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ABSTRACT

This paper proposes an integration of the time-alignment
information in the decision making for HMM-based
text-dependent speaker verification. The principle is to
consider acoustical score and time-alignment as joint ob-
servationsfor which alog-likelihoodratioiscomputed and
compared to athreshold. It is shown that such integration
has two di stinctsaspects, one being akind of adaptation of
the acoustical score threshold to the observed alignment,
theother being theintegrati on of the speaker-specificity in-
formation of thealignment inthedecision making. Exper-
iments on alarge-sca e and redlistic database are reported.
They show theinterest of the proposed method and encour-
age further investigation in such an approach.

1. INTRODUCTION

For HMM-based text-dependent speaker verification, pre-
vious works [1] [2] have shown that some speaker-
characteristic information was contained in the alignment,
namely the number of frames assigned to each state. [2]
estimates a probability density function of the durationin
each state and joinsthis pdf to the HMM model to rescore
the utterance after Viterbi decoding. In [1], we have pro-
posed a discrete duration model which appears to contain
important speaker-specific information. In this work, we
study the way to integrate speaker-specific alignment in-
formation in the decision making. Usualy, decision is
made by comparing the acoustical score(classicay atime-
normalized |og-likelihoodratio) of the speech utterance X
to athreshold. Here, we propose to consider the resulting
acoustical score and alignment as joint observations for
which alog-likelihood ratio (IIk-ratio) is computed. This
resulting IIk-ratio is used as the decision score, i.e., when
compared to athreshold, it leadsto the fina decision.

Inthenext section, theHM M-based text-dependent sys-
tem used in thiswork is presented. Then in section 3 the
principleof theintegration of aignment informationisde-
tailed. Eventually, experiments are reported in section 4.

2. VERIFICATION SYSTEM

The system used is the one proposed in [1]: a HMM-
based system in which the claimed-speaker model score
and the world model (i.e. speaker-independent model)
score are computed for acommon alignment made on the
speaker-independent model of the password. The claimed-
speaker model is built by retraining in a bayesian-like
way the speaker-independent model (variances are not
retrained hence speaker-model and speaker-independent
model share the same state-dependent variances). It was
shown that such a system preserves some speaker-specific
information contained in the aignment and makes the
acoustical score more consistent in emphasizing remark-
able parts of the claimed-speaker model. The acoustical
score for a speech utterance X of length 7" is:
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where ) isthe claimed-spesker modd and ! the spesker-
independent model of the password. It can berewritten as:

S(X) =
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where ¢[t] istheindex of the state the frame X isaligned
on, p@[t] the mean of the speaker mode! in state ¢[t], yé[t]
the mean of the speaker-independent modd in state ¢|t]
and o, the standard-deviation in state ¢[t] (for sake of
simplicity we consider that we are in a one-dimensional

space).

The principle of the integration of the alignment infor-
mation in the decision making does not depend on the
specid structure of our HMM-based system. It could be
applied to any HMM-based speaker verification system.
Neverthel ess, computationisdrastically simplifiedin case
of unique aignment, and the formulae given below are
only valid for the unique alignment system.



3. INTEGRATION OF THE ALIGNMENT IN
THE DECISION MAKING

3.1. Principle

A speech utterance X is processed again the spesker-
independent HMM (world-model) and the HMM of the
claimed-speaker according to the alignment obtained on
the world model. The resulting acoustical score S(.X)
(given by equation 2) and dignment Alg(X) are now con-
Sidered as observations.

In the framework of hypothesis testing, Hy is the null
hypothesis that these observations come from the true-
speaker whereas H isthealternativehypothesisthat these
observations come from an impostor. Hence the decision
is made with thellk-ratio:

L(X) =log (P(S(X),Alg(X)/Hl)

It can be rewritten as:

L(X) =

Hence, thenew decision score L(X') isthesum of 2terms,
Lsa14(X) beingthellk-ratio of the acoustical scoregiven
the dignment, and I 4;,(X) being the llk-ratio of the
alignment. Detailsto compute both termsare given bel ow.

