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Abstract

For a few years now, the problem of session variability
in text-independent automatic speaker verification is be-
ing tackled actively. A new paradigm based on a Latent
Factor Analysis (LFA) model has been applied success-
fully for this task. However, using this approach, a large
training corpus with several sessions per speaker is re-
quired. This constraint is hard to satisfy in many real
applications. In this paper, we try to analyze if the LFA
paradigm still holds even when the constraint of multi-
ple sessions per speaker isn’t satisfied. We propose to
study two approaches. The first one consists in using
the basic paradigm of the LFA model and the second
one is founded on a new interpretation of the interaction
between the session and the speaker. The experiments
were carried out with NIST SRE 2005 and 2006 proto-
cols. We show that even with only one session per speaker
the gain obtained by LFA session compensation (with the
two strategies) is still very important. 1

Index Terms: Speaker Verification, Session Variability,
Factor Analysis, GMM Super-vectors.

1. Introduction

The use of Gaussian Mixture Models (GMM) in a
GMM-UBM framework has been a standard in the
speaker verification [1]. For a couple of years now, new
techniques that take into account session variability
(or intra-speaker variability) have emerged, allowing to
increase system performance drastically.

Among the approaches aiming at reducing the effect
of session variability, feature mapping was often used
along with channel-labelled data, with the assumption of
a discrete channel space. The novelty brought by the La-
tent Factor Analysis (LFA) model is that it assumes the
channel (or session) variability space to be continuous.
In this model, the session variability effect is incorpo-
rated into the speaker model through session-dependent
GMM mean super-vector offsets, constrained in a low
dimensional subspace. The success of LFA model relies
on the good estimate of this low-dimension subspace,
such that inter-session variability is the most important.
In order to have a good this low-dimensional subspace,

1This work is sponsored by MOBIO - Mobile Biometry
(European Funded Project : FP7-2007-ICT-1)

a large training corpus with several speakers and several
sessions per speaker is required. Having several sessions
per speaker in the training data constitutes a constraint,
which is difficult to satisfy in many real applications.

In this paper, we assume that the constraint of
multiple sessions per speaker is not satisfied to see the
impact on the speaker verification performance. We
propose to study two approaches, the first one consists
in using the basic paradigm of the LFA model and the
second one is founded on a new interpretation of the
interaction between the session and the speaker. A new
algorithm is proposed for the second approach.

The paper is organized as follows: in section 2,
the LFA model with multi-sessions/speaker is described.
This is the standard approach previously proposed by [2]
and [3]. In section 3 we describe a new LFA model for the
case of one session/speaker. Section 4 details the experi-
mental protocol and presents the results of the presented
approaches. In section 5 some conclusions are given.

2. LFA for session compensation

2.1. Model and notations

A speaker model can be decomposed into three different
components: a speaker- and session-independent com-
ponent, a speaker-dependent component and a session-
dependent component. A GMM mean super-vector is
defined by the concatenation of the means of these three
GMM components. Let D be the dimension of the fea-
ture space, the dimension of a mean super-vector is MD
where M is the number of Gaussians in the GMM. In
speaker verification, a speaker- and session-independent
model is usually estimated to represent the inverse hy-
pothesis: the UBM model. Let this model be character-
ized by θ = {m,Σ, α} (means, covariances,weights). In
the following, the tuple (h, s) will indicate the session h
of the speaker s. The latent factor analysis model can be
written as:

m(h,s) = m+Dys +Ux(h,s), (1)

where m(h,s) is the session- and speaker-dependent
mean super-vector, D is a MD ×MD diagonal matrix,
ys the speaker vector (a MD vector), U is the session
variability matrix of low rank R (U is a MD×R matrix)
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and x(h,s) are the session factors (R vector, theoretically
x(h,s) does not dependent on s). Both ys and x(h,s)

are normally distributed among N (0, 1). D satisfies
the equation I = τDtΣ−1D where τ is the relevance
factor required in the standard MAP adaptation (DDt

represents the a priori covariance matrix of ys).
Notations: Let A be a MD × K matrix formed by
vertically concatenating M matrices of dimensions
D × K. Let us denote {A}[g] the gth matrix in A

(usually corresponding to the gth component in the
model).

