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Abstract—The purpose of this paper is to unify several of that speakerS; has pronounced sentence X. Using Bayes

the state-of-the-art score normalization techniques applied to theorem, this can be expressed as follows:
text-independent speaker verification systems. We propose a
X|53)P(S:)

new framework for this purpose. The two well-known Z- and o(

T-normalization techniques can be easily interpreted in this P(S;[X) = 7})()() : 1)
framework as different ways to estimate score distributions. This

is useful as it helps to understand the various assumptions behind  |n order to decide whether or nét has pronounced X, we
these well-known score normallz_atlon tt_achnlques, and opens the compareP(S;|X) to the probability that any other speaker has
door for yet more complex solutions. Finally, some experiments d X d #(5.1X). When P(S:[X) is th

on the Switchboard database are performed in order to illustrate pronounc_e ' e.note. (Si[X). en_ (S:[X) 'S,t e _same
the Va||d|ty of the new proposed framework. for a." Cllents, Wthh IS the assumptlon made n th|S papel’,
we replace it by a speaker independent madgR|X) where

Q represents th&Jorld of all the speakers. The decision rule

is then:

Index Terms—speaker verification, score normalization, sta-
tistical framework, T-norm, Z-norm.

EDICS Category: 2.SPEE .
if P(S;|X) > P(Q|X) then X was uttered by;. (2)

I. INTRODUCTION Using equation (1), inequality (2) can be rewritten as:
Text-independent speaker verification systems have evolved p(X|S;)  P(Q)
through time [1]. The first systems had reasonable perfor- o~ > =0; ®3)
gn e [1] y P p(X|) ~ P(5;)

mance only in controlled conditions (no noise, same channel,
same gender, etc). Over the years, researchers have improvBere the ratio of the prior probabilities is usually replaced
their systems for unmatched conditions, thanks largely &y a thresholds; since it does not depend on X and is
score normalization techniques. In this paper, we proposdugthermore usually common for all speakers (heficdaking
unified framework that explains several score normalizatidhe logarithm of (3) leads to thieg likelihood ratio (LLR):
techniques used in text-independent speaker verification. Fur- p(X|S;)
thermore, an implementation of two of the most common tech- lIr; =log :
. . : p(X[€)
nigues, the so-called T- and Z-normalization [2], is proposed
here in this novel framework. While the two approaches are not
strictly equivalent, in practice they give similar results. In fact,!!!: UNIFIED FRAMEWORK FOR SCORENORMALIZATION
this new framework can be used to understand the assumptiongost state-of-the-art text-independent speaker verification
that are implicit when using T- and Z-normalization. Moreovekystems use linear score normalization functions of the form:
it can also used to develop new normalization techniques. The
paper is organized as follows. In section Il we present the r;, = lirs — > A (5)
classical framework used in speaker verification. In section IlI o o
a new framework is proposed for score normalization. T- anthere i and o are respectively the mean and the standard
Z-norm implementations in this framework are then given ideviation of a normal distribution of LLRs. These parameters
sections IV-A and IV-B. Sections V and VIII show that the T-are then estimated differently for each type of score normal-
and Z-norm using this new framework are equivalent to theirations. This paper proposes a unified framework for all kinds
classical implementation. Finally we draw some conclusionsf normalization of the form of (5), and also other non-linear
functions. We further propose an implementation for the two
Il. CLASSICAL FRAMEWORK USED IN SPEAKER well-known T- and Z-normalization techniques.
VERIFICATION We have seen that in text-independent speaker verification
a\f\llse- are interested in the probability that a ;peaﬁerhas
pronounced a sentence X. Let us now consider the LLR as
an additional random variable, and let us introduce it in the
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Classical speaker verification models are based on a st
tical framework. We are interested f(.S;|X) the probability



an LLR of llr;. Using the same approach as in section Il, we Given the framework described in section Ill, we must

obtain: define two distributions, which will be here defined as Normal,
P(Si|llr;,X) > P(QlIr;, X). (6) as follows:
Using inequality (6) and the Bayes theorem, it can then be pirX, ;) = N(lIrs; s, 0s,) (14)
rewritten as: X, Q) = N(lIrs; po, o) (15)
P(S;) P() where us,, os, are the parameters of the client distribution
p(lirs, X|Si)p(||ri, X) = p(”ri’xlmp(uth) ) @ andugq, oq are the parameters of the impostor distribution. To

