
Speaker Recognition using a Trajectory-Based Segmental HMM

Ying Liu, Martin Russell, Michael Carey

Department of Electronic, Electrical and Computer Engineering
The University of Birmingham, UK

liuy2@eee-fs7.bham.ac.uk; m.j.russell@bham.ac.uk

Abstract

A segmental HMM is a HMM whose states are associated with
sequences of acoustic feature vectors (or segments), rather than
individual vectors. By treating segments as homogeneous units
it is possible, for example, to develop better models of speech
dynamics. This paper begins by describing a type of segmental
HMM in which the relationship between the state and acoustic
level descriptions of a speech signal is regulated by an inter-
mediate, articulatory layer, and discusses its potential benefits
for speaker recognition. As a first step towards applying this
type of model to speaker recognition, text-dependent speaker
verification results obtained on YOHO using a simpler segmen-
tal HMM are presented, which show a 44% reduction in false
acceptances using the segmental model compared with a con-
ventional HMM. Experiments in text-independent speaker ver-
ification on Switchboard are then described.

1. Introduction
Some recent work in speech recognition conducted as part of
the ‘Balthasar’ project1 [1] has resulted in a class of novel,
multiple-level Segmental Hidden Markov Models (MSHMM)
in which the relationship between symbolic and acoustic rep-
resentations of a speech signal is regulated by an intermediate
‘articulatory’ layer (figure 1). Each state of the model is as-
sociated with variable-duration trajectories in the ‘articulatory’
space, which are mapped into the acoustic space using one or
more ‘articulatory-to-acoustic’ mappings. Comparison with un-
known speech data, for the purposes of probability calculations,
takes place in the acoustic space. A similar approach has been
studied by Deng and Ma [2].

Such an approach has many potential advantages for speech
pattern processing. For example, in acoustic representations
of speech (derived from short-term log-power spectra) artic-
ulator dynamics are manifested indirectly, often as movement
between, rather than within, frequency bands. Intuitively, there-
fore, it would be much better to model dynamics directly, in
an articulatory-based representation. Also, by incorporating
an articulatory representation (or at least one which is more
closely related to an articulatory representation than conven-
tional spectrum-based acoustic representations), it may be pos-
sible to characterise the production strategies that give rise to
variability in fluent, conversational speech. Thus it was hoped
that such a model would improve speech recognizer perfor-
mance by modelling the underlying mechanisms that cause vari-
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1The “Balthasar” project was funded by EPSRC grant GR/M87146
“An integrated multiple-level statistical model for speech pattern pro-
cessing” (see http://web.bham.ac.uk/p.jackson/balthasar)
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Figure 1: A segmental models that uses linear trajectories in an
intermediate space.

ability, rather than relying solely on generic statistical mod-
elling techniques.

This approach should also have benefits for speaker recog-
nition. The potential benefits fall into two categories: those
which derive from the incorporation of an explicit ‘articulatory-
related’ representation into a statistical model, and those which
derive from the improved modelling of speech dynamics and
duration which results from the use of a segmental framework.
In the first category, inter-speaker differences which result from
physiological factors, such as the differences between an adult’s
vocal tract and that of a child, should be represented explic-
itly in the articulatory layer rather than indirectly through their
acoustic correlates. The model should also enable individual
differences in the articulatory strategies used by a speaker to
be exposed and modelled explicitly. Furthermore, provided
that the articulatory representation is sufficiently compact, there
should be significant advantages for speaker adaptation from
limited amounts of data. In the second category, relating to im-
proved modelling of speech dynamics and duration, the model
should capture individual differences in non-stationary speech
segments, which might otherwise be swamped by large variance
due the the HMM piecewise stationarity assumption. Thus it is
plausible that such a model will improve our understanding of
inter-speaker differences, and hence improve speaker recogni-
tion performance, by modelling some of the underlying mecha-
nisms that give rise to intra- and inter-speaker differences.

The remainder of the paper focuses on the second set of fac-
tors and describes the application of simple segmental HMMs,
in which the intermediate representation is absent, to speaker
recognition. These are equivalent to the ‘Fixed Trajectory’ seg-
mental HMMs described in [6]. Results of comparative, text-
dependent speaker verification experiments on the YOHO cor-
pus are presented, and ongoing experiments in text-independent
speaker verification are described.
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2. Results from the ‘Balthasar’ Project
A potential problem with the type of model described in the pre-
vious section is that any advantages which are gained by the in-
troduction of an intermediate layer may be compromised by in-
adequacies of the articulatory representation or articulatory-to-
acoustic mapping, or theoretical compromises made for math-
ematical or computational tractability. These issues are ad-
dressed in [1].

