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Abstract

Although i-vectors together with probabilistic LDA (PLDA) have achieved a
great success in speaker verification, how to suppress the undesirable effects
caused by the variability in utterance length and background noise level is
still a challenge. This paper aims to improve the robustness of i-vector based
speaker verification systems by compensating for the utterance-length vari-
ability and noise-level variability. Inspired by the recent findings that noise-
level variability can be modeled by a signal-to-noise ratio (SNR) subspace
and that duration variability can be modeled as additive noise in the i-vector
space, we propose to add an SNR factor and a duration factor to the PLDA
model. In this framework, we assume that i-vectors derived from utterances
with comparable durations share similar duration-specific information and
that i-vectors extracted from utterances within a narrow SNR range have
similar SNR-specific information. Based on these assumptions, an i-vector
can be represented as a linear combination of four components: speaker,
SNR, duration, and channel. A variational Bayes algorithm is developed to
infer this latent variable model via a discriminative subspace training pro-
cedure. In the testing stage, different variabilities are compensated when
computing the likelihood ratio. Experiments on Common Conditions 1 and
4 in NIST 2012 SRE show that the proposed model outperforms the conven-
tional PLDA and SNR-invariant PLDA. Results also show that the proposed
model performs better than the uncertainty-propagation PLDA (UP-PLDA)
for long test utterances.
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1. Introduction

In text-independent speaker verification, i-vectors [6] have become the
most popular feature representation in recent years. Inspired by the joint
factor analysis (JFA) [15, 17, 18] framework, both the speaker and unde-
sirable information (e.g. channel, additive noise, and so on) were com-
pressed into a low-dimensional subspace called the total variability sub-
space, through which utterances with variable durations can be represented
as low-dimensional i-vectors of fixed-length. Such a representation converts
a speaker verification problem to an ordinary biometric pattern recogni-
tion problem similar to face recognition and fingerprint recognition. Based
on the i-vector representation, many statistical techniques have been ap-
plied to deal with the mismatch between the training and test utterances.
For example, linear discriminant analysis (LDA) [2] followed by within-class
covariance normalization (WCCN) [12] were applied to i-vectors to compen-
sate for session variability; then cosine distance between the target speaker’s
i-vector and test i-vector was used as the similarity measure between the tar-
get speaker and the test speaker. More recently, probabilistic LDA (PLDA)
[31] was employed to suppress the channel- and session-variability within the
i-vector space. Typically, i-vectors were preprocessed by a series of transfor-
mations — WCCN;, length normalization [7], and LDA — before presenting
the i-vectors to a Gaussian PLDA model.

Although the i-vector/PLDA framework performs well in suppressing
session variability, it still has the following limitations: (1) the ability of
PLDA in modeling the variability arising from utterances of different SNRs
is limited; (2) i-vectors extracted from short utterances are less reliable than
those extracted from long utterances [19], leading to performance degrada-
tion when only short utterances are available.

One of the main focuses of NIST 2012 SRE is robust speaker verification
in which the SNR and length of enrollment and test utterances have substan-
tial variation. To improve the noise robustness of i-vector/PLDA systems,
several methods have been proposed. In [10], clean and noisy utterances
were pooled together to train a robust PLDA model. Garcia-Romero et al.
[8] employed multi-condition training to train multiple PLDA models, one
for each condition. A robust system was then constructed by combining all
of the PLDA models according to the posterior probability of each condition.
In [23, 24|, a mixture of SNR-dependent PLDA was proposed so that each
mixture focuses on a small range of SNRs. During verification, the mixtures
cooperated with each other to deal with utterances of various noise levels.
By assuming that i-vectors derived from utterances falling within a narrow
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SNR range should share similar SNR-specific information, we have recently
proposed to add an SNR-subspace to the conventional PLDA model, result-
ing in SNR-invariant PLDA [21, 20]. With the added SNR subspace, the
SNR-invariant PLDA can capture both speaker, noise-level, and channel
variabilities embedded in the i-vectors.

