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Abstract

This paper presents the speaker verification systems devel-
oped in the LIA lab at the University of Avignon for the SITW
(Speakers In The Wild) challenge. We present the algorithms
used to deal with additive noise, short utterances and propose an
improved scoring scheme using a discriminative classifier and
integrating the homogeneity of the two compared recordings.
Due to the heterogeneity of this database (presence of back-
ground noise, reverberation, Lombard effect, etc.), it is hard to
analyze the contribution of individual techniques used to deal
with each problem. For this reason, a subset of the trials will
be studied for each algorithm in order to emphasize its contri-
bution.

Index Terms: speaker recognition, i-vector, sitw.

1. Introduction

Inspired by the joint factor analysis model proposed by Kenny
[1], the i-vector framework has become a standard in speaker
recognition (SR) systems [2-4] and multiple techniques have
been developed to complement it in order to deal with both envi-
ronment disturbances (noise, echo,..) and undesired variability
sources (intra-speaker and channel variability).

The introduction of several normalization techniques [5—8]
and the development a Gaussian backend termed PLDA [9, 10]
(Probabilistic linear discriminant analysis) allowed SR systems
to account for speaker and session variability in the i-vector
space and achieve high recognition rates in clean conditions.

Dealing with noise has also been one of the principal areas
of interest and different techniques have been proposed to deal
with it in different domains. In the temporal domain, speech
enhancement techniques [11-13] have been proven to be noise
and SNR-Ilevel dependent yielding low improvement rates (10%
of relative EER improvement). In the cepstral domain, several
stochastic compensation algorithms have been proposed in [14]
and have been shown to be effective when prior knowledge
about test noise is available. Other techniques aim at building
robust i-vector extractors using VTS-based algorithms [15]. In
these algorithms, a non-linear noise model is used in the cepstral
domain to model the relationship between clean and noisy cep-
stral coefficients. In the recognition phase, the developed noise
model is integrated in the i-vector extractor to help estimate a
“cleaned-up” version of noisy i-vectors. Other algorithms use
uncertainty propagation [16, 17] in order to make the i-vector
extraction system focus on reliable or reliably enhanced fea-
tures but such techniques showed little improvement compared
to a baseline system performance. In the scoring phase, robust
versions of the PLDA model have been proposed such as the
“multi-style” training regime [18] and the SNR-invariant ver-
sion of the PLDA [19] where i-vectors extracted from utterances
falling within a narrow SNR range are assumed to share simi-
lar SNR-specific information. Such systems achieve a relative
improvement of 25% in EER compared to regular PLDA.
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With the rise of deep learning in the last few years, DNN-
based techniques have also been widely used in this context to
either enhance cepstral features [20] or compute better i-vector
statistics [21,22]. This class of techniques has been shown to
improve the recognition performance by up to 30%.

The recently published SITW (Speakers in the wild)
database [23] provides an interesting dataset for the analysis
and testing of new algorithms. In this paper, we explore two
axes. On one side, we aim at improving the system perfor-
mance by using two different techniques: 1 - The I-MAP algo-
rithm [24-26] which is an i-vector denoising procedure based
on an additive noise model in the i-vector space. It uses a Gaus-
sian modeling of both clean i-vectors and the noise distributions
in the i-vector space and have been proven to yield up to 60%
of relative EER improvement compared to a baseline system
performance. 2 - Discriminative classifier specific to normal-
ized i-vectors which is an algorithm intended to improve PLDA
metaparameters. This classifier, referred to as Orthonormal Dis-
criminative classifier, is a novelty in the field. It extracts dis-
criminative axes by using iterations of the Fisher criterion and
improves the performance of the PLDA model by preventing
the over-fitting problem with regard to the development data.

On the other side, we study the reliability of the SR sys-
tem output. This part focuses on exploring the homogeneity of
information between the two sides of a voice comparison trial.
The homogeneity measure used in this paper is NHM, the in-
formation theory-based criterion we proposed recently [27,28].
The impact of homogeneity on reliability has been studied using
FABIOLE [29] and NIST [30] which motivates us to validate its
use on SITW.