2.2. General statistics

General statistics on the data have to be computed to
estimate the latent variables and the U matrix of equa-
tion 1. These are the zero order and first order statistics
with respect to the UBM model2. Let Ns and N(h,s) be
vectors containing the zero order speaker-dependent and
session-dependent statistics respectively (both of dimen-
sions M for a particular utterance), precisely:

Ns[g] =
X

t∈s
γg(t); N(h,s)[g] =

X

t∈(h,s)
γg(t), (2)

where γg(t) is the a posteriori probability of Gaussian g
for the observation t. In the equation,

P
t∈s is the sum

over all frames belonging to the speaker s and
P

t∈(h,s) is
the sum over all frames belonging to session h of speaker
s. Let Xs and X(h,s) be, respectively, vectors containing
the first order speaker-dependent and session-dependent
statistics. For one utterance, the dimensions of Xs and
X(h,s) are equal to M ×D:

{Xs}[g] =
X

t∈s
γg(t) · t; {X(h,s)}[g] =

X

t∈(h,s)
γg(t) · t (3)

In the following, the estimations of the session factors
and of the speaker vector are given. Let Xs and X(h,s)

be, respectively, speaker- and session-dependent statistics
defined as follows:

{Xs}[g] ={Xs}[g] −
X

h∈s
N(h,s)[g] · {Ux(h,s) +m}[g]

{X(h,s)}[g] ={X(h,s)}[g] − {m+Dys}[g] ·
X

h∈s
N(h,s)[g]

(4)

Xs is used to estimate the speaker vector (session effects

are removed) while X(h,s) is used to estimate session
factors (speaker effects are removed). These statistics
are used to estimate the eigenchannel axes i.e. the U
matrix [4].

2.3. One training session per speaker

In previous work dealing with session effect compen-
sation using LFA model, the availability of several
sessions per speaker is one of the principal keys for the
approaches’ success. When this is not possible or not
available, we want to know the impact of using the basic
LFA on the system performances. I.e. is there gain or

2All posterior probabilities are computed on the UBM
model

loss ? And is it significant or not ?

The first strategy consists in applying the same al-
gorithm as previously proposed in [2, 3, 4]. In this case,
the number of speakers in the algorithm equals to the
number of sessions and the equation 1 can be re-written
as :

m(h,s) = m+Dy(h,s) +Ux(h,s), (5)

In the case of several training session per speaker, we
can see that the component ys of the LFA model (equa-
tion 1) is shared by all sessions bellonging to the same
speaker. It is then estimated by using all sessions of the
same speaker, which increases its estimation robusteness.
A good estimation of ys leads naturally to a good estima-
tion of x(h,s) components and hence to a good estimation
of the U matrix. On the other hand, when there is only
one training session per speaker, the component ys (equa-
tion 1) is replaced with y(s,h) (equation 5) and estimated
by using only one session (less data). This can lead to
poor quality estimation of all the components in the LFA
model (equation 5).

2.4. NAP in one training session per speaker case

It is important to note that the idea behind the LFA
paradigm is similar to the one behind the NAP ap-
proach [5]. However, NAP strategy cannot be used here
and does not make sense anymore: the covariance ma-
trix used to determine the projection axes containing
the session variability is estimated on a set of speaker-
independent super-vectors: each super-vector is obtained
by subtracting from each super-vector session m(s,h) (h is
a session of speaker s), the mean of session super-vectors
belonging to the same speaker, 1

Ns

P
h∈s m(s,h), where

Ns is the number of sessions of speaker s. In our case,
there is one session per speaker. So the subtraction leads
to super-vectors equal to zero, which makes eigenvectors
estimation impossible.
This observation lets us think that the basic LFA model
is not adequate in the case of one session per speaker. In
the next section we propose an alternative to this model.

3. New LFA model in one training
session per speaker case

In the case of one session per speaker, the algorithm
of previous section has less sense. We propose another
point of view and another interpretation of the interac-
tion between the speaker and the session components:
we will try to locate a subspace of low dimension, in
which the two components (speaker and session) vary
largely. In this subspace, if the session variability is
much larger than the speaker’s one, then, by eliminating
the information located in this subspace, we keep a part
of the useful information (speaker) while drawing aside
undesirable information (session).