The problem of duration variability in utterances has attracted atten-
tion in the community because an i-vector extracted from a short utterance
should not be treated as being equally reliable as an i-vector extracted from
a long utterance. The reason is that the posterior distribution of hidden
variables in the i-vector extractor is a Gaussian whose covariance matrix is
related to the utterance duration. The shorter the utterance is, the larger
the covariance will become, leading to greater uncertainty in the estimated
i-vector.

The issue of duration variability has been addressed to a certain ex-
tent in the past. For example, Sarkar et al. [32] investigated how duration
mismatches affect the optimal choice of the duration of training utterances
for estimating the parameters of i-vector systems. In [19], the uncertainty
arising from the i-vector extraction process was propagated into a PLDA
model. This method did not treat an i-vector as the maximum a posteri-
ori point estimate, but rather as a random vector whose uncertainty was
represented by the posterior covariance matrix of the latent factors. The
shorter the utterance, the larger the posterior covariances. By propagating
this information into PLDA and using a loading matrix to model the vari-
ability due to duration variation, the resulting PLDA model better handled
the length-variability than the conventional PLDA model. Cumani et al.
[5, 4] did not map an utterance to a single i-vector, but instead mapped it
to the posterior distribution of i-vectors. Then, the likelihood of two speech
segments coming from the same speaker was obtained by integrating out all
possible i-vectors based on the i-vector posterior density.

Hasan et al. [11] found that duration variability could be modeled as ad-
ditive noise in the i-vector space. A short-utterance variance normalization
technique and a short-utterance variance modeling approach were proposed
in [14] to compensate for utterance-length variability. In [34], a weight
associated with the utterance’s duration was added to the corresponding
i-vector; then duration-weighted means, covariance matrix, and within-class
scatter matrix were computed; finally, principal component analysis (PCA)
and WCCN were applied using these duration-weighted terms to take utter-
ance duration into account. Motivated by the belief that i-vectors derived
from long utterances are more reliable [19] and therefore their corresponding
covariances in the PLDA model should be smaller, Cai et al. [3] proposed to
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regularize the PLDA covariance matrix by scaling it by a duration-dependent
exponential term. On top of this duration-dependent covariance regular-
ization, Hong et al. [13] introduced a quality measure function for score
calibration, which effectively compensated for the score shift due to dura-
tion mismatch. In [36], a denoising autoencoder was used to compensate
for the phonetic imbalance in short utterances. Given a short utterance, the
autoencoder received an i-vector and a phonetic vector (the utterance’s zero-
order statistics) as input and produced an output comprising an i-vector as
if it were produced by a phonetically balance utterance. The autoencoder
was trained by using the i-vectors and phonetic vectors derived from many
short-long utterance pairs.

This paper focuses on improving the robustness of the state-of-the-art
i-vector/PLDA systems when duration mismatch and SNR mismatch be-
tween the training and test utterances occur simultaneously. According to
[11, 14], duration variability in the i-vectors can be modeled as additive
noise in i-vector space. If the i-vector extracted from a long utterance is
considered as “clean”, the i-vector extracted from a short utterance can
be considered as “noisy”. Inspired by this observation, we propose a new
method to deal with the mismatch caused by the variabilities in SNR and
duration. Our proposal is motivated by the success of SNR-invariant PLDA
in dealing with SNR mismatch [21, 20]. More specifically, we attempt to
make the i-vector/PLDA framework more resilient to SNR and duration
variabilities by introducing two discriminant subspaces — namely SNR sub-
space and duration subspace — to the PLDA models. These subspaces are
trained discriminatively by exploiting the SNR and duration information in
the training utterances. Through joint discriminative training, these sub-
spaces enable the new PLDA models to capture not only speaker and channel
variabilities, but also SNR and duration variabilities. In the proposed model,
the speaker component, SNR component, and duration component live in
three different subspaces which can be inferred according to the variational
Bayes procedure. During the verification stage, SNR variability, duration
variability, and channel variability are marginalized out when the likelihood
ratio is computed.