This paper is structured as follows; Section 2 presents
the i-vector framework and the PLDA scoring model. Sec-
tion 3 presents the I-MAP denoising technique. Section 4
presents the discriminative classifier used to improve PLDA
hyper-parameters. Section 5 defines the homogeneity measure
in speaker recognition context and Section 6 presents the exper-
iments and results relative to each algorithm.

2. The i-vector paradigm

An i-vector extractor converts a sequence of acoustic vectors
into a single low-dimensional vector representing the whole
speech utterance. The speaker- and session-dependent super-
vector s of concatenated Gaussian Mixture Model (GMM)
means is assumed to obey a linear model of the form:
s=m+Tw (1)
where m is the mean super-vector of the Universal Background
Model (UBM), T is the low-rank variability matrix obtained
from a large dataset by MAP estimation [1] and w is a normally
distributed latent variable called i-vector”.
Extracting an i-vector from the total variability subspace is
essentially a maximum a-posteriori adaptation of w in the space
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defined by 7" . The algorithms for the estimation of 7" and the
extraction of i-vectors are described in [31].

2.1. The PLDA model for i-vector scoring

In the i-vector framework, the problem of intersession vari-
ability is deferred to the scoring stage. The Gaussian Proba-
bilistic Linear Discriminant Analysis (PLDA) was introduced
in [5] as a generative i-vector model which assumes that each
d-dimensional i-vector w of a speaker s can be decomposed as:

@)
where @y, and ¢ are assumed to be statistically independent
and ¢ follows a centered Gaussian distribution with full covari-
ance matrix A. Speaker factor y, can be a full-rank d-vector
(this model is referred to as two-covariance model [32]) or con-
strained to lie in the r-linear range of the d x r matrix ®, re-
ferred to as eigenvoice subspace [33].

After estimation of the PLDA meta-parameters, the speaker
verification score given two i-vectors wi and ws is the
likelihood-ratio described by Equation 3, where the hypothe-
sis B¢qr states that inputs w; and wo are from the same speaker
and the hypothesis 0,,,,, states they are from different speakers.

w=p+®y, +e

P(wl7 w2|0tar)

P(w17w2|0non) 3

score = log

3. The I-MAP denoising procedure

In our previous work [24-26], we proposed an additive noise
model in the i-vector space represented by the equation:

N=Y-X 4)
Where X and Y are two random variables representing respec-
tively clean and noisy i-vectors and N represents the noise.
Using full-covariance Gaussian distributions for both clean i-
vectors dx ~ N (X; ux,Xx) and noise in the i-vector space
dn ~ N(N;un,Xn), it is possible to write the cleaned-
up version Xo of a noisy i-vector Yy using MAP criterion as
[24-26]:

Xo=(E +35X) 7T EN Yo —un) + X ux) )

The derivation of Equation 5 is detailed in [24-26].

3.1. Estimation of V' (X; ux,Yx) and N'(N; pun, EXn)

As detailed in [24, 25], the clean i-vectors distribution
N(X;pux,Yx) and the noise distribution N'(N; un, X ) are
two key components in the -MAP procedure.

Since NV (X; ux, X x) is noise-independent, it can be esti-
mated once and for all over a large set of clean i-vectors in an
off-line step initially before performing any compensation.

On the other hand, N'(IN; un, X n) makes the system able
to adapt to the noise present in the signal and compensate its
effect more effectively. It is estimated for each different test
noise and it requires the existence of clean i-vectors and the
noisy versions corresponding to the same segments. First, for
the clean part and once the train set is fixed, the corresponding
clean i-vectors (X)) are extracted. Then, for a given noisy test
segment, the noise is extracted from the signal (using a VAD
system and selecting the low-energy frames) then added to the
clean train set in the time domain. Finally, the corresponding
noisy i-vectors (Y') are estimated and Equation (5) is used to
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Figure 1: I-vector cleaning procedure using I-MAP.

compute N then N'(N; un, X n). The full algorithm is shown
in Figure 1 and more details about the technique can be found
in [24].