obtain the T-norm we make the assumption that the standard

Applying some simplifications to inequality (7) yields: deviations are equalty — s, — 0. We thus obtain:

p(liry, X[Si) _ P(Q) H(lIr[X, S;) 1
> . (8) piA, %) 1 _ 2 _ — o)2
p(ir, X|Q) ~ P(S) log (X, Q) 202 <(”fsi ps,)” = (IIrs; — po) )
Using inequality (8) and the conditional law of probabilities log 2mo%,
. — 10,
gives: omoZ.
p(lri|X, 5) p(X|S) _ P(©) © bs — i (o s 4 e
p(lrs|X, Q) p(X|Q) ~ P(S;) = T2 (Ilrsi - 12> . (16)
Taking the logarithm of inequality (9), we finally obtain: |t \we now define the means as:
lir = log plir;|X, 5) +1Ir; > log P@) ~A. (10) ps, = irs,
Comparing equation (10) of this new framework with thg\"3 obtain
original equation (4), we can see that a new term appears. It is lIre + (lrs, — un)? S A (18)
st —F55—" .

the log of the ratio of two likelihoods estimated by two score ' 252

N
distributions. The numerator represents the distribution of . .
LLRs for a given access X and for clieft. The denominator Note that equations (17) and (18) are valid only wheg) li¢

. AT nable thing t is to reject directly without an
represents the distribution of LLRs for a given access X afgy: - reaso able ning to do is 0 rejec d ecty withottt any

: . . normalization a claimed speaker if its obtained LLR is smaller
for all impostors(2. We will see that, depending on how thes

two distributions are estimated, we can obtain classical scorr—.z\i n the average of LLRs over a subset of impostors. The

o ; . consequence of this on the T-norm equation is to force the
normalization techniques such as T-norm (when estimated #esholdA in (13) to be positive
a test access) or Z-norm (when estimated for each chgnt P '

B. Z-norm

The basis of Z-norm [2] is to test a speaker model against
example impostor utterances and to use the corresponding
A. T-norm LLR scores to estimate a speaker specific mean and standard

The T-norm, as introduced in [2] and [3], estimajesand deviation:
o as the mean and the standard deviation of the log likelihood L
ratios (LLRs) using models of a subset of impostors, for a
particular test accessgX

v = o Sl (Xo) (11)

IV. RELATION TO EXISTING NORMALIZATION
TECHNIQUES

23 rs x,) (19)

\/ s () —n? @0

whereJ is the number of impostor accesses. Using a similar
\/N Z(”fn,(xo) N2 (12) approach to that in section IV-A, the estimate of the two distri

aJj

oN butions needed for the proposed unified framework becomes:

ﬁ(”rp(vsz) = N(”rsi;ﬂsl‘»asi) (21)
N(lIrs;; po, o) (22)

with, again, the same standard deviatiet), = o5, = ogq. If
we now define the means as follows:

where N is the number of impostor models and,llis the
score for then!” impostor model for the particular accesg. X p(llr X, ©2)
Using (5) we obtain:

Il N (13)
oN Hs; = ”rsi
Let us now show how it is possible to perform T- Lo = pJ (23)
normalization using our new framework under reasonable . . .
assumptions. We also show in the Appendix a Comparisontglen using equations (23) and (16) we obtain:
. : : 2
our framework and the T-norm implementation found in the s, + (llrs, — py) SA (24)
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Finally, as explained for the T-norm at the end of section IV- T-NOMM e

A, we also need to reject a claimed accesflifs, < 115). 20 Unified
V. EXPERIMENTS c 10 N\
N
The goal of these experiments is to show that the proposed T \
framework can indeed be used to perform T-norm or Z-norm S N
while obtaining the same performance as the original methods, \
and, gaining some insight about the underlying assumptions. 2
1
A. Performance Measure in Speaker Verification T2 5 10 20
The performance of a speaker verification system is usu- FAR

ally represented in terms of false_ acceptance rate (FARy. 1. DET curves on the NIST 2000 evaluation set for the T-norm and
the number of false acceptances divided by the number wffied framework T-norm systems.