Assumption: In training phase, we assume that
all the training sessions come from the same (vir-
tual) speaker. For training, the LFA model given by
equation 1 becomes:

mh,s = m+Dy+Uxh,s, (6)

A consequence of this assumption is, that, in training
phase, there is only one component y and H components
of xh,s (H is the total number of training sessions).
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In equation 1, the component ys corresponds to the
speaker. In the model given by equation 6, the y compo-
nent is common to all training sessions, even belonging
to different speakers. Figure 1.a is a simplified diagram
of this model in training phase. The components Uxi

contain session-speaker mixture contributions in the
low-dimensional subspace.

Training U: The low-dimensional subspace is gen-
erated by the column vectors of matrix U. The training
phase consists in estimating this matrix. To do that, we
use the same statistics described in section 2 and the
same algorithm as described in [4] with an important
modification: assume that all the training sessions
belong to the same virtual speaker (characterized by
m + Dy). For example, if there are 120 speakers with
20 sessions per speaker for training, then we consider
that the 2400 sessions were pronounced the same virtual
speaker.

Equation 6 is a model for the whole training sessions,
but is not valid for one specific session. Given U matrix,
trained as above, a model equation for a given session h
belonging to a given speaker s can be written as:

mh = m+Dyh,s +Uxh,s, (7)

Here, the component Dy of equation 6 is replaced with
Dyh,s and the component Uxh,s is not necessarily the
same as in equations 6 and 7. Figure 1.b gives a sim-
plified graphic diagram of this model for different ses-
sions. The components Uxi contain session and speaker
contributions in the low-dimensional subspace ; and the
components m+Dyi contain session and speaker contri-
butions in the remaining space

Figure 1: a) The training model (equation 6). Uxi con-
tains session and speaker contributions in U-subspace.
b) Model for a given session (equation 7). Uxi contains
session and speaker contributions in U-subspace; And
m + Dyi contains session and speaker contributions in
the remaining of the space

As shown in Figure 2.a, the basic LFA model is
founded on the decomposition of a super-vector v in two
components: the session component c, which is located
in a low-dimensional subspace, and the speaker compo-
nent s, preferably located in the remainder of the space.
On the other hand, the figure 1.b, representative of the
suggested approach, shows a component vector (s2, c2)
(part of speaker and part of session) located in a low-
dimensional subspace and a component vector (s1, c1)

(part of speaker and part of session) in the remaining
of the space. The suggested approach is founded on the
following assumption:

var(s1) >> var(c1)

var(s2) << var(c2)
(8)

Where var(x) is an operator indicating the degree of
variability or the quantity of information of the random
variable x.

In contrast to the basic approach described in the
previous section, here, the low-dimensional subspace is
not generated by what is called eigen-channel (or eigen-
session) nor eigen-speaker. In our case, this subspace is
generated by what we call the eigen-session-speaker. We
cannot, a priori, affirm that this subspace contains more
desirable variability (speaker) or undesirable variability
(session). By eliminating the information contained in
this subspace, we don’t know if it is advantageous or not
for the speaker verification system. The interest of the
suggested approach lies in the answer to this question.
Since there is no theoritical justification, experimental
results will give an answer.

Figure 2: a) In the original LFA model, a super-vector
v is decomposed into two components: session compo-
nent c, which is located in the low dimensional subspace,
and speaker component s in the remaining of the space.
b) In the proposed approach, a super-vector v is decom-
posed into two components: speaker and session mixture
component (s2, c2) in the low-dimensional subspace, and
speaker and session mixture component (s2, c2) in the
remainder of the space.

4. Protocol & Experiments

All experiments were performed using the ALIZE and
LIA SpkDet toolkit3[6].