4. Discriminative classifier specific to
normalized i-vectors

LIA system 2 for SITW is based on a new discriminative clas-
sifier for speaker recognition, specific to normalized i-vectors.
This method seeks to optimize PLDA matricial parameters. Un-
like usual discriminative approaches for speaker recognition,
which rely on minimization of a cross-entropy function by us-
ing logistic regression, this method uses a specific algorithm
based on Fisher criterion. To overcome the well known issue
of over-fitting to development data, a new procedure is added
to the pre-normalization step, which limits the amount of co-
efficient to discriminatively train. Detailed description of this
method can be found in [34].

4.1. Additional normalization procedure

Once i-vectors have been normalized, their length is equal to 1,
but it is also worth noting that their within-class covariance ma-
trix W is almost exactly isotropic [6], i.e. W ~ oI where o is
a positive real and I is the identity matrix. We propose to add a
supplementary step to the normalization procedure. I-vectors of
training and test are rotated by the eigenvector basis of between-
class covariance matrix of the training dataset. By this way, the
new between-class covariance matrix is diagonal, with its di-
agonal equal to its eigenvalue spectrum. The new within-class
covariance matrix remains almost isotropic (and therefore diag-
onal), as the eigenvector basis is orthogonal. Furthermore, it
is shown in [34] that, after this additional procedure, matrices
®®" and A of PLDA modeling become almost diagonal, and
even isotropic for A. Given two i-vectors w;, w;, the PLDA-



based log-likelihood ratio can be written as:

N
Sij = § {
k=1

+ res;, ;

PEWi k Wik + 3Gk (Wfk + W?k)
— (Pe + i) e (Wi + W)

(6)

where r is the rank of the PLDA eigenvoice subspace, p, ¢ € R?
and the residual term res; ; sums all the diagonal terms be-
yond the r*" dimension, all the off-diagonal terms and offsets.
It is also shown in [34] that, after the additional procedure, the
residual term res; ; is negligible in regard to the first r diagonal
terms of the score. By this way, a discriminative classifier in-
tended to optimize PLDA parameters, which is initially of order
the square of the i-vector size, can be replaced by a constrained
discriminative classifier of low order with a minimal loss of ac-
curacy.

4.2. Orthonormal discriminative classifier

Let us define the expanded R™* vector ¢; ; of a trial (w;, w;)
by:

(r)
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where the superscript (") indicates the first r components of
a vector and the symbol o denotes the element wise product.
Score of (6) can be written as:

®)

where 1,41 is the R™! vector of ones. As formulated, PLDA
score is, geometrically, the projection of an expanded vector
4,5 onto the axis 1,41. Unlike the usual discriminative clas-
sifiers, which attempt to find out a unique normal vector of
a separation hyperplane, we propose to extract a discriminant
subspace (by decreasing variance, in a way similar to singular
value decomposition), then to combine its basis to find out the
unique normal vector needed by speaker detection.

Introduced in [35], and successfully applied in fields such
as face recognition [36,37], “Orthonormal Discriminative (OD)
classifier” is a discriminative method based on Fisher criterion,
which allows to extract more axes than classes. Given a training
corpus 7 of target and non-target trial expanded vectors, the
following algorithm describes this method:

A |
Si,j = Pi,j-Lrtl

fork=1to K
Compute target and non-target means gt(k), gT(Lk) of T
Compute covariance matrices Wfk)7 W of T
Compute between-class covariance matrix B of 7

Extract vector u(*) maximizing the

vt Bo

vEWo &
Project 7 onto the orthogonal subspace of u®,

Fisher criterion

The final normal vector, which replaces the vector 1,1 in (8),
is the following weighted sum of extracted vectors:

u = i (atWt(k) + ocn)/\/,gk))i1 (g,gk) - gqgk)) )

k=1
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where o, o, denote the target and non-target priors of 7, re-
spectively.

