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Abstract
In this paper, the Bayes factor is considered as a replacement verification criterion to the
likelihood-ratio test in the context of GMM-based speaker verification. An advantage of this
Bayesian method is that it allows for the incorporation of prior information and uncertainty of
parameter estimates into teeoringprocess, complementing the Bayesian adaptation used in
training. A development of Bayes factors for GMMs is presented based on incremental adapta-
tion that is well-suited to inclusion in existing GMM-UBM systems. This method is extended to
include the weighting of test frames to account for their statistical dependencies. Experiments
on the 1999 NIST Speaker Recognition Evaluation corpus demonstrate improved performance
over expected log-likelihood ratio scoring. These findings are supported with results from a
modified version of the NIST Extended Data corpus of 2003.

1. Introduction central theme several significant implementational choices
Over the past decade, speaker recognition technolog ifferentiate this work from its predecessors. Firstly, an in-
’ remental Bayes learning approach is used for calculating

has advanced to the extent that it is sufficiently accurate fo ¢ for GMMS i d of a Viterbi S
use in real applications. However, to date the range of thesgayes factors for s instead of a Viterbi approximation

applications falls well short of the extensive possibilities formethOd' Secondly, the method presented is more suited to
the technology. current state-of-the-art systems based on a GMM-UBM ap-

While current state-of-the-art text-independent speakePIroaCh antd MA_P adaﬁtr?t'gn;lt't |steff§ctt|\r/]ely a (lj(rop-m r?- d
verification systems are capable of equal error rates (EE acement scoring method. It extends the work presente

of 1-10%, many applications require an EER in the order of Vogt and Sridharan (200)4vith a novel frame-weighted

0.1%. Itis clear that there are still significantimprovements‘fjld"m.tatlon variant of Baye; factor scoring to compensa}te

required. for highly cqrrela_\ted acoustic features commonly used in

Many of the techniques used in current speaker Ver_speaker_ verification. I .
Section2! presents speaker verification (and the verifi-

ification technology require vast amounts of contextual . . . -
acoustic data to adapt the system to a particular Situac;atlon problem in general) in terms of a statistical hypoth-
sis test, proceeding to develop the decision criterion for

tion or application of interest. Most advances in speakeF P . N
recognition in recent times (in very broad terms) haveverlﬁcatlon under a Bayesian framework and resulting in
been developments that find ways to utilise more data t(gheIBaSyest.fac:;o:.B fact . f GMMs is derived
train, adapt or otherwise fortify speaker recognition sys- N Sectiora, bayes factor scoring o S 1S derived
tems in adverse conditions. Techniques that fall in thisand thelmplementatlon._al aspects ofthe_speakerver|f|cat|on
category include the introduction of Universal Backgrounds'yStem used for experimental comparison are presented.

Models (UBM) Reynolds 199), handset type and test- Sect'u%r’é.z algo prestinti a novglj_ert}hancemtgnt of thke pre-
segment normalisation (H-Norm and T-NornAucken: sented bayesian methods Spectlic 1o acoustic speaxer ver-

thaler, Carey, and Lioyd-Thomas 2000 ification by compensating for the highly correlative nature
’ : of commonly used acoustic features via frame weighting.

In contrast, this paper presents an improved scoring . . .
e Section4. details the experiments performed and re-
method for GMM- ker verification m . .
ethod for G based speaker verification systems by ults achieved when comparing the LRT based speaker ver-

employing a Bayesian approach to analysing the underlyingr .
verification problem. The resulting technique replaces th ication system to the proposed Bayes factor scored sys-

o . . . . tem. These experiments target conversational telephony
rone o e oty Loyt A 1 1 b an ot e ST 1988 Spesher e
sis testing using Bayes factors has several advantages ovgron Evaluation protocol (Secticd.1) and a modified
non-Bayesian approaches including the ability to evaluat g;sc'ggrzfzt)he NIST 2003 Extended Data Task protocol
evidencein favour of the null hypothesis and to incorpo- =
rate prior information into the scoring process analogous to
maximum a posterioffMAP) adaptation for model train- 2. Bayes factors
ing. Speaker verification, and verification problems gener-

The work presented herein was motivated by the applially, can be considered in the framework of statistical hy-
cation of Bayes factor scoring to speaker verification champothesis testing. In the case of speaker verification, the hy-
pioned byJiang and Deng (200)and while it adopts their pothesis under scrutiny/y, is that an utterance was pro-

Proceedings of the 10th Australian International Conference on Speech Science & Technology
Macquarie University, Sydney, December 8 to 10, 2004. Copyright, Australian Speech Science & Technology Association Inc.