3.2. Likedlihood ratio for the acoustical score
given the alignment

To compute Ls;414(X), we assign a probability density
function to S in both hypothesis Hy and H;. Assump-
tionis made that these pdf are gaussian, which isjustified
if X islong enough (see[3]). Hence, the mean and stan-
dard deviation of S must be estimated in both hypothesis.
The mean isthe expectation of the acoustical scorefor the
given aignment and the given hypothesis. In the case of
H, (true-spesker hypothesis) itisthen estimated inthefol-
lowing way:

E(S(X)/Alg(X), Ho) = E ((% 7 S(X0))/Alg(X), Ho)

®)
Where X; isthespeech frameat time¢. Because aignment
isgiven (X, isassigned to state 7):

E(S(X)/Alg(X ZE (X¢)/Alg(X), Ho)

(6)

(4)

and

E(S(X:)/Alg(X), Ho) = miy, ()
where m’ ,, isthe mean of true-speaker score in state i.
Consequently:

E(S(X)/Alg(X Zlmm ®

with 7; being the number of frames assigned to state i. [3]
originally presents this principle, but in that work the fact
the alignment is given, which is, to our mind, a necessary
condition for the validity of the formula, was not required.

Hence, the mean of the pdf of the acoustical score in
the hypothesis H, depends on the observed aignment.
The mean is adapted to the observed alignment. It can be
viewed as a kind of duration normalization.

The sameideaisalso used for thehypothesis /7, . Inthat
case:

E(S(X)/Alg(X ZTmzmp )

where mlmp isthe mean of impostor score in state :.

The same principle could aso be applied to estimate
standard-deviation. Nevertheless, for sake of simplicity,
we prefer not to adapt the standard-deviation with the ob-
served aignment and consider a global standard deviation
of theacoustica scoreat theword-level inthetrue-speaker
hypothesis s, and in theimpostor hypothesis s;;,, .

It is then necessary to estimate the state-level means
mi... and M, and the whole-word-level standard-
deviation s.: and s, . [3] anaytically derivesthe state-
level parameters from the HMM-parameter, based on the
following idea:

E(X¢/Alg(X), Ho) = p} (10)
where 1§ isthe mean of state i (i = ¢[t] in equation 2)
in the HMM of spesker A . Hence, the state-level statis-
tic estimated anayticaly are model-dependent, therefore
speaker-dependent and |eads to a speaker-dependent deci-
sion making.

Unfortunately, because of the very small amount of
training data in practical application, speaker-model pa
rameters are undertrained and the formula above is far
from being satisfied. There is an important bias be-
tween the analytically-derived mean and the empiricaly
observed mean. Therefore, we choose to estimate em-
pirically the score parameters on a devel opment database.
Hence, it was impossible to estimate speaker-dependent
means (speakers from the development database are dis-
tinct from speaker of the evauation database). From the
development database, speaker-independent state-level
true-spesker score means (m',,,) and impostor score

aut



means (m;,,,,) were estimated as well as whole-word-
level true-speaker score standard-deviation s,,: and im-
postor score standard-deviation s;yy,;, .

Hence, the llk-ratio of the acoustical score given the
alignment can be expressed as.
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At that point, it isworth noticing that if the I1k-ratio of the
acoustical score was estimated without the hypothesis of
given dignment, L¢(X) could be expressed as.
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where myg,,; and m;,, aretheword-level scoremeans. As
these parameters are estimated in a speaker-independent
way, the function that transform S(X) into Lgs(X) is
unique and monotonous thus would not change anything
in the discrimination. Therefore, the differences between
performances obtained with S(.X) and performances ob-
tained with L 5,4, (X)) will be only due to the adaptation
of the mean with the observed alignment.

3.3. Likeihood ratio for the alignment

In [1], we have developped a discrete duration model for
alignment that appearsto be quite effective though simple.
We briefly recdl it here. Namely, for each speech utter-
ance X, we define avector Track(X):

Track(X) = {tri(X)}iz1_~ (13)

where N is the number of states of the model, and
tri(X) = LX) js the number of frames associated to
state ¢ during the alignment, normalized by the total num-
ber of frames of the utterance. For each true spesker A, a
tempora model, T'rack, is built by averaging the tracks
obtained on the utterances used for training. For each test
utterance X, adistortion D) (X) is measured between the

duration modd of the claimed speaker T'rack) and the ob-
served Track(X):

N
DA(X) = tri(X) =t} (14)

i=1

As there is some spesker characteristic information con-
tained in the dignment, the distortion D, (X) is lower
for true-speaker utterance than for impostor utterance, and
discrimination between true speakers and impostors is
done by comparing D, (X) to athreshold. Hence the pdf
of Alg inhypothesis H; isreplaced with D, (X). Thedis-
tribution of Alg in hypothesis H; is supposed to be uni-
form, therefore negligiblein the decision making. Hence,
thellk-ratio of the alignment is replaced with:

Lag(X) = k.Dy(X) (15)

where k is an empirically optimized numerical factor to
compensate for the approximation of the Ilk-ratio (0.2 in
our experiments).