The organization of this paper is as follows: Section 2 describes the i-
vector/PLDA speaker verification. Based on different assumptions, a new
method of estimating the parameters of duration-invariant PLDA and two
new scoring methods are proposed in Section 3. The proposed modeling
method, namely SNR- and duration-invariant PLDA, is explained for robust
speaker verification in Section 4. The experimental results and analysis of
the proposed framework are detailed in Section 5 and Section 6, respectively.
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Finally, conclusions are drawn in Section 7.

2. I-vector/PLDA Speaker Verification
2.1. Conventional PLDA

In the conventional i-vector/PLDA framework [16], an i-vector x;; is
regarded as an observation generated from a linear model [31, 30]:

Xy =m+ Vh; + GI‘Z‘J‘ + €5 (1)

where m is the global mean of i-vectors, V defines the speaker subspace, G
defines the channel subspace, h; and r;; are the latent factors depending on
the speaker and session respectively, and €;; denotes a residual term which
follows a Gaussian distribution AV (e|0, X). Typically, X is a diagonal matrix
aiming to model any remaining variation that cannot be described by VV T
and GGT.

According to [16, 7], the PLDA model in Eq. 1 can be divided into two
parts: (1) the speaker part (m + Vh;) that depends on the i-th speaker
only and (2) the channel part (Gr;; + €;;) that depends not only on the
i-th speaker but also on the j-th session. As i-vectors are of sufficiently
low dimension, the term Gr;; can be absorbed into X if the latter is a full
covariance matrix. Accordingly, the Gaussian PLDA model can be simplified
as follows [33]:

Xy =m+ Vh; + €ij, (2)

where €;; ~ N(0,X) with X being a full covariance matrix. This paper
adopts this simplified model.

2.2. SNR-invariant PLDA
To enhance the robustness of i-vector/PLDA, we have recently proposed
an SNR-invariant PLDA model (SI-PLDA) [21, 20] to deal with SNR mis-
match. In this model, training utterances are first divided into K groups
according to their SNRs. As a result, each of the training i-vectors is asso-
ciated with one SNR group. Denote ij as the j-th i-vector from speaker ¢
in the k-th SNR group. Then, ij is expressed as:
x}; =m+ Vh; + Uw;, + €]}, (3)
where m is the global mean of i-vectors, V defines the speaker subspace, h;

is a latent speaker factor with a standard normal prior, U defines the SNR

subspace, wy, is a latent SNR factor with a standard normal prior, efj is a
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Figure 1: (a) Arrangement of training i-vectors in the multi-condition training of
conventional PLDA. Each small square represents an i-vector. While the training
set comprises two SNR groups, PLDA training ignores the group labels and sums
over the statistics across both groups. (b) Arrangement of training i-vectors in
SNR-invariant PLDA. Each small cube represents an i-vector. For the i-th speaker,
there are H;(k) i-vectors from the k-th SNR group. Training in SNR-invariant
PLDA considers the group labels and sums over the statistics within individual
groups.

residual term with distribution A (€]0,X). In [21, 20], X is a full covariance
matrix aiming to model the channel variability.

The key difference between the conventional PLDA (Eq. 1) and SNR-
invariant PLDA (Eq. 3) is that the former uses a channel subspace (G) to
model channel variability, whereas the latter uses an SNR subspace (U) to
capture the variability due to noise level differences. As a result, the SNR
latent factors (wy in Eq. 3) depend on the SNR groups, whereas the session
latent factor (r;; in Eq. 1) depends on the speaker and session.

Fig. 1 illustrates how the labels (speaker and SNR groups) can be used
in training these two types of PLDA models. As can be seen, in the conven-
tional PLDA (Fig. 1(a), Eq. 1, and Eq. 2), the i-vectors for each speakers
are treated equally regardless of which SNR group they come from. On
the other hand, in SI-PLDA (Fig. 1(b) and Eq. 3), i-vectors derived from
utterances of similar SNR are grouped together in a vertical slice. These
extra SNR labels, together with the speaker labels, help to suppress the
SNR variability in the i-vectors.