Accepted after full paper review



PAGE 405
duced by the claimant speaker. The null hypothesis,is  and Stork 200}, (6) can be expressed as
simply that the utterance was produced by another speaker.

Under this scenario, the appropriate statistic for testing the I pylA2)p(A2| X)dAs - [ p(X|A1)p(A1)dAy

hypotheses is the posterior oddsHf given by Bio = Tp(ya)p(A)dXs - [ p(XA)p(h)dh
[ p(yIN)p(A[X)dA
P(H{|D =
FED) @ Topar

i i , i In this paper, the factor irv] is used as the criterion for
where D is the available data evidence afi1;|D) IS \grification. Although this Bayes factor requires integration
thea posterioriprobability of the hypothesily. giventhis o ar the entire parameter space (comprising thousands of

evidence. Applying Bayes theorem to the numerator andjinensions in the high-order GMM case), a method for ef-
denominator,1) becomes ficiently calculating an approximation is presented in Sec-

P(H\|D) _ P(H,) y P(D|H;) o tion'3.1.
P(Ho| D) P(Ho) ~ P(D|Ho) 2.1. Modelling the null hypothesis

It can be readily seen that the posterior odds are the prior From 6) 't, can be seen thaF we are in fapt evaluating
odds scaled by a factor dependent on the evidence. Th%ratlo of likelihoods as our verification criterion although

scaling factor is thiayes facto(Kass and Raftery 1995 It is not the familiar likelihood ratio commonly used in
denotedB,, or simply B speaker verification systems. Of particular note is the dif-

ference in the modelling of the null hypothesis.

P(D|H;) The Bayes factor approach outlined above elegantly re-
m (3)  moves the issue (_)f mpdellir_lg the_ backgr_ound population
that has been a significant issue in the history of speaker

The Bayes factor can be used directly as a decision criverification research. Early in this history the background
terion for verification, with an easily interpreted threshold population, represented in the denominator of the likeli-
if the prior odds are known. hood ratio, was ignored and verification decisions were

Typically, the available evidencP consists of the test based solely on the likelihood of the claimant’s model pro-
utterancey, and training data for the claimant, representedducing the test utterance; the particular words spoken and
by X . Incorporating this data, the Bayes factor becomes the acoustic environment of the recording were significant
sources unwanted variability in these scores. To reduce

these dependencies, a cohort of background speakers were
introduced and combined to model a background popula-
tion in the denominatorRosenberg, Delong, Lee, Juang,
For this paper we are particularly concerned with theand Soong 1992 This approach raised the question of
solution of @) incorporating a parametric model structure choosing an appropriate set of speakers to form this cohort:
to represent a speaker or class (Gaussian mixtures). Undghould the cohorts be near, far or evenly distributed? How
a Bayesian framework, the model parameters are consignany cohort speakers are required?
eredunknown random variableshich themselves have a The introduction of the universal background model
probability density distribution, allowing for the case of in- (UBM) and Bayesian adaptive model estimati&eynolds
complete data and uncertainty in parameter estimates. Thit®97) allowed for more detailed and robust models while
to calculateP(D|Hj},) in (3), we must integrate the densi- replacing the background cohort with a single model. The
ties p(\|H},) over the model parameter space (rather tharUBM in this approach plays a dual role by providing a prior

Bio =

P(an|H1)

Bijg=—""—<
7 Py, X|Ho)

“4)

determining parameter estimates that maximise it). distribution for the claimant model parameters and a “rest
of the world” model as the denominator of the LRT.
P(D|H;) = /p(DIA,Hk)p(AIHk)d)\ (5) The Bayes factor approach presented in this paper re-
moves this dual role of the UBM as it is used solely for

