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enrolment data are also given in the section. The performance is
ABSTRACT very encourage. Section 5 summarises conclusion.

This paper presents a HMM-based speaker verification system 2. HMM-BASED VERIFICATION

which was implemented for a field trial. One of the challenges

for moving HMM from speech recognition to speakerVerification is a decision making process that for a given sample
verification is to understand the HMM score variation and tand a claimed identity, the verification system gives a value for
define a proper measurement which is comparable across spegcteptance or rejection. The system should have knowledge for
samples. In this paper we define two basic verificatioany claimed identity and for some systems the knowledge of
measurements, a qualifier-based measurement and other identities may also be available. Metbe a verification
competition-based  measurement, and examine  scqueocess andl be a claimed identity anid represent knowledge.
normalisation approaches using these two measurements. THds an input sampl8 the verification process can be defined as
leads to some useful theoretical differentiation between cohort

model and world model approaches used for HMM score Vi(S1LK - {03 @)

normalisation. We adopted a world model method for sco e .
S . . -~ The verification process may consist of a measureMeoftthe
normalisation in the system. The adaptive variance floorin : .
mput sample with pre-stored templat€s and a verification

technique is also implemented in the system. The paper presents. . . )
at plem Sy paperp decision based on the obtained measurement and a pre-defined
evaluation results of the implementation.

thresholdd. Thus

1. INTRODUCTION 0 M(SI1,Ts)<6
V:(S1,K)= @)

The CAVE project (CAller VErification in Banking and %l M(S,1,Ts)26
Telecommunications) was a two-year EU-funded project to
assess speaker verification (SV) technology in banking andere are generally two basic measurements for verification
telecommunication applications. The project involved nind€cision — making, — qualifier-based ~ measurements — and
European partners and was completed in late 1997. This paf@Mmpetition-based ~ measurements. ~ With  qualifier-based
presents a SV system that was implemented for field trials in tHéeasurements, the system makes a decision based on a
CAVE project. The system adopts an HMM-based approach afglculation using the claimed template only and no other
world model method for score normalisation. The system is text@mplates are directly involved in the measurement, so the
dependent and has been evaluated using the SESP datafg@surement becomes
collected yvith a consiQerzi_tion of simulation for field trial in a M(S,1,T9 =P(S,1,Ti) 3)
Dutch calling card application.

. - here P(S,I,Ti) is a measurement between samfleand
One of challenges for moving HMM from speech recognition t2%aimed templateTi . With this method, the robustness of the

speaker verification is to understand the HMM score variatio asurement over samples as well as across speaker templates
and to define a proper measurement which is comparable acrBEs P P P

speech sample domains. This is different from recognition é%lmportant for the success of the verification system.

recognition tasks require only score comparison acros§ith competition-based measurements, the system makes its
templates. Some approaches have been proposed for better sgatgsion based on calculations using the claimed template and
measurement in both SV [2][3][4] and utterance verificatioRome other templates. The system takes a relative value of
(UV) [6][7]. In Section 2 we define two basic verification scores from the claimed template and some other templates as a
measurements, qualifier-based measurements and competitigizasurement for verification decision making. With this
based measurements. With these measurements we examing®Bghod, the measurement reflects how well the claimed
two main score normalisation methods used in HMM-based S¥emplate matched with the sample compared to other templates
the cohort model approach and the world model approacither using the ratio

which leads to some useful theoretical differentiation between )
these two methods. Section 3 presents the implementation of thevi (S,1,Ts) = P! '_T')_ .
SV system. Section 4 gives some evaluation results. The FAPS1LTHIi#1)

adaptive variance technique (AVF) [1][5], which is used in the h i af . ‘ he diff
system, is evaluated. Evaluations on different amount &f ereF is a function over a set of scores, or the difference
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Apparently the cohort model approach leads to a competitive-
based measurement without estimatiR¢O . Theoretically it
fit§ well for a close set verification. However the selection of the

A typical example is to measure the scores from the template 0

the claimed speaker and most competitive template(s) e?mpetltlve speaker does not depend on the claimed speaker but

cohort model approach for SV [2]4], and second best in U epends on test sample. The test sample from different speaker

[6][7]. As the measurement depends on other templates {'gwposter) may lead different selection of cohort speaker. This

" . . . akes it difficult to specify the cohort speaker beforehand [3].
measure competitiveness, this method requires available . ;

. nline selection of the cohort speaker leads to more
selected templates that are somehow representatives of possible

testing samples so that the measurement becomes reliable. comput.a.tlon in the online system. As this gpprqach IS basgd on
competition-based measurements, the verification theoretically

In the HMM approach, the speech utterance is considered agepends on the existing speaker templates to represent unknown
sequence of observatio® generated by a production modelimposters. This could also lead some instabilities of SV system
M (S,W) associated with a speakBrand a wordW. For a for open set verification tasks.