3. Duration-invariant PLDA

According to [11, 14], duration variability in the i-vectors can be modeled
as additive noise in i-vector space. Inspired by the success of SI-PLDA in
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handling SNR variability, we propose to handle duration variability by a
duration-invariant PLDA (DI-PLDA).

3.1. Generative Model and EM Formulation

Assume that we have a set of i-vectors
X:{ij\z':l,...,s;j:1,...,H,-(p);p:1,...,P}

obtained from S speakers, where ij is the j-th utterance from speaker i
at the p-th duration group. For the i-th speaker, there are H;(p) i-vectors
from the p-th duration group. Eq. 3 becomes DI-PLDA if the SNR-related
term is replaced by a duration-related term, i.e.,

xfj :m+Vhi—i—Ryp+6fj, (4)
where R defines the duration subspace, y, is a latent duration factor with
a standard normal distribution. Other terms have the same meaning as in
Eq. 3.

In [21], the latent factors h; and y, are assumed to be posteriorly in-
dependent. In this paper, we consider h; and y, are posteriorly dependent
and use variational Bayes methods [2] to derive EM algorithms for training
the SI-PLDA and DI-PLDA models.

Denote N; = 25:1 H;(p) as the number of training utterances from the
i-th speaker and B, = Zle H;(p) as the number of the training utterances
in the p-th duration group. Given an old estimate of the model parameters
0 = {m,V,R, X}, we aim to find a new estimate 6’ that maximizes the
auxiliary function:

X, e}

=Ejmy) {Zijp In [p(x}; |hi, yp, 0")p(hi, y,p)] ‘X7 9} ;

Q(0'10) = Eqny) {m p(X,h,y|0")

()

where h = {hy,... hs}, y = {y1,...,yp}, and ¢(h,y) is the variational
posterior density of h and y. To maximize Q(0'|0), we differentiate Q(0'|0)
with respect to the model parameters {m,V,R, 3} and set the resulting
derivatives to 0. This leads to

1 s P
m=133 Y« (6)
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=1 p=1 j=1

(9)
where N =0 N; =Y | B,

Eq. 6-Eq. 9 constitute the M-step of the EM algorithm. To update
the model parameters in the M-step, we need to estimate the posterior
distribution of h; and y,. These posteriors can be obtained through the
variational Bayes method as explained below.

We approximate the true posterior p(h,y|X) by a variational posterior
q(h,y) and write the marginal likelihood of X as

Inp(X) Z//Q(h,Y)lnp(X)dhdy
// (h,y) ln[ Py, )]dhdy

(h, y|)

// hyln[(lzy’ ]dhdy—i—// hyln[ (h’))o}dhdy

L(q) + Dkr(q(h, y)[p(h, y|X)). (10)

In Eq. 10, Dk1.(q||p) is the KL-divergence between distributions ¢ and p and

0= [ [y TR

is the variational lower bound of the marginal likelihood. Since KL-divergence
is non-negative, we can maximize the marginal likelihood through maximiz-
ing the lower bound with respect to ¢(h,y). The maximum occurs when
q(h,y) equals the true posterior p(h, y|X ). Then, we assume that the ap-

X)
) } dhdy (11)
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proximated posterior g(h,y) can be factorized as follows:

.
Ing(h,y) = Ing(h) +Ing(y Zlnq D+ Inglyp).  (12)
=1

By maximizing the lower bound £(g) in Eq. 11, we obtain [2, 35]

Ing(h) = Eyy){Inp(h,y, X)} + const 1)
Ing(y) = Eqm){lnp(h,y, X)} + const,

where Eg(,y means taking expectation with respect to y using q(y) as the
density.
Note that Ing(h) in Eq. 13 can be written as

Ing(h Z Ing(h;) = (Inp(h,y, X))y + const

= <1np(?f lh,y))y + <1np(h, ¥))y + const

_ p .

