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RÉSUMÉ
Il est bien connu que la quantisation vectorielle (VQ) est
une méthode solide pour des systèmes de la reconnais-
sance du locuteur qui demandent peu de données pour
l'entraînement. Toutefois la méthode VQ conventionnelle
utilise seulement les mesures de distorsion et ne s'occupe
pas de la séquence des codes VQ. Nous proposons d' éten-
dre la méthode de distorsion VQ par combiner les distor-
sions avec la probabilité de la séquence des codes VQ
provenant d'un modèle de Markov discret (DHMM). Cette
méthode convient le mieux pour les systèmes de la recon-
naissance de la parole et du locuteur combinés. Nos expé-
riences avec la base de données TI46 montrent que la me-
sure combinée donne des résultats mieux que les mesures
VQ et DHMM seules.

ABSTRACT
Vector Quantisation (VQ) has been shown to be robust in
speaker recognition systems which require a small amount
of training data.  However the conventional VQ-based
method only uses distortion measurements and discards
the sequence of quantised codewords.  In this paper we
propose a method which extends the VQ distortion
method by combining it with the likelihood of the se-
quence of VQ indices against a discrete hidden Markov
model (DHMM).  The method is particularly suitable for
combined speech recognition and speaker recognition
systems.  Experiments on the TI46 database show that the
combined score gives better performance than both the
conventional VQ-based and DHMM-based methods.

INTRODUCTION
For text-independent speaker recognition, the vector

quantisation (VQ) distortion method has been shown to be
more robust than a continuous hidden Markov model
(CHMM) when the amount of available data is small [1].
In the VQ method, a speaker-specific codebook is gener-
ated by clustering the training feature vectors of each
speaker.  In the recognition stage, an input utterance is
vector-quantised using the codebook of each reference
speaker.  However only the VQ-distortion is then used for
recognition and the VQ codewords indices are discarded.
The sequence of codewords quantised from the input ut-
terance can be assumed to contain speaker-specific infor-
mation, particularly temporal and trajectory-based infor-
mation which is discarded in the conventional VQ-
distortion method.

This paper proposes a method which combines the tempo-
ral information from the VQ index sequence with the VQ-
distortion in order to improve the performance of a VQ-
based speaker recognition system.

EXTENSION OF THE VQ-BASED

METHOD

One way of characterising sequences of VQ-codewords is
to use discrete hidden Markov models.  Rosenberg [2] has
reported a speaker recognition method using left-to-right
HMMs.  Similarly, one could build a speaker-specific
discrete hidden Markov model (DHMM) for each speech
unit (eg. word or phoneme, however in this paper we only
consider a word as a speech unit) spoken by that speaker
using VQ-indices from the training data.  In the recogni-
tion stage, for a text-dependent paradigm where the text of
the utterance is known, a corresponding DHMM can be
constructed by concatenating DHMMs of the speech units
in that utterance.  This also fits perfectly well into the
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context of a prompted-text speaker recognition system [3].
Prompted-text speaker recognition systems have the dis-
tinguishing feature of robustness against recorded voices.

The probability of the codeword sequence of the test ut-
terance against speaker-specific DHMMs would give a
score for speaker recognition.  By combining this score
with the VQ-distortion, one could expect to achieve better
recognition results compared with the conventional VQ
method.

Since we have to train a speaker-specific DHMM for each
word, the speaker data used to train those DHMMs might
be inadequate.  One way to overcome this problem is the
use of a speaker-adaptive system [6].  First, for each word
in the vocabulary a speaker-independent word model is
trained using a large number of occurrences of that word
uttered by all registered speakers in the system.  The pa-
rameters of this model are estimated by classic training
(Baum-Welch reestimation algorithm).  Next, a speaker-
specific DHMM for each word is reestimated using the
speaker data, which uses the parameters of the speaker-
independent word model as initial parameters.

This method extends beyond the conventional VQ-based
method but requires little extra computation because the
VQ procedure provides input data to both scoring meth-
ods, VQ-distortion measurement and DHMM probability,
simultaneously.  Figure 1 shows the data flow in the com-
bined algorithm.  The box labelled “Classify Vectors” is
the nearest-neighbour search procedure using a VQ code-
book.  The sequence of acoustic vectors extracted from
the speech is split into sequences of VQ-distortions and
codebook indices.  The mean distortion D is used in the
conventional VQ-based method while the likelihood score
Prob of the sequence of indices is computed from the
DHMM.

Another way to look at this combined method is to view it
as a simplified version of the continuous HMM method
where both feature vectors distribution and temporal in-

formation are taken into account.  However, as pointed out
earlier, the CHMM performs more poorly than the VQ-
distortion method when only limited data is available.

COMBINING THE SCORES
As shown in Figure 1, we now have two different scores,
the mean-VQ distortion D and the DHMM-likelihood
Prob, to recognise the unknown speaker from a test utter-
ance.  In order to combine the two scores several possi-
bilities are available [7].

Assuming that we have two statistically independent
scores for an input utterance against a reference speaker,
the joint probability is chosen here because of its mathe-
matical tractability.  The combined probability is defined
as follows:

DHMMVQcombined PrPrPr = (1)

where VQPr  is the probability of the speaker being the

client using VQ-distortion; and DHMMPr  is the probabil-

ity of the utterance being generated by the client DHMM.