In [1] MSHMMs were studied in which the intermediate
representation is based on the control parameter set for the
Holmes-Mattingley-Shearme (HMS) parallel formant synthe-
siser [3], speech dynamics were modelled using linear trajec-
tories, and the articulatory-to-acoustic mapping was realised as
a set of one or more linear mappings [1].

It is easy to see that a linear ‘articulatory-to-acoustic’ map-
ping is quite inadequate for speech pattern modelling [5]2.
However, a proper understanding of the issues which arise in
the implementation of a system with linear transformations is
essential before attempting to deal with more complex non-
linear systems. The key results reported in [1] are that there
is a theoretical upper bound on the performance of a linear
MSHMM, this performance is superior to that obtained with
a comparable conventional HMM, and this upper bound can
be attained by appropriate choice of ‘articulatory’ representa-
tion and articulatory-to-acoustic mappings. For example, it can
be achieved by using all 12 HMS synthesiser control param-
eters and a single (phone-independent) linear mapping, or by
using fewer parameters but more, phone-dependent, mappings
[1]. The significance of this result is that it provides a solid
theoretical foundation for the development of richer classes of
multi-level models, which include non-linear models of dynam-
ics, alternative articulatory representations, sets of non-linear
articulatory-to-acoustic mappings, and integrated optimisation
schemes that support unsupervised learning of the trajectory,
intermediate representation and mapping parameters.

3. The Theory of MSHMMs
The purpose of this section is to explain the basic theory of
multiple-level, trajectory-based segmental HMMs (MSHMMs)
and the simpler fixed trajectory segmental HMMs used in our
experiments. Full details are presented in [1] and [6]. A
MSHMM is a particular type of segmental hidden Markov
model (SHMM) [7]. In other words, the states of a MSHMM
are associated with sequences of feature vectors, or segments,
rather than individual vectors. The model is called ‘multiple-
level’ because it considers two levels of representation of a
speech signal: a D1 dimensional ‘articulatory’ space I and
a D2 dimensional acoustic space A. In [1] the ‘articulatory’
and acoustic spaces are based on formants and Mel-Frequency
Cepstral Coefficients (MFCCs), respectively. A state σi of a
MSHMM is identified with a variable duration linear trajec-
tory in I which is mapped into A by a linear ‘articulatory-to-
acoustic’ mapping. Thus a state is parameterised by two D1

dimensional (articulatory) vectors, the mid-point vector ci and

2For example, consider the case where speech is represented in the
acoustic domain as the output of a set of D2 uniformly-spaced band-
pass filters spanning frequencies up to 4 kHz, and f is a hypothetical
‘formant’ trajectory, with unit amplitude, whose frequency increases
linearly from 100 Hz to 4 kHz. The corresponding trajectory in acoustic
space is a complex path over the surface of the D2 dimensional unit
sphere, which passes through each of the axes in turn. Such a trajec-
tory clearly cannot be realised as the image of f under a single linear
mapping

slope vector mi, a D2 × D2 (acoustic) covariance matrix Vi,
and a linear ‘articulatory-to-acoustic’ mapping Wi : I → A.
Thus, a trajectory f of length τ is defined by:

fi(t) = (t − t̄)mi + ci (1)

where t̄ = (τ + 1)/2, and the function of Wi is to map this
‘articulatory’ trajectory in I into the acoustic space A. If Y τ

1 =
[y1,y2, . . . , yτ ] is a sequence of acoustic feature vectors in A,
then the probability (density) of Y τ

1 given state σi is given by:

p(Y τ
1 |σi) = bi(Y

τ
1 ) = di(τ )

τ∏

t=1

N (yt; Wi(fi(t)), V ) , (2)

where di(τ ) is the probability that state σi emits a segment of
length τ , and N (yt; Wi(fi(t)), Vi) is a D2 dimensional Gaus-
sian probability density function (PDF) with mean Wi(fi(t))
and covariance matrix Vi (it is assumed tha Vi is diagonal).