=y (N () Jm + Vh; + Ry, %) >y +3 (N (b0, D)y

+ Z (InN(yp|0,1))y, + const

- _7ZW —m—Vh, - Ry;)"S7'(x}, —m — Vh; - Ry}) — Z hh; + const!
= Z [hTVT -1 Z]p —m—Ry,) — th (I + Z VTE_1V> h;r] + const.
(14)

where y; = (yp|X)y, is the posterior mean of y; in the previous iteration
and (.)y, denotes the expectation with respect to y,.

By readlng off h; in Eq. 14 and comparing with ), In ¢(h;), we note that
q(h;) is a Gaussian with the following mean vector and precision matrix:

Hi(p)
By (6} = () = (1) VT 'S (6, - m - Ry)

p=1 j=1

"In N (yp[0,1))y, is the differential entropy of normal distribution and is independent
of h;, see Chapter 8 in [28].
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and »
D=1+ HipVvTs!
p=1

As a result, the second-order moment required in the M-step can be com-
puted as follows:

(T2 = (L) + (il )T

Similarly, the posterior mean and second-order moment of y, can also be
obtained by comparing the terms in Ing(y,) with a Gaussian distribution.

The M-step also requires the posterior moment (hiy;,r |X'), which can be
approximated by using variational Bayes principle:

p(hy, yplX) = q(hi)q(yp), (15)

where both ¢(h;) and ¢(y,) are Gaussians. Based on the law of total expec-
tation [1], the factorization in Eq. 15 gives

(yph{|X) ~ (yp| &) (bl X)T
(hiy | X) ~ (hi|X) (y,|X)".

Therefore, the equations for the variational E-step are as follows:

LY =1+ NVISV =15 (16)
L?=1+BR'E'R p=1,...,P (17)
. P Hl(p)
(bl X) = (L) VIET YT Y (] —m — Ryj) (18)
p=1 j=1
S Hz(p
(yplX) = (L) 'RTs~ 12 Z . —m— Vh) (19)
=1 j=1

(hih]|X) = (L) + (hil ) (hy|2) T (
(ypyp 1) = (L) ™ + (ypl ) (yp | X) T (21
(yph{|X) = (y,]&) (| X)T (
(hiy; |X) & (hi| X) (y,|X)T (

10
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Algorithm 1 shows the procedure of training a duration-invariant PLDA
model.

Algorithm 1 Variational Bayes EM Algorithm for Duration-Invariant PLDA
Input:

Development data set consisting of i-vectors X = {xfj|i =1,...,8;5=1,...,Hi(p);p =
1,..., P}, with identity labels and duration group labels.
Initialization:
Yp < 0;
3 «+ 0.01I;

V, R + eigenvectors of PCA projection matrix learned using data set X’;

Parameter Estimation:

1) Compute m via Eq. 6;

2) Compute Lgl) and Léz) according to Eq. 16 and Eq. 17, respectively;

3) Set yj, to the posterior mean of y,. Compute the posterior mean of h; using Eq. 18;

4) Use the posterior mean of h; computed in Step 3 to update the posterior mean of y,
according to Eq. 19;

5) Compute the other terms in the E-step (Eq. 20-Eq. 23);
6) Update the model parameters using Eq. 7 to Eq. 9;

7) Go to Step 2 until convergence;

Return: the parameters of the duration-invariant PLDA model 8 = {m, V,R,X}.

3.2. Likelihood Ratio Scores

If the durations of target and test utterances are not known (or not
used), the likelihood ratio score can be computed in the same manner as
in SI-PLDA [21]. Because the duration ¢ is usually known in practice, the
likelihood ratio score can be also computed as follows:

p(xs, x¢|same-speaker, £5, £1)

SLR(X87 thsa Kt) =In (24)

p(xs, x¢|different-speakers, £, )’
where x, and x; denote the target-speaker’s i-vector and test i-vector, respec-
tively, and /5 and ¢; denote the durations of the corresponding utterances.