We convert the mean-distortion D into a probability score
using the following formula:

wD
VQ e−=Pr (2)

Figure 2 shows a plot of the function PrVQ.  At D = 0, the
probability of speaker being the client is assumed to be 1.
As the mean-distortion D increases, that probability de-
creases and approaches 0.  The probability weight w is
used to control the decline of the curve PrVQ.  One prop-
erty of the function PrVQ is that it smoothes out the prob-
ability at large values of D.  This is similar to taking the
distortion-intersection measure (DIM) which was intro-
duced by Matsui and Furui [1].

To avoid underflow in computation, we take the log of the
probabilities in formula (1).  Finally the log-likelihood of
the combined method is computed as:

)log(Pr)log(Pr DHMMcombined wD +−= (3)

Preliminary experiments with different values of w
showed that the best choice for w is one which approxi-
mately equates the first term of the sum in formula (3)
with three times the second term.  This is equivalent to
taking a combined score with a  75% contribution from
the VQ score and a 25% contribution from the DHMM
likelihood.
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Figure 2.  Plot of function PVQ



EXPERIMENTS

Speech Data

The proposed method was tested on the TI46 speech cor-
pus.  There were 16 speakers, 8 female and 8 male, la-
belled f1-f8 and m1-m8.  The vocabulary contained a set
of 10 single-word computer commands which are: enter,
erase, go, help, no, rubout, repeat, stop, start, and yes.
Each speaker repeated the words 10 times in a single
training session, and then again twice in each of 8 later
testing sessions.  The corpus was sampled at 12500 sam-
ples/s and 12 bits/sample.  The data were processed in
20.48ms frames (256 samples width) at a frame rate of
125 frames/s (100 samples shift).  Frames were Hamming
windowed and preemphasised with µ=0.9.  Forty-six (46)
mel-spectral bands of a width of 110mel and 20 mel-
frequency cepstral coefficients (MFCC) were determined
for each frame.

System Training

In the training phase, each speaker’s 100 training tokens
(10 utterances x 1 training session x 10 repetitions) were
used to train the speaker’s VQ codebook by clustering the
set of all of the speaker’s MFCCs into codebooks of either
32, 64 or 128 codewords using the LBG algorithm [4].
Next, sequences of codewords from 10 repetitions of each
utterance by each speaker were used to train a speaker-
dependent five-state left-to-right DHMM, using the for-
ward-backward and Baum-Welch algorithms.  Hence each
speaker was modelled by a set of 10 DHMMs corre-
sponding to the 10 words in the vocabulary.

Experimental Results

The speaker identification paradigm, each of the 2560 test
tokens (16 speakers x 10 utterances x 8 testing sessions x
2 repetitions) was tested against the models of all 16
speakers in the database.  The identified speaker is the one
who has the best score. Figure 3 shows the identification
results using DHMM-likelihood, VQ-distortion and the
combined score for codebook sizes of 32, 64 and 128.  In
the DHMM and the combined method, the text of the test
utterance is assumed to be known.

32 64 128

DHMM 67.99 77.64 80.55
VQ 81.77 85.71 88.54
Combined 88.78 92.05 93.98
Overlap 56.85 68.66 73.03

The performance results of the methods using VQ alone
and DHMM alone shown in Figure 3 agree with experi-
ments by Matsui and Furui [1].  As expected they indicate
that the VQ-distortion method is superior to the DHMM
method for all tested codebook sizes.  But if we combine
the DHMM score with the VQ-distortion score, the com-
bined score improves the identification accuracy over the
conventional VQ by 7.01%, 6.34% and 5.44% for code-
book sizes of 32, 64 and 128, respectively.  The reason
can be seen by looking at the overlap percentage.  For
example, with the codebook size of 32, there were (67.99
– 56.85 =) 11.14% of the tests where the DHMM method
gave a correct recognition but the VQ method did not.

Figure 3.  Speaker identification rates with different methods
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methods



This can be interpreted as there being 11.14% of the tests
in the speaker identification experiment where DHMM
performed better than VQ.  Therefore, by combining the
DHMM score with VQ, the combined score was expected
to (and did) perform better than both methods individu-
ally.

DISCUSSION
Two important conclusions can be drawn from this ex-
periment.  Firstly, it showed that the mean VQ distortion
does not account for all speaker-specific information. By
adding temporal information to the mean VQ distortion,
speaker recognition can be improved.  Secondly, it is pos-
sible to combine two different types of speaker recogni-
tion scores, ie. VQ-distortion and DHMM-likelihood, into
one score that gives a better overall recognition rate than
either of them alone.  The scores have to be combined in
such a way that the coherence of the two sources is maxi-
mised and their differences minimised.  The proposed
method has shown to perform consistently better in all
tested cases.

CONCLUSION
This paper has proposed a new method in speaker recog-
nition which extends the mean VQ distortion method by
combining it which DHMM.  This method was designed
for systems with a small amount of training requirements
and is ideally suited for text-dependent or text-prompted
speaker recognition systems.  Our speaker identification
experiments showed that the method surpasses both the
conventional VQ-based method and the DHMM-based
method.  The combined score chosen here is quite simple
and the research will go on to investigate other possible
combinations of scores.
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