Iproviding a prior distribution for model parameters. It is
simply unnecessary under this approach to provide a model
for “all other speakers;” the denominator of the ratiolé (
evaluates the likelihood ofédifferentmodel to the claimant
[ p(y, X|\)p(A)dA producing the test ut_terance. Ip th?s way the Bayes factor
TouPa)pOa) s - | (X A)p0)dn (6) is capable of evaluating the evidenicefavour of the null
PlYiA2)piA2)ddz - J P VPiAL)aAL hypothesis, rather than introducing a model to represent a
where the numerator evaluates the likelihood of the eviPackground population.
dence 4 and X) coming from asingle class, while the e .
denominator evaluates the likelihood of theoming from 3. Speaker Ve”flcat'on_ using Bayes factor
adifferentclass to that ofX (this difference is emphasised scoring
by the subscripted). This section describes the incorporation of Bayes factor
Assuming independence of the training and test datacoring into an existing speaker verification systétalé-
and utilising Bayesian incremental learniriguda, Harl, Icanos and Sridharan 20ased on the GMM-UBM struc-

where\ is the vector of unknown parameters for the mode
representing the claimant. Under this framewo#), ¢an
be expressed as

Bio =
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ture Reynolds 199y Section3.1! derives the Bayes fac- where
tor scoring criteria for Gaussian mixture models and Sec-
tion3.2] extends this derivation to compensate for a highly
correlated feature set. Sectid3! describes some of
the practical implementation issues and efficiency improve- D {
) exp § —

p(x|p)p(p;| X)dp; =

=
ments used in this research.

Ti (g — mm)2 } (15)

202, (i + 1 2(1; + 1)o2,

d=1
3.1. Bayes factor scoring for GMMs S (t-1) _
To evaluate Bayes factors for GMMs it is necessary to '€ Prior distributionp(\| X"*~") can be determined

evaluate the Bayesian predictive densBy that is of the with an incremental update approach. The update equations
for the prior distribution hyperparameters are equivalent to

form
the MAP update equations for GMMs for a single observa-
p(X1) = [ p(XINpN)A ®
with the model density function given by = 1+ Pilx) (16)
N , Tmi+ Pilx)x
p(XIN) =D wigalp, =) ©) T T Pifw) A7

t=1 i=1
wherer/ andm/ are the updated hyperparameters after ob-
servingx and

D
1 (zq — ptia)? wig(x|p;, Xi)
g(x|p;, 3i) = exp {— (20) Plile) = 29\ "1 i)
dgl V2o, 207 (i) p(z]\)

Following from common practice in MAP adaptation of iS posterior probability of mixture componenproducing
GMMs and supporting experimental evidence, only thethe observation. From the above equations, it can be seen
component Gaussian means are considered for adaptdiat Bayes factor scoring can in fact be implemented as
tion in this work. Consequently the prior distribution for incremental MAP adaptation while scoring with adjusted
A = {py,1y...py}is (Gauvain and Lee 1996 variances to compensate for uncertainty in the component
means. It should be noted that both hypotheses are evalu-
ated in this fashion.

with the constraint of diagonal covariance matrices

N
p(N) = [T a(w10:) (11)
i=1 3.2. Test frame weighting

where®; = {r;,m;} are the set of hyperparameters with Acoustic features commonly used for speaker verifica-
7; > 0 andm, is a D-dimensional vector ang(y;|0;) is tion, such as MFCCs, exhibit high levels of correlation be-
K2

given by tween consecutive observation frames. This is essentially

by definition, considering that the short-term spectra and

D 2 7i (fig — m; d)2 cepstra typically calculated for consecutive frames share

9(1i|©;) = 1/ ?ng exp _T two-thirds of their waveform samples and that delta cepstra
d=1 i i

explicitly average over a number of frames.
This correlation obviously voids the commonly sited as-

- i S -  sumption of statistically independent and identically dis-
by performing the Viterbi approximation Jkang, Hirose, tributed feature vectors. Although not stated explicitly,

and Huo (1999 effectively assigning each sample to a sin- much of the preceding discussion also invokes this assump-

gle component Gaussian. .In contrast, we "’.‘d"pt an INCr&,n which leads to overly confident adaptation during the
mental approach by updating the model prior density af-

. o . .~ Bayes factor scoring process. Particularly in the case of
ter each observation using incremental Bayesian learning; . .
S . ) . xtreme mismatch, such as mismatched telephone handset
Hence, 8) simplifies to the iterative evaluation of

types, this ultimately leads to degraded performance.
T To prevent over confident adaptation during scoring a
p(X|H) = H/p(a:tp\)p (A\X(t*”) dx  (13) frame weightedadaptation can be employed. Adding a
t=1 weighting factorg to the update equationd) and (17),