impostor accesses) and false rejection rate (FRR, the number
of false rejections divided by the number of client accesses).
A summary of these two values is often given by the half
total error rate (HTER, the average of FAR and FRR), or
by the equal error rate (EER, the point where FAR is equal
to FRR). It is also possible to represent graphically the N e T-norm
performance using DET curves [4] which, similarly to ROC Unified
curves, show FAR with respect to FRR for various values
of the threshold of equation (4), but with a Normal scale
transformation. More recently, a new Expected Performance
Curve (EPC) has been proposed by [5], which has shown to
provide a fairer comparison between models. The procedure
optimizes a convex combination of the individual performance
measuresep = aF AR + (1 — a) FRR, for various values of

a € [0, 1] on the validation set during the training procedure a FAR + (1-0) FRR

used for parameter selection, and then plots HTER on the test

set as a function of. In this way, each point on the graph

contains its underlying priori threshold selection procedureFiQ-, 2. EPC curves on the NIST 2000 evaluation set for the T-norm and
and is thus comparable to similar points (sam@&oming from unified framework T-norm systems.

other models. Thus, this curve can be seen as piriori DET
curve.
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are normalized in order to satisfy the constraint that they
should sum ta. For both development and evaluation Clients,
B. Database and Protocol approximately 2 minutes of telephone speech were used to

The comparison was done on a subset of the database ff@if the models and each test access was less than 1 minute
was used for théIST 2000 Speaker Recognition Evaluatiolond. The development population consisted of 45 males, with
which comes from the Switchboard-2 Phase 1 and 2 Corp#k’ males in the evaluation set. The total number of accesses
collected by the Linguistic Data Consortium. This data wd8 the development population was 2441 and 27893 for the
used as arevaluationset while the World model and the€valuation population with a proportion of 10% of true target
developmentdata come from previous NIST campaigns. Whil@CCESSES.
in the original database two different handsets were used
(carbon and electret), in the subset selecte_:d for this paper, e experimental Results
only used data from electret handsets. This protocol was first , o
proposed by the ELISA consortium as a reference for the NIST 10 Verify the validity of our framework and the underly-
2001 evaluation. We separated the data into male and fem@ assumptions, we first compared the standard Z- and T-
data, in order to create two different World models. The majfPrmalizations and the version derived from the proposed
World model was trained on 137 speakers for a total of 1/Eamework. Figure 1 and 3 present the results using DET
hours of speech, while the female World model was train&yrves since these curves are often used in the literature.
on 218 speakers for a total of 3 hours of speech. After thafnfortunately, as explained in section V-A, DET curves do
the two World models were merged: the new World mod&et take into account the threshold estimation procedure. We
has the same mean and variance vectors as the concaten&ifi /S0 present results using EPC in Figure 2 and 4. In both

of the two gender dependent World models and the weigl’f@ses the two curves match each other. These results show that
the two approaches are equivaleht.

INote that EER is am posteriorimeasure in the sense that the underlying
threshold is necessarily chosen on the test set. 2In fact they are perfectly equal if we removeslliin equation (18) and (24).
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2 VIII. A PPENDIX
1 In this Appendix, we show the difference between the T-
1 2 5 10 20 norm implementation found in the literature and our imple-
FAR mentation using a unified framework. This demonstration can

also be applied to Z-normalization.
Fig. 3. DET curves on the NIST 2000 evaluation set for the Z-norm and The new implementation is given by:
unified framework Z-norm systems.

lIrs, — pun)?2
lrs, + M > A (25)
20%;

The classical method to implement T-norm is equivalent to
the second term of the left side of equation (25) since:

S — Z-nomm M - o
i Unified 202,
E N LL (”rSi*ﬂN)Q > @*2012\;
I o | l - (”I'Si —MN)Q—Q@*O'JQV > 0
| (Irs, — pnv — V20 x o)
e
S T T T (Irs, — pn +V20 % on)| > 0 (26)

00 02 04 06 08 10 _ o .
and if llrs, > ux then we can simplify (26) further into:

lIrs, —un — V20 xon > 0
lIrg —
Us—iN o 9. 27)

ON
This inequation has a real solution only wh@r> 0, which
is true if llrs, > pn. This assumption is reasonable: we do
VI. CONCLUSION not want to accept an access if the LLR on the client model
stmaller than the average LLR obtained over a subset of

for text-independent speaker verification score normalizatiBﬂpodStoés_'l_G'Ven this re.asol{}gblg ass]tut‘r;]pn?rn we can see the

techniques. We have shown that the T- and Z-normalizationg"" ar.f_ c;r}orm as ak3|mp| Ication of the 1-norm using our

can be formalized using this new framework. TheoreticfW unied framework.
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In this paper, we have presented a new unified framewd