given sampleD, a measurement between sample and model \lﬁl
defined as the posteriori probability for modelM (S,W )to
generateD, P(M(S,W)|0). Using Bayes’ Rule the following
equation can be derived

M(S,1,Ts)=P(S,1,Ti) —F{P(S,1,Tj)|j#i}) (5)

ith the world model approach a set of text-dependent speaker

independent word models, is used as world model to normalise

the score P(O|M(S,W )) This set of world models is

generated from a large number of speech samples from a large

PM(SW)|O) = PAM(SW))P(M(SW)) ©6) number of speakers. In this approach, assuming that
PO M (Sworld,W) is a world model for wordW the score

P(O|M(Sworld,W)) can be calculated. Therefore the
In speech recognition, speaké& becomes irrelevant and normalisation score becomes

P(M (W)) is also reasonably assumed as a constant. Thus the
recognition task becomes to solve this equation Ruorld = —(OIM (S W) (10)

P(OIM (Sworld W))
POIMWW), |
MT} @) In [3], the score from the world model was explained as an
approximation of P(O )in equation 8. Thus with this approach

Since P(O) is the same in comparison across the modelf€ verification process takes the qualifier-based measurement
M (W), the measurement can be simplified R§O|M (W . )) of an approximation ofP(M(S,W)|O )for the verification

The HMM approach provides a framework of estimating §€cision making comparison. As the SV system is often
model M (W ) and measur@(O|M (W )) combined with speech recognition the world models are

available in the system and no other speaker templates are
In SV, the measurements are required to compare on the samplguired for this measurement. So this approach becomes easy
domain O. In such cases,P(O can not be removed from to implement. Theoretically, the world model approach seems to
calculating measuremeR{M (S,W)|O fjom equation 6, a® be more stable for open set applications since the score
is variable in the verification comparison. Given the testingormalisation does not involve any other speaker templates.
speaker in the verification task is often an open set therefore the

probability P(O) 3. SPEAKER VERIFICATION SYSTEM

w=argmax P(M (W) |O)} =argm

hd Figure 1. shows an overall diagram of the SV system. The
PO) = z P(OIM(S))P(S) ® system is implemented in a real-time fashion. The incoming
I speech is initially converted into a sequence of acoustic feature
. . vectors in the pre-processing of the feature analysis. In the
s not possible to be calculated fully. The measyreme%%rolment,aset of speech utterances is collected from a speaker
P(OlM(S’W.)) has been pr_oved not robust for_verlflcatlonand each sentence is checked and segmented by speech
:1(:;25 fggiﬁze;];ale sg:rl]us:"gnof r[ﬁl).st -(I:—E:ISIenﬂgdtlggks rltl)qbgst egogniser. These segmental units are then classifiearding
u v 9 ! '(\)Atheir recognition result and a collection of segmental units for

based speaker verification. each vocabulary item is used to produce a HMM model. A set of
Two main approaches, the cohort model method [2][4] and ttf@eaker-dependent word models is produced and used as a
world model method [3][10], have been proposed to normalis@eaker template for verification. In verification, the speech
the scoreP(O| M (S,W ))for better measurement. In the cohortfeature vectors are matched with a speaker template according to
model approach, a competition-based measurement is adopifg. given speaker identify and word sequence. A recognition
For a simple form of this method a measurement is defined apr@cess is used to check whether the input utterance is an
ratio of the score from the claimed speaker template with tigxpected sentence before the verification. The incoming

score from most competitive speaker template, i.e. utterance is also matched with a sequence of world models to
obtain scores for normalisation. The scores from both speaker
Reohort = — P (OIM (S W))/ P(O) ©) dependent and world models are then used for final verification

Tf?{ P(OM (S W))/P(O)} binary decision making for rejection or acceptance.



the verification. In the process two scores are calculated for
which one is from matching with speaker dependent models and

Enrolment

another is from matching with world models male or female (the
better one). Same silence models are equally applied on
/L matching in the beginning and end of the sentences and between
pre. R two words. With world model based score normalisation the log
. —P Recogniser Speaker . . .
processing TOTHHES likelihood ratio

Riog={log(P(O | M (Sciaimed))) —log(P(O | M (Sworld)))} / N

is computed from two scores for verification decisinn.is the
number of frames in the test utterance.