4.1. Database, protocols and toolkits

Speaker verification experiments, are performed based on
NIST SRE 2005 as a development set, and on the 2006
database as validation set, male speakers only (referred
to as 2005 and 2006 protocols). The 2005 protocol con-
sists of 274 speakers, 9012 tests (951 target tests, the
rest is impostor trials) while the 2006 protocol consists
of 354 speakers, 9720 tests (741 target tests, the rest is

3An open-source software available at http://www.lia.
univ-avignon.fr/heberges/ALIZE/

1423



impostor trials)4. Results are given in terms of equal-
error-rate (EER) and the minimum of DCF (an a posteri-
ori decision). Train and test utterances contain 2.5 min-
utes of speech in average (telephone conversation, where
around 30 % of speech frames per speaker have been re-
tained). The intersession variability matrix is enrolled
on the NIST-SRE-2004 database with 2938 examples of
124 speakers (around 20 iterations to reach convergence).

4.2. Experimental results

The baseline system is a standard GMM-UBM system [7].
The background model in the experiments is the same
as the background model in the LIA submission to the
NIST-SRE-2006 campaign (male set only)5. Training is
performed based on Fisher database6, and consists of
about 10 million speech frames. Speaker models are de-
rived by Bayesian adaptation on the Gaussian component
means, with a relevance factor of 40.

Frames are composed out of 19 LFCC parameters,
its derivatives, and 11 second order derivatives (the fre-
quency window is restricted to 300-3400 Hz). A nor-
malization process is applied, so that the distribution of
each cepstral coefficient has 0-mean and 1-variance for a
given utterance. The background model has 512 compo-
nents, whose variance parameters are floored to 50 % of
the global variance (0.5). It is worth noting that feature
warping pre-processing was not necessary to obtain good
performance.

To compare the different approaches, we chose to
have experimental results without score normalization
(without tnorm or znorm). The first line of Table 1 shows
the results of the baseline system. The second line of
the same table gives the results obtained by using the
standard LFA model with several training sessions per
speaker in estimating the U matrix (about 20 sessions
per speaker). This line shows a relative gain (in DCF)
of about 58 % in 2005 and 55 % in 2006 (with respect to
the baseline). The third line gives the results obtained
by using basic LFA in the context of one training session
per speaker. This line shows a relative gain (in DCF) of
about 50 % in 2005 and 41 % in 2006 (with respect to
the baseline). The fourth line gives the results obtained
by using the proposed alternative LFA model in the con-
text of one training session per speaker. This line shows
a relative gain (in DCF) of about 53 % in 2005 and 43 %
in 2006 (with respect to the baseline).

By comparing line 3 and line 4 of the table, we note
for 2005 and 2006 a marginal improvement in favor of the
proposed LFA model, compared to the basic LFA model
(in the case of one session per speaker). We think that
the difference (in terms of performance) between the two
strategies will be more important in case of training ses-
sions with short durations. The most important remark
we can make is, that the usage of the LFA model to com-
pensate session variability, is effective and brings an im-
portant gain even when we don’t have available multiple
training sessions per speaker.

42005 protocol corresponds to the core condition, labeled as
det7 and the 2006 protocol corresponds to the core condition,
labeled as det3

5NIST 2006, SRE evaluation plan, www.nist.gov/speech/
tests/spk/2006/sre-06_evalplan-v9.pdf

6Fisher English Training Speech Part 1, LDC
nr:LDC2004S13

Table 1: Results on NIST SRE 2005 and 2006 protocol
(english only). DCFmin (x100), EER(%). These results
are obtained without any score normalization.

SRE-05 SRE-06
#session : algo DCFmin EER DCFmin EER

NO LFA 3.97 9.14 4.25 8.04
20 : LFA 1.66 4.0 1.89 4.36

1 : basic LFA 1.96 5.36 2.49 5.73
1 : new LFA 1.88 5.02 2.43 5.51

5. Conclusion

A factor analysis model for speaker verification has been
successfully designed and proposed by [2] (section 2).
This technique is based on the assumption that, in train-
ing data, multiple sessions per speaker are availible. This
constraint can be difficult to satisfy in several real appli-
cations. In this article, we tried to look if this constraint
is fundamental to have good performances. We proposed
to study 2 approaches dealing with one training session
per speaker in the context of the LFA model.In spite of
the absence of the multi-session/speaker constraint, the
two proposed approaches continue to give very significant
gain (about 50 % relative gain in respect to the baseline
on the NIST-SRE-2005-2006).
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