In the special case where I = A and Wi is the identity
matrix, this reduces to a Fixed Trajectory Segmental HMM [6]
and equation 2 becomes:

p(Y τ
1 |σi) = bi(Y

τ
1 ) = di(τ )

τ∏

t=1

N (yt; fi(t), V ) , (3)

The segmental Viterbi decoder, which is used for training
and recognition, is described in [1] along with the procedures
used to estimate the parameters ci, mi, Vi and Wi. An ad-
ditional parameter, τmax, specifies the maximum permissible
segment length.

4. Text-Dependent Speaker Verification
The most straightforward application of MSHMMs to speaker
recognition is text-dependent speaker verification (TD-SV).
This is because a conventional TD-SV system typically uses
phone-level or word-level HMMs, which can simply be re-
placed by the corresponding MSHMMs. Our experiments used
the YOHO [8] and TIMIT [9] speech corpora. As this is an
initial exploration of the application of MSMMs to speaker
recognition, we consider a Fixed Trajectory Segmental HMM
(I = A and Wi = I . Thus the experiments focus on the utility
of improved modelling of duration and dynamics for speaker
recognition.

4.1. Experimental Method

Speech in the training component of the TIMIT corpus was
downsampled to 8kHz sampling rate (for compatibility with
YOHO). All of the data was then parameterised, using HTK,
into 13 dimensional feature vectors comprising MFCCs 1 to 12
plus energy. No ∆ or ∆2 parameters were used in any of the
text-dependent verification experiments3.

This data set was used to estimate the parameters of match-
ing sets of context-sensitive triphone HMMs and MSHMMs.
The conventional HMMs were constructed using the Hidden
Markov Model Tool Kit (HTK) [10], and the MSHMMs using
the ‘Balthasar’ software developed at the University of Birm-
ingham. In both cases, monophone models with three emit-
ting states were constructed first, and then used to seed a set
of triphone models. The triphone model set was defined using

3We have not yet used ∆ or ∆2 parameters in any of our previous
MSHMM based experiments. This is because part of the motivation
for the development of MSHMMs is to obtain a better model of speech
dynamics and thereby obviate the need for these parameters



a simple ‘backoff’ procedure whereby a triphone model was
constructed if 30 or more examples of that triphone context oc-
curred in the training data, otherwise the triphone was replaced
by a biphone (if 30 or more examples of the biphone context
occured in the training data) or a monophone. This is the 1400
model set from [1]. In the case of MSHMMs, the maximum
segment duration τmax was set to 15 and the duration probabil-
ity mass functions di were non-parametric (Ferguson duration
model [11]). The states of the HMMs were associated with sin-
gle Gaussian densities4.

Speech in the YOHO corpus is sampled at 8kHz. The cor-
pus comprises recordings of 138 subjects speaking connected
digit-sequence phrases in an office environment. It was chosen
because of its established use in text-dependent speaker verifi-
cation. Models for those triphones which occur in the YOHO
data were used to seed speaker-independent YOHO models,
which were trained on all of the data from 20 of the subjects
in the YOHO corpus. These models formed the HMM and
MSHMM Background Models (BMs). The remaining 118 sub-
jects were used as test subjects. For each of these subjects, 96
files were used to train speaker-dependent HMMs and MSH-
MMs. The remaining 20 files were split into 5 test sets, each
containing 4 speech files. A single experiment consisted of
comparing 1 such test set with a speaker dependent model and
BM. Thus, for each system, the number of ‘authorised user’ tri-
als is 118×5 = 590, and the number of ‘impostor’ experiments
is 118 × 117 × 5 = 69030.

4.2. Results of YOHO experiments

The results of the text-dependent speaker verification experi-
ments are shown as DET curves in figure 3. The lower-bound of
0.17% in the figure for the false rejection probablity equates to a
single rejection out of the 590 ‘authorised user’ trials. Both sys-
tems achieve an optimal false rejection rate of 0.5%. The false
acceptance rate for the HMM and MSHMM systems at the opti-
mal points are 0.52% and 0.29%, corresponding to 359 and 200
false acceptances, respectively. This equates to a 44% reduc-
tion in the number of false acceptances by using the MSHMM
system, relative to the conventional HMM -based system.

4.3. Summary of Text-Dependent Verification Results

In summary, there is some evidence from this experiment that a
MSHMM-based text-dependent speaker verification system can
outperform a conventional HMM-based system. This is illus-
trated by the reduction in false acceptance errors. However,
particularly in the case of false rejection errors, the resolution
of this test is not sufficiently fine to draw clear conclusions.