@ 3.4 Adaptive Variance Flooring Technique

The adaptive variance flooring (AVF) technique, which is used
in [1][5], is adopted in our system. With this technique a global
variance of feature vectors is computed from a significant
Figure 1.Block diagram of the speaker verification system  amount of spech data. A flooring variance is defined as a
proportion of this global variance i.e. global variance multiplied
by constant factor. This flooring variance is then applied in the
3.1 Acoustic Analysis process of speaker template building. During modelling if any
element in the estimated variance vector is less than the
Speech signals were recorded at 8 kHz from public telephogerresponding element in the flooring variance the estimated
network. A filter bank process is used to produce 32 filter bankariance element is replaced by the flooring variance element. In
coefficients every 15 ms and these filter bank coefficients a[g|[5], the AVF technique has been applied in the process of
then transformed to 12 cepstral coefficients by cosingorld model modelling process. In our system the AVF for
transformation. The 12 delta cepstral coefficients are derivegbrid model is slightly different. As we use existing speaker
from cepstral coefficients every 5 frames. The dynamic cepstiadependent speech recognition word models as world models,
normalisation technique (also referred as cepstral meae adopt an approach to apply to the AVF technique to the

subtraction), which was developed by Vocalis (former Logicaksultant speaker independent models rather than in the
in EU SUNDIAL project [8], is applied to cepstral coefficientsmodelling process.

to remove long time shift on individual cepstral coefficient.

Thus, the overall feature vector consists of 12 normalised 4. EVALUATIONS
cepstral coefficients and 12 delta cepstral coefficients. The same

front-end processing is used for both speaker verification anfl 1 Database

speech rezgnition.

SD Scoring

S| Scoring

The evaluation has been carried out on the SESP database
3.2 Speaker Template Building collected by KPN research for SV evaluation. SESP contains

telephone utterances of 24 male and 24 female speakers calling
A word-based HMM is used to represent the speaker templaiith different handsets and from wide range of places. Some of
In the system only digits are used for verification. A speakehe calls were made from another country. In our experiments
template consists of a set of speaker dependent digit modelsi 21 male and 20 female speakers for whom there is sufficient
digit model compromises 12 states with a single mixture p@heech material to use. The evaluation has been carried out to
state. Diagonal covariance is used femch mixture and 3 sjmulate speaker verification in a telephone calling card
learnable transitional probabilities, itself; next state and the oR@plication for a field trial in Dutch PTT. The utterances used

after are applied. A speech recogniser is used to check ¥ experiments are calling card number, a sequence of 14 digits
incoming utterances and segment digit string into word level by pytch.

matching enrolment utterance with speaker independent digit
models. Training tokens are collected from enrolment utterancgs? AVF Technique Effects
for each digit to build the speaker dependent digit model.
The first evaluation result in Figure 2 is to demonstrate the
3.3 Verification effectiveness of AVF technique in SV. The result in the figure
are based on Gender-Balanced Sex-Independent Equal Error
A Viterbi algorithm is used for recognition and HMM scorerate (EER), following the EAGLES recommendation [9]. These
measurement for verification. Each speech utterance is checkgdits are based on 8 utterances for enrolment. About 3000
by the recogniser prior verification. This has been crucial tgtterances are used for testing. Beselineresult is obtained
ensure the stability of the HMM score. The world model scorgom the system without AVF. The equal error rate is 1.4%.
normalisation method is adopted in the system. Two sets @hkr-only represents the result by applying the AVF in speaker
speaker independent digit models, male and female, which aggnplate training for which the EER is 0.7%. By further flooring
used for speech recognition, are also used as world modelsyig world model the EER is reduced to 0.5% as indicated by



Both. The experiment shows that applying AVF technigue in

5. CONCLUSIONS

building speaker template can reduce over 40% of errors. With
AVF applying to world models the error rate can be reducethe paper presents an implementation and evaluation of online

further about 30%.

1.6

1.2

0.8

SV system based on HMM approach and world model method
for score normalisation. The best EER is 0.5% with 8 utterances
for enrolment. The AVF technique is applied in the
implementation and the evaluation result shows that such
technique gives over 60% error reduction. In the paper we also
defines two basic verification measurements, qualifier-based
measurement and competition-based measurement, and examine
cohort model approach and world model approach using two

EER

0.4

Baseline Spkr-only Both
Figure 2. Comparison of verification error rate using AVF

technique 1.

4.3 Enrolment Data Effects

In the second experiment we evaluate the verificatioR.
performance with different number of utterances for enrolment.
In this experiment we compared the verification results by using
4, 6 and 8 enrolment utterances respectively. Their equal erpr
rates are shown in Figure 3. '
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Figure 3. Comparison of error rates using different number of
utterances for enrolment
8.

It is shown in this figure that the error rate can be reduced
dramatically with increasing enrolment utterances. The erréx
rate nearly be cut by half with increasing enrolment utterances
from 4 to 6 and further reduced from 0.75% to 0.5% by adding
two more utterances. This experiment is limited by the database
size the result is unable to indicate when the error rate may"
converge. However the result suggests that increasing enrolment
data can improve the system performance dramatically,
particularly when the amount of enrolment data is limited.

measurements
differentiation of two methods.

which leads some useful theoretical
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