As far as training complexity is concerned, OD training also
has the advantage of being very thrifty in terms of time and
memory requirements [34].

5. Homogeneity measure

In this section, we introduce H M (), the information theory (IT)
based acoustic homogeneity measure we presented in [27]. Its
objective is to calculate the amount of acoustic information that
appertains to the same (acoustic) class between the two voice
records. The set of acoustic frames gathered from the two files
Sa and Sp is decomposed into acoustic classes thanks to a
Gaussian mixture Model (GMM) clustering. Then the homo-
geneity is first estimated in term of bits as the amount of infor-
mation embed by the respective “number of acoustic frames” of
S4 and Sp linked to a given acoustic class. Each acoustic class
is represented by the corresponding Gaussian component of the
GMM model. The occupation vector could be seen as the num-
ber of acoustic frames of a given recording belonging to each
class m. It is noted: [v,,, (s)]M_;.

Given a Gaussian g,, and two posterior probability vec-
tors of the two voice records Sa and Sz, [vg,, (A)]2_; and

[Yom (B)}%:L we define also:

* xAaUXB ={x1A7 ....,mNA} @] {xlB7 --~-,-TNB} the full
data set of S4 and Sg with cardinality N=N4 +Npg.

~(m) and w(m) are respectively the occupation and the

prior of Gaussian m where w(m) = % = 7(]:,">.
k=1

* ~va(m) (respectively yg(m) ) is the partial occupations
of the m"" component due to the voice records S4 (re-
spectively Sg).

* pm is the probability of the Bernoulli distribution of
the m'™ bit (due to the m'™ component), B(pm).

_yalm) = _ 1 _ _ B(m)
Pm=Smy P = 1= Pm = Sy

+ H(p.,) the entropy of the m'" Gaussian (the unit is bits)
given by: H(pm) = —pmlogz(pm) — Pr,l092(Dyy,)-

5.1. Non-normalized Homogeneity Measure (NHM())

In this paper, we use the Non-normalized Homogeneity Measure
(NHM()) proposed in [27, 28] which calculates the quantity
of homogeneous information between the two voice records as
shown in Equation 10. The amount of information is defined
in term of number of acoustic frames. N H M () measures the
Bic Entropy Expectation BEE with respect of the quantity of
information present in each acoustic class {~v(m)};.

g

NHMpgE = (va(m) +v5(m))H (pm)

m=1

(10)

S

v(m)H (pm)

3
I

6. Experiments and results
6.1. Experimental protocol

Our experiments operate on 19 Mel-Frequency Cepstral Coeffi-
cients (plus energy) augmented with 19 first (A) and 11 second
(AA) derivatives. A mean and variance normalization (MVN)
technique is applied on the MFCC features estimated using the



speech portion of the audio file. The low-energy frames (corre-
sponding mainly to silence) are removed.

A gender-dependent 512 diagonal component GMM-UBM
(male model) and a total variability matrix of low rank 400
are estimated using 15660 utterances corresponding to 1147
male speakers (using NIST SRE 2004, 2005, 2006 and Switch-
board data). The LIA_SpkDet package of the LIA_RAL/ALIZE
toolkit is used for the estimation of the total variability matrix
and the i-vectors extraction. The used algorithms are described
in [31]. Finally, a PLDA model is trained using 22264 sessions
corresponding to 1857 speakers (1147 male + 710 female). The
optimal eigenvoice rank, computed on the development set, is
equal to 100 and the eigenchannel matrix is kept full-rank (400).
PLDA is preceded by 2 iterations of LW-normalization [6].

6.2. The C;, performance measure

The C};, is a performance measure for SR systems and its for-
mula is given by Equation 11.

