependent speaker verification was considered for these experi-

ments, background and speaker models were generated for each
word in the XM2VTS database.

3.4. Fused HMM adaptation

Our FHMM method of adapting a SHMM from an audio-only
HMM, adapted from Pan et al.’s original implementation [4],
can be easily viewed as a two step process:

1. For each audio training observation, we find the best
hidden-state alignment of the audio HMM by force-
aligning the training transcriptions.

2. We next train additional video GMMs for each state
based on the video observations lining up with the best
hidden-state alignment in (1)

The FHMM-adapted SHMM used in these experiments was
based on the baseline acoustic HMM. Once the video obser-
vations that overlapped a particular state in the acoustic HMM
were determined, a 16 mixture GMM was trained on those ob-
servations and the video GMM was added next to the state’s
already existing acoustic GMM. Once this had been performed
for each state in each acoustic HMM, the result was a new set
of SHMMs with the same states as the audio HMMs, but con-
taining GMMs for both acoustic and visual information, as in-
dicated in the final topology shown in Table 2.

In a similar manner to the baseline HMMs, the speaker de-
pendent SHMMs were speaker-adapted from background mod-
els to each of the individual speakers. This speaker-adaptation
process was performed similarly to the FHMM-adaptation pro-
cess outlined above, but instead of training the video GMMs
directly on the video observations for each speaker, the speaker-
adapted GMMs were MAP adapted from the background video
GMMs from the already FMMM-adapted background SHMMs.

3.5. Speaker verification

For both the baseline systems and the FHMM-adapted SHMM,
text-dependent speaker verification was performed by aligning
the models according to the known transcriptions for the test-
ing sessions on each of the 12 configurations of the XM2VTS
database. Each speaker-dependent model was tested alongside
the background speech model for both the correct and a selec-
tion of impostor speakers and the difference of the two scores
were plotted on detection error trade-off (DET) plots. As these
experiments were performed over a number of noise levels, the
results in this paper will be reported as the equal error rate
(EER) of each of these DET plots to allow the relative perfor-
mances to be compared easily in the limited space available.

In order to maximise the performance of the resulting
speaker verification systems, a normalisation and weighting
stage was performed on both the FHMM-adapted SHMM and
the output fusion design. This stage was not possible in the dis-
criminative fusion system due to the early combination of the
two streams. To perform the stream normalisation, a form of
zero-normalisation [13] was used for both the output fusion and
SHMM systems. For output fusion, this normalisation was per-
formed over an entire utterance, whereas the SHMM normali-
sation was performed on every frame, within the SHMM states,
during decoding. Further information on the SHMM normali-
sation process can be found in our earlier paper [14]. In order to
allow every audio frame to have a corresponding video frame,
the video frames were up-sampled to the same rate as the audio
features with no calculated interpolation performed.

Once both the audio and video stream classifiers were nor-
malised a number of experiments were performed using the
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(a) Output Fusion
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(b) FHMM-Adapted SHMM

Figure 2: Performance of output fusion and FHMM-adapted SHMM systems as α is varied from 0 to 1.

evaluation sessions of the XM2VTS database to determine the
best stream weights for the speaker verification experiments. In
order to limit the search space, the stream weights were de-
fined in terms of a single weighting parameter α representing
the acoustic stream weight, with the video stream weight being
defined as 1−α. The results of these experiments are shown in
Figure 2(a) for the output fusion system and in Figure 2(b) for
the FMMM-adapted SHMM. Because output fusion only com-
bines scores at the utterance level rather than the frame level of
SHMM stream weighting, the output fusion tuning could eas-
ily be performed over all 12 configurations of the XM2VTS
database while the SHMM tuning was limited to a single con-
figuration due to computational constraints.

However, regardless of the comparative granularity of the
tuning experiments shown in Figure 2, it can be seen that both
the output fusion and SHMM systems responded similarly to
the stream weighting parameter. Accordingly, a final weighting
parameter of α = 0.2 was chosen for the speaker verification
experiments performed in this paper based on the average EER
performance over all noise levels.

4. Results and discussion
The results of the unsupervised FHMM-adapted speaker veri-
fication experiments are shown in comparison to the baseline
systems in Figure 3. While it can be seen that the FHMM-
adapted SHMMs perform well in comparison to early integra-
tion, it nonetheless performs catastrophically in noisy condi-
tions, and is outperformed by the output score fusion of the uni-
modal HMMs for all of the acoustic conditions under test.

While it is certainly possible that an adaptive fusion ap-
proach could be used to allow the stream weighting parameters
to be varied based on an estimation of the prevailing environ-
mental conditions, a similar approach could also be applied for
the output score fusion of the uni-modal HMMs.

Indeed, in order for SHMM approaches to speaker ver-

ification to improve over simple output score fusion of uni-
modal HMMs, the SHMM approach would have to show that it
can take advantage of some temporal dependency between the
speech features. Because output-score fusion can only occur
at the end of an utterance, or through an externally determined
segmentation process, it would not be able to take advantage of
the differences on a frame-by-frame basis.

However, at least for text-dependent speaker verification,
such a situation is unlikely to occur, as the main role of the
HMM structure is to align the GMMs within the HMM against
the pertinent speech events. However, earlier experiments re-
garding the joint-training of SHMMs [14] have shown that
both the acoustic and visual modalities are equally good at de-
termining the hidden state boundaries of a known transcrip-
tion. Therefore either acoustic or visual HMMs can align state-
models equally well when evaluating a known phrase for text-
dependent speaker verification, and limited benefit arises from
aligning the states with both modalities.

5. Conclusion and future research
In this paper we have demonstrated that the FHMM modelling
technique introduced by Pan et al. [4] for audio-visual speaker
verification can be reconsidered as a technique for generating
a multi-stream SHMM from an acoustic HMM. However, ex-
perimental comparisons of these FHMM-adapted SHMMs to
simple output fusion of unimodal HMMs has demonstrated that
there does not appear to be any advantage in the frame-level fu-
sion provided by the SHMM model over fusion of entire utter-
ances, as provide by output fusion. In addition, because output
fusion can be performed after the HMM decoding the output
fusion approach can also provide more flexibility.

A possible avenue of future research that may be able to
take advantage of the SHMM structure for speaker verification
may focus on using the SHMM for limited-vocabulary text-
independent speaker verification. By allowing the SHMMs
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Figure 3: Speech verification performance for FHMM-adapted
SHMM and baseline systems over audio noise.

ability to find the correct transcription through the network
as exhibited in our earlier speech recognition experiments [9],
the SHMM may be able to perform well for speaker verifica-
tion. While this may provide better performance than two uni-
modal HMMs in a similar configuration, it is not clear if this
approach would be better than considering the output of two
large-vocabulary text-independent speaker verification models
in each modality.
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