5. Text-Independent Speaker Verification
A segmental HMM version of a conventional Gaussian Mixture
Model (GMM) based speaker recognition system [12] has been
developed and applied to text-independent speaker verification
on the Switchboard corpus.

The experiments use the one-speaker training material from
the 2002 NIST SRE to train the BM, and a subset of the one-
speaker test data from the 2003 NIST SRE as test data. While a
conventional GMM system analyses each acoustic feature vec-
tor in a speech signal separately, a segmental system attempts to

4This was for compatibility with the MSHHM system, which cur-
rently cannot accommodate multiple-component Gaussian mixture den-
sities

model the speech signal as a sequence of variable length acous-
tic segments. Determination of the optimal segment (state) se-
quence uses segmental Viterbi decoding [1].

5.1. Experimental Method

Intuitively, the most natural approach to the problem of apply-
ing MSHMMs to text-independent speaker verification is to re-
place the conventional GMM with a single segmental HMM.
The model consists of M states, each associated with the type
of linear trajectory segment model described in section 3, spec-
ified by mean and slope vectors in the acoustic space and a
duration probability distribution. These states are configured
in parallel, with a single initial, non-emitting, ‘null’ state and
a single non-emitting final ‘null’ state (figure 2). The seg-
mental states are analogous to the mixture components in a
conventional GMM system, while the transition probabilities
from the initial null state to the emitting states correspond
to the GMM component weights. Once an initial speaker-
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Figure 2: MSHMM structure for text-independent speaker ver-
ification.

independent Background Model has been specified, it is opti-
mised using the Viterbi-based MSHMM reestimation functions
in the ‘Balthasar’ toolkit. We then seed target speaker depen-
dent models using the BM and apply further irterations of seg-
mental Viterbi-based training. Given the optimised BM and
speaker dependent models, all of the relevant probabilities can
be calculated.

5.2. Training procedure for the ‘Segmental’ BM

Experience from conventional GMM systems suggests that an
appropriate number of segmental BM components is of the or-
der of at least 1024. However, the time taken to train and eval-
uate such a model would preclude an extensive investigation
of the effect of different MSHMM variants and parameters on
speaker recognition performance. Hence, for the current exper-
iments the number of segmental components in the BM was set



to 300. Similarly, experience from other speaker recognition
systems suggests that a suitable parameterisation of the speech
signal would comprise mel frequency cepstral coefficients 1
to 18, plus energy, plus the corresponding ‘delta’ parameters.
However, in the present system only the static parameters were
used. This was partly to reduce the computational load, and
partly because it was hoped that explicit modelling of speech
dynamics would remove the need for the ‘delta’ parameters.

As part of our previous research on TIMIT phone classifica-
tion [1], we have developed software to produce sets of context-
sensitive triphone MSHMMs of varying sizes (using the mono-
phone and biphone ‘backoff’ approach described earlier). Us-
ing this software we have developed TIMIT-based model sets
with between 104 and 5,989 models (or, equivalently, between
312 and 17,967 states). By combining the states of a suitable
family of models into a single, integrated MSHMM of the type
depicted in figure 2 we hoped that we could obtain a suitable
initial model to ‘seed’ Viterbi reestimation of our segmental
BM. Estimation of the target speaker models could then pro-
ceed as previously described. Unfortunately this did not prove
to be the case. The dissimilarity between the TIMIT-based mod-
els and the Switchboard data was such that nearly 80% of the
MSHMM states were not used during reestimation. Thus the
effective number of states was significantly reduced. As an al-
ternative we estimated the mean values of 300 segments using
k-means clustering applied to a subset of the Switchboard 2002
data. The initial segment trajectory slope values were set to 0
and the state duration distributions were set to be uniform. The
maximum segment duration was set to 5. Using this method to
intialise the BM, all of the BM states were reestimated during
segmental-Viterbi based training. Five iterations of training al-
gorithm were applied, with the segment duration distributions
only being reestimated during the final iteration.

5.3. Training procedure for the speaker-dependent MSH-
MMs

The trained BM was used to seed speaker-dependent models
for the test speakers in the 2003 Switchboard test set. Two such
sets of models were produced. In the first set, SW0, only the
segment trajectory mean values were reestimated. The segment
trajectory slopes in these models are therefore the same as those
of the corresponding segment models in the BM. In the second
set, SW1, the segment trajectory slopes were also reestimated,
along with the segment trajectory means.