4. EXPERIMENTS

4.1. Database Description and Experimental
Setup

For experimenta evaluation, we use a telephone speech
database collected over long distance telephone lines, that
contains a set of 43 true speakers (male and female) and
adistinct set of 600 impostors. The speech data consists
of 5 short sentences (average duration of each sentence:
1.5s) recorded in various and redistic conditions (includ-
ing background noise, such as TV). The sentences are ref-
ered to as sen 1 to sen 5. For each true speaker, train-
ing isperformed with 3 repetitionsof the password uttered
during asingle call. For testing, a verification test is per-
formed on each utterance of the right password collected
during different calls. The number of true testing cdls
variesfrom one speaker to another, between 1 and 25, with
an average of 13 per speaker. An equal number of impos-
tors attempts (same-sex and cross-sex trials) is performed.
For each true speaker, there is on average a period of 2
months between the call used for training and those used
for testing. The development database that serves for es-
timating the statistics of the acoustical score consists of a
distinct part of the same database.

Anuniguethresholdisset a posteriori for all passwords
and all speakers (based on 3114 true speaker attemptsand
3114 impostors atempts), so as to obtain the so-called
globa Equa Error Rate (i.e. when fadse regjection rate
equals false acceptance rate). A threshold per sentenceis
also set, so as to evaluate the EER for each password sep-
arately.



score || S(X) | Lsjaig(X) | Lag(X) | LX)
senl || 620 5.88 18.1 5.72
*en2 || 3.09 2.94 14.4 2.50
en3 || 426 3.92 18.9 3.75
send || 174 1.48 12.0 1.22
senb5 || 419 357 17.4 357
global || 3.90 3.56 16.4 3.35

Table 1. EER (in %) for different decision scores

The spesker-independent model istrained with approx-
imately 150 repetitions of the password uttered by 50
speakers, that are distinct from those used in the impostor
Set.

4.2. Resultsand Discussion

Intable 1, results are presented in terms of EER. Thefirst
line indicates the type of decision score (i.e. the score
compared to thethreshold): S(X') means acoustical score,
Ls/a14(X) means llIk-ratio of the acoustical score given
thealignment, L 4;, (X)) meansaignment scoreand L(X)
means LS/Alg(X) + LAlg(X).

First of al, when comparing the first two columns,
Ls/a14(X) leadsto better resultsthan S(X') for each sen-
tence. The global EER is decreased of about 9%. Hence,
the adaptation of thellk-ratioto the observed aignment is
valid.

Performances of L 4;, confirm that there is actually a
speaker-characteristic information contained in the aign-
ment. Thiseffect combined withacoustical |1k enablesim-
provment. From our point of view, the improvment ob-
tained when using both Ik ratio for acoustical score and
aignment score is remarkable though small (15% global
EER reduction), because it combines 2 effects that are a
priori antagonist. Indeed, thellk-ratio for acoustical score
given the alignment is a kind of compensation for aign-
ment variations, whereas the aligment score emphasizes
the speaker-specificity contained in the alignment.

5. CONCLUSION

In this work, we have proposed an origina way to inte-
grate time-alignment information in the decision making.
This integration has 2 aspects, one being the adaptation
of the llk-ratio of acoustical score (a kind of aignment-
dependent threshold when decision is made only with
Ls/a14(X)), the other emphasizing the speaker-specific
information contained in time-alignment. This was eval-
uated on a particular HMM-based system in which align-
ment is made only on the speaker-independent model. As
we have seen that alignment iseven more speaker-specific
when obtai ned on clai med-speaker model [1], further work
would naturally be to adapt thisintegration in the context
of model-dependent alignment.
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