Based on different assumptions on the posterior density of y,, we pro-
pose two methods to calculate the score. They are derived in the following
subsections.

11



u3  3.2.1. Duration Factors with a Sharp Posterior Density
244 Assume that the duration £ of an utterance belongs to the p-th duration

s group and that the posterior density of y, is sharp at its mean y;.Q Then,
26 the marginal-likelihood of i-vector x can be written as:

p(x|¢ € p-th duration group) = /p(x\h,y;)p(h)dh
h

= / N (x/m + Vh + Ry, )N (h|0,I)dh
h

= N(xjm+ Ry}, VVT + %),
(25)
27 where y; = (yp|X) is the posterior mean of y,. Given a test i-vector x; and
23 a target i-vector x,, we can use Eq. 25 to compute the likelihood ratio score:

- ker, /s, ¢
SLR(Xsaxtws,gt) =In p(X&Xt‘Same Speaxer, £, t)

p(xs, x¢|different-speakers, (5, £;)
(Gl e s %)
Xt m—l—Ry;t X W
(S|
Xy m+ Ry, | |0 ¥
1

= i[iSTQiS + 2% Px; + %] Q%] + const

(26)

where

Xs =xs —m— Ry,
X; = x; —m— Ry,
Q=9""—(T-%,0'%,)"
P=9 '3, (-3, ¥ %)
T=VV' +3 3,.,=VV

29 3.2.2. Duration Factors with a Moderately Sharp Posterior

250 If the duration ¢ of an utterance falls on the p-th duration group and
1 the posterior density of y, is moderately sharp and follows a Gaussian

2This occurs when the number of training i-vectors B, in the p-th duration group is
large, as suggested by Eq. 17.

12
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N (yplps, =5),% the marginal-likelihood of i-vector x is:

p(x|¢ € p-th duration group) = /h/ p(x/h,y,)p(h)p(y,)dhdy,
Yp
= /h N(xjm + Vh + Ry, )N (h|0, )NV (y,|0, I)dhdy,
Yp

= [ N(xm+Ry, VV' + Z)N(y,|0,T)dy,
Yp
=N(xm+Rp,, VVT + RZR" + %),

(27)
where g7 can be computed according to Eq. 19 and ¥ can be estimated
from the inverse of LI(;Q) in Eq. 17. Given a test i-vector x; and a target
i-vector x;, the likelihood ratio score can be computed as:

p(xs, x¢|same-speaker, {5, £1)

S sy Xt|ls, b)) =1 -
LR (X5, Xels £1) np(xs,xt]dlfferent-speakers,ﬁs,Et)

N < [XS] { ! “;S] [ S “C] >
N Xy m+ Rpy, |7 [Bae Xy
N ([XS} ’ [ + ”I*’S] [28 ; ])
Xt m + Ry, o X
1

= i[xSTAs,tscs + 2% B, ;% + %] Cy %] + const

(28)

where

iszxs—m—Ru;S; it:xt—m—Ru;t
Ay =371 — (B, - 2021 %,0) 7!
Bt =3, S0c(B — e B Bae) !
Cot =3 — (B4 — B0 B; " Bae)
2, =VVI+RZRT+3;, 5, =VV +RZ R +35; Z,=VV"

4. SNR- and Duration-invariant PLDA

This section describes a new modeling approach, namely SNR- and
duration-invariant PLDA (SDI-PLDA), for robust speaker verification. Un-

3This occurs when the number of training i-vectors B, in the p-th duration group is
moderate, as suggested by Eq. 17.

13
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like conventional Gaussian PLDA and SNR-invariant PLDA, the proposed
model has three labeled latent factors representing speaker-specific, SNR-
specific and duration-specific information, respectively.