5.4. Results of Switchboard experiments

Experiments were conducted using half of the male test speak-
ers (671 speakers) and half of the female test speakers (1042
speakers) from the NIST 2003 single-speaker evaluation set.
Only half of the speakers were used in order to improve ex-
perimental turn-around time. For each test file, 11 different ver-
ification tests were done, using 11 speaker-dependent models,
as specified in the NIST 2003 evaluation documentation. The
results for model sets SW0 and SW1 are shown in the DET
curves in figure 4. The figure shows that the equal error rate
for the SW0 system (speaker-dependent trajectory slopes same
as BM)is approximately 14%. The use of speaker dependent
trajectory slopes leads to a slight increase in performance.

Both of these results are clearly much worse than the best
performance obtained on the full 2003 test set using a conven-
tional GMM system, which is a little over 5% equal error rate.
This was obtained using a 2048 component GMM system, T-
norm and a biologically inspired acoustic parameterisation. It

remains to be seen whether the relatively poor performance of
our method is due to the compromises in model size and front-
end parameterisation which have been made, or to more fun-
damental limitations with MSHMMs in the context of speaker
recognition.

5.5. Further experiments on Switchboard

We are currently conducting a set of experiments to investi-
gate the effects of different MSHMM configurations on speaker
recognition performance.

The results presented in this paper set a baseline for per-
formance of a 300 segment system with a maximum state du-
ration of 5. Future experiments will compare this with the
performance of a 300 component conventional GMM system,
and with that of 300 segment MSHMM systems with varying
maximum state durations. Since a MSHMM becomes poten-
tially more ‘segmental’ as the maximum segment duration is in-
creased, this result will give an empirical measure of the extent
to which dynamic segmental structure is beneficial for speaker
recognition.

An important practical issue is the computational load as-
sociated with MSHMMs. The ‘Balthasar’ software has already
been modified so that model training can be conducted in par-
allel on a small grid of computers, however the computation
time is still prohibitively long for a large recognition system. A
study will be conducted to discover whether the computational
load reduction techniques developed for conventional GMMs in
[14] can be extended to MSHMMs.

A further study will investigate the utility of normalisation
techniques, such as T-norm [13], for a segmental system. Alter-
native duration models will also be studied.

Once these preliminary studies have been completed with
the 300 segment system, a definitive experiment will be con-
ducted on the full NIST 2003 one-speaker test set with a larger
MSHMM system. This will enable the performance of a full
MSHMM system to be compared properly with that of a con-
ventional GMM system.

6. Conclusions
This paper describes a particular type of multiple-level, segmen-
tal HMM in which the relationship between symbolic (state)
and acoustic representations of a speech signal is regulated by
an intermediate, articulatory layer. The potential benefits of this
type of model for speaker recognition are explored. It is ar-
gued that these benefits derive from two aspects of the model.
First, the incorporation of an ‘articulatory-based’ representation
of speech means that inter-speaker differences may appear more
explicitly. Second, the improved models of speech segment du-
ration and dynamics which result from the use of a segmental
HMM framework may also be beneficial for speaker recogni-
tion. This second set of potential benefits is investigated through
the experiments described in the second part of the paper.

Results of text-dependent speaker verification experiments
on the YOHO corpus are presented. These show a 44% de-
screase in false acceptance rate for a segmental HMM based
system, relative to a conventional HMM-based system, for the
same false rejection rate. However, the false rejection rate is too
small to draw firm conclusions.

The final part of the paper describes text-independent
speaker verification experiments on a subset of the 2003 NIST
SRE one-speaker test set. A segmental HMM version of a
conventional Gaussian Mixture Model is described, along with



the procedures which were used to estimate its parameters on
Switchboard data used in the 2002 and 2003 NIST speaker
recognition evaluations.

Finally, we have outlined a programme of future work
which will enable the utility of MSHMMs to be evaluated prop-
erly for speaker recognition.
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Figure 3: Text-dependent speaker verification results on YOHO using HMMs (dashed line) and MSHMMs (solid line).
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Figure 4: Results on a subset of the NIST 2003 Switchboard ‘one-speaker’ test set. Speaker dependent models with trajectory slopes
from BM (dashed line), and speaker dependent models withreestimated trajectory slopes (solid line).