Jiang and Deng (20()lapproximate the solution oBJ

) we have
where XV = {x) @,...x,_} is the set of obser-
vation vectors preceding:;. Under this interpretation, T/ = 7+ BP(i|x) (18)
[ oz Np(A X 1) dX simplifies to a weighted sum of / rim, + BP(i|z)a
integrals over the component Gaussians, M= T AP (19)
/p(:cM)p(A\X)d/\ \(/jvhere typically0 < g < 1: Intuitively, I5] repr.esents how .
ependent each observation vector is from its predecessor;
M a value ofl implies statistical independence and reducing
= sz /p(w|/l’i)p(“’i|X)d/‘i (14)  values indicate increasing correlation (and, consequently,
i=1 less information).
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3.3. Implementation

Several issues remain with respect to the practical im-
plementation of Bayes factor scoring within a speaker ver-
ification system.

Firstly, the discussion above does not mention the ini-
tial values for the prior distribution hyperparameteéds=
{m;,7;]¢ = 1,2...M}. For all models the initial values
of the hyperparameters are the same; the prior means arg
derived from the UBM (as is the case with MAP adapta-
tion) and allr; are set to the MAP adaptation “relevance
factor,” 7. For the numerator, these values are then updated=
as a result of the speaker enrolment/training procedure; the

40

20

10

ss probalfty (in %)

=

prior means become the MAP adapted meansmarsithe o5 | R

sum of the relevance factor and the probabilistic count for ELLR Diff

mixture component. As a practical note, the probabilistic ozt Eg: o

counts determined from model training must therefore be %! [| - - - Bayes Diff

recorded. 0102 05 1 2 5 10 20 20
Under this scheme, the speaker enrolment procedure False Alarm probability (in %)

consequently has a slightly different interpretation as it

adapts the prior distribution hyperparameters to be speakefFigure 1:DET plot of NIST '99 baseline results comparing

dependentather than estimating a speaker model directly. ELLR and Bayes factor scoring(= 0.25) for the All,
For the denominator, the prior distribution hyperparam-Same and Different handset type conditions.

eters are left as their initial speaker independent values. An

interpretation of this is that, at the start of a test utterancé < 2 total of 57,310 trials of up to 45 seconds in length,

the denominator effectively represemts speaker in con- with 4,828 of these being target trials. Of particular inter-

. : . est with this database is the emphasis placed on the levels
trast to the usual interpretation of representing many un-

. e : of mismatch represented. As well as overall performance,
known speakers with a UBM. To be verified a claimant . ; S
: our results are categorised into two subsets distinguished
speaker model has to lmore likethe test utterance than

no speaker as the speaker independent prior distributioby the level of mismatchameandDifferenthandset type

T . T
will adapt more rapidly toward the test utterance than thepnals' In this corpus, the telephone handset type is either

speaker dependent prior. electret or carbon-button transducer. A trial is categorised

b . asSamaeype if the training and testing segments were both
Secondly, for efficient evaluation of the Bayes factor a ) .
. . o recorded on the same telephone type; representing mod-
top-N scoring strategy is employed that works similarly ) . : o
o . erate mismatchDifferenttype trials are significantly more
to the top-IV expected log-likelihood ratio (ELLR) scor- o0 oned with consequently poorer system performance
ing (Reynolds 199). This also implies that only théV q yp y P '

. S Figurell compares the detection error trade-off (DET)
highest contributing components of a model are updated b urves of Bayes factor and ELLR scoring for the NIST

an observation; a positive side-effect of this is the reduceti9 data with equal error rate (EER) and minimum detec-

potential for numerical accuracy issues in the update SteQion cost function (DCF)Nfartin and Przybocki 2000pre-

All experiments in this study us& = 10. It should be A -
. . . ~. sented in Figure® and[3 respectively. Improved perfor-
noted that even wittop-N scoring Bayes factor scoring is . o . .
mance in the low false alarm region is attained with the

more computationally expensive than ELLR scoring due tOBayes factor method, with reductions in the observed DCF
the extra effort in incrementally adapting the prior distribu- . ' .
for all conditions; up to a 19.3% in tHeamecase and 6.3%

tions. overall. Mixed results were observed at the EER operating
4. Experiments point with improvements in th8amecondition and degra-

. . ) N dations in theAll andDifferentcases.
The recognition system used in this study utilises fully The DET plots demonstrate a trend of a counter-

coupled GMM-UBM modelling using iterative MAP adap- |ockwise rotation of the Bayes factor curves compared to

tation and feature-warped MFCC features with appendeg| | R scoring. Assuming Gaussian output score distribu-
delta coefficients, as describedBglecanos and Sridharan tions. the observed reduction in DET curve slope would in-