1(21092(1 + 17 . Zlog(1+ LR)
2 Ntar Nnon

Cur = ) an
Where LR is system score, Nyqr and Npon are respectively the
number of target and non-target trials.

Chir -largely used in forensic voice comparison- is a loss in
terms of likelihood ratio discrimination power. It does not re-
quire threshold and hard decisions like equal error rate (EER)
[38]. Cur has the meaning of a cost or a loss: lower is the
Chuir, better is the performance. We use the calibrated Cy;,
and the minimum value of the Cy;, (denoted respectively C{%!
and O™, €52 involves calibration loss while CJ™ con-
tains only discrimination loss. We can judge the quality of the
calibration Q.4 (i.e., the mapping from score to log-likelihood-
ratio (LLR) which is actually present in the detector) by:

Qear = Ot — O™, (12)

6.3. Application of -MAP

We test the -MAP denoising procedure described in Section
3 on the evaluation set. In this experiment, only long (more
than 30s of speech) noisy (SNR < 10dB) test segments are
used. For each test session, the algorithm described in Figure 1
is applied (6000 i-vectors are used to estimate f(X) and 500 to
estimate f(N)). Finally, the clean PLDA scoring is performed.

Table 1: Performance of I-MAP on the test set of SITW.

Baseline I-MAP
EER DCF | C/'" || EER | DCF | C/»"
12.69 | 0.9401 | 0.623 6.34 | 0.7481 | 0.324

It is clear that I-MAP improves significantly the perfor-
mance of the SR system achieving 50% of relative EER im-
provement on noisy test data compared to the baseline system
performance.

6.4. Homogeneity measure impact

Figure 2 presents for all the core-core evaluation trials Cj%™ in
function of NH M. In order to compute the Cy;,- correspond-
ing to a given N H M value, we apply on the trials sorted by
homogeneity values a 70000 (10% of all trials) sliding window,
moved using a step of 70000 values. On each window, we com-
pute the averaged CJ7"™ to be compared with the N H M value
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(computed here as the median value on the window). A large
correlation between the homogeneity values and the CJI%™ is
observed, with a quite consistent evolution from (HM=1208,
Cr¥m=0.51) to (HM=9076, C;;:i"=0.27). This finding prove
that NHM is able to predict the expected Ciii™ based only on
the two speech recordings of a given voice comparison trial.
Consequently, this factor have to be taken into account for a

reliable estimation of SR systems’ abilities.

0.55

[="correlation R=-0.87, Sp=-0.99,k=-0.97 | -
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5 040f
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Figure 2: N H M behavioral curve for the pooled condition (all
the comparison tests taken together).

6.5. Using the discriminative classifier for scoring

In this experiment, the discriminative classifier described in
Section 4 is used in the scoring phase in order to optimize the
matricial parameters of the PLDA model based on the SITW de-
velopment data. Table 2 compares its performance to a regular
PLDA scoring.

Table 2: Performance of the discriminative classifier on the
core-core evaluation data.

Baseline Discr. class.
EER DCF cr EER DCF cm
12.64 | 0.8442 | 0.428 11.93 | 0.8431 | 0.394

It is clear that this algorithm yields significant improvement
when compared to a regular PLDA model in terms of EER and
C7¥™ which proves its efficiency in adverse test conditions and
its interest as a generic optimization technique.

7. Conclusion

In this paper, we presented the speaker verification system de-
veloped in the LIA lab for the SITW (Speakers In The Wild)
challenge. In order to improve the system performance, we
tested new algorithms which operate on different levels. The
[-MAP denoising procedure was used on trials involving noisy
test data and showed 50% of relative EER improvement com-
pared to a baseline system performance. Also, a new discrimi-
native classifier was introduced as a tool to improve the matri-
cial hyperparameters of the PLDA model. This system achieved
significant improvement in recognition performance and was
shown to be effective when used on adverse conditions (core-
core task). Finally, the homogeneity measure was used to study
the reliability of the SR system outputs based on an information-
theoretic approach.
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