(2007). An adaptation relevance factor of= 8 and 512-

dicate a proportional reduction in the ratio of standard devi-
component models are used throughout.

ations of impostor to target trial score distributions termed
4.1. NIST 1999 experiments the o-ratio (Navra’gil and Ramaswamy 20D3’_This was |n

i ) _deed observed with the Bayes factor scoring reducing the
_ For this _evaluatlon, the NIST 1999 Speaker R_ecog”"a-ratio by 5% overall
tion Evaluation database was used. (For further informa-
tion see (\Igtlonal Inst|tu_te of Standards and Tephnology LThe Different category corresponds directly to HRNDT
2004.) This database is an excerpt of the Switchboardsngition commonly used for the NIST '99 corpus, however the
Il Phase 3 telephone speech corpus including a collectioBamecondition combines th&NSTand DNST conditions. This
of 230 male and 309 female target speakers, each providgpproach was chosen to improve the clarity of plots and the mean-
ing approximately two minutes of enrolment speech. Theréngfulness of the results presented.
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Same Different All
OELLR 2.85 7.07 3.94
OBayes B =0.125 2.45 6.67 3.76
HBayes B =0.25 2.36 6.75 3.69
OBayes B=0.5 2.30 6.92 3.70
HdBayes =1.0 2.52 7.21 3.92

Figure 2: Minimum DCF values ¥10~2) for NIST '99
baseline results comparing ELLR to Bayes factor scoring
with varyingg-values for the All, Same and Different hand-

set type conditions.

25% -
20% -
15% -

10% -

i

5%

0%

Same

Different

All

OELLR
OBayes B =0.125

5.80%
5.25%

19.47%
19.78%

10.44%
11.28%

HBayes =0.25
OBayes B=0.5

5.13%
5.37%

20.53%
21.57%

11.31%
11.47%

HdBayes =1.0

6.21%

22.81%

12.47%

Figure 3: EER for NIST '99 baseline results comparing
ELLR to Bayes factor scoring with varyirgvalues for the

All, Same and Different handset type conditions.
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Miss probability (in %)
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d.l O‘.2 0.‘5 1 2 5 1‘0 2‘0 4‘0
False Alarm probability (in %)
Figure 4:DET plot of NIST '99 H-Norm results comparing

ELLR and Bayes factor scorings (= 0.25) for the All,
Same and Different handset type conditions.
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It is also noted that the results indicate a reducing ef-_ . ,
fectiveness of Bayes factor scoring as mismatch increase§igure 5: DET plot of NIST "99 HT-Norm results compar-

resulting in worse performance in tidfferent case com-

ing ELLR and Bayes factor scoring & 0.25) for the All,

pared to standard ELLR. It is hypothesised that while the>@me and Different handset type conditions.

Bayes scoring method is more effective than ELLR scoring .
at discriminating between speaker classes, it is more adullifies the differences between the methods, however the

versely affected by mismatched features. Figiiesd3
do, however, indicate the positive effect of incorporating

Bayes factor approach has a small overall advantage in both
DCF and EER.

frame-weighted Bayes factor scoring (compared to the un-

weighted version with = 1), with 3 = 0.125 giving the
best Bayes factor results for both DCF and EER inlife
ferentcase. Overall & value of(0.25 gives the most con-

sistent results.

Figures4 and5 depict DET performance incorporat-
ing H-Norm and T-NormAuckenthaler, Carey, and Lloyd-
Thomas 2000 H-Norm provides a significant boost for

4.2. QUT EDT 2003 experiments

The Bayes factor approach was further evaluated and
compared using data from the NIST 2003 Speaker Recog-
nition Evaluation Extended Data Task (EDNdtional In*
stitute of Standards and Technology 2R04The evalua-
tion data is a subset of the Switchboard-Il Phase 2 and 3
databases. This study aimed at examining the performance

the Bayes factor method with an overall DCF improvementof the approach in extended training scenarios. To mir-
of 11.8% and EER imprvement of 2.7% in favour of the ror the NIST 2004 evaluation conditions, the NIST EDT

proposed method. The use of HT-Norm (Fig&)ealmost

'03 evaluation procedure was restructured to include three
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