4.1. Generative Model

The SNR- and duration-invariant PLDA is inspired by the notion of
Gaussian PLDA in which i-vectors from the same speaker should share a
speaker latent factor. Similarly, this method is based on two hypotheses:
(1) i-vectors derived from utterances that fall within a narrow SNR range
should share similar SNR-specific information; and (2) i-vectors extracted
from utterances with comparable durations should share similar duration-
specific information.

To confirm the first hypothesis, we plotted three groups of i-vectors on
the first 3 principal components in Fig. 2(a), where each group corresponds
to a specific SNR-level shown in the legend. To ensure that the cluster
displacement is not caused by speaker variability, each group contains the
i-vectors from the same set of speakers. Evidently, the i-vectors form three
clusters, one for each SNR group. To illustrate the the second hypothesis,
we display three groups of i-vectors on their first 3 principal components
in Fig. 2(b), where each group corresponds to one duration range shown in
the legend. To ensure that the variability in i-vectors is not due to noise-
level and speaker variabilities, all of the i-vectors were obtained from clean
telephone conversations and each duration group comprises the same set of
target speakers. Evidently, the i-vectors form three clusters and the locations
of the clusters depend on the duration range.

From a modeling standpoint, both SNR-specific and duration-specific
information can be captured using latent factors just like speaker factor in
conventional PLDA model. We refer to these latent factors as SNR factor
and duration factor in the remainder of this paper.

Under the above assumptions, an LDA- or NFA-projected i-vector [21]
can be regarded as an observation generated from a linear generative model
that comprises four components: (1) speaker component, (2) SNR compo-
nent, (3) duration component, and (4) channel variability and the remaining
variability that cannot be captured by the first three components. Assume
that we have a set of D-dimensional NFA-projected i-vectors X = {)Efp li =
1,...,8k=1,....,K;p =1,...,P;5 = 1,...,Hyx(p)} obtained from S
speakers, where )Eff is the j-th i-vector from speaker ¢, and k£ and p index to
the SNR and duration groups to which the corresponding utterances belong,
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Figure 2: (a) Projection of i-vectors derived from utterances with different SNR-
levels on their first three principal components. (b) Projection of i-vectors derived
from variable-length utterances on their first three principal components.

respectively. In the proposed model, fcfjp can be expressed as:

%? =m+ Vh; + Uw, + Ry, + €7, (29)
where m is a D x 1 vector representing the global offset, h; is a Q1 X 1 vector
denoting the speaker factor with prior distribution A (h|0,I), wy is a Q2 x 1
vector denoting the latent SNR factor with a prior distribution of N'(w|0,I),
Yp is a Q3 x 1 vector denoting the latent duration factor with a standard
normal prior, eff is a D x 1 vector denoting the residue which follows a
Gaussian distribution AN (€]0,X), V is a D x )1 matrix whose columns span
the speaker subspace, U is a D X Qo matrix whose columns span the SNR
subspace, and R is a D x (3 matrix which defines the duration subspace.
h;, wi, and y, are assumed to be independent in their prior. Fig. 3 shows
the graphical model of SDI-PLDA.

The proposed SNR- and duration-invariant PLDA is different from the
conventional PLDA in that the former makes use of multiple labels (speaker
IDs, SNR levels, and duration ranges) for training the loading matrices,
whereas the latter only uses the speaker IDs. To exploit the duration in-
formation in the training utterances, the proposed model has an additional
subspace called duration subspace, which results in an extra latent factor
called duration factor. Unlike the term Gr;; in Eq. 1, which is speaker- and
session-dependent, the SNR component Uwy, and the duration component
Ry, in Eq. 29 depend on the SNR groups and duration groups, respectively.
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Figure 3: Probabilistic graphical model of SDI-PLDA.

4.2. Variational Bayes EM algorithm

Denote 8 = {m, V, U, R, X} as the parameters of the SNR~ and duration-
invariant PLDA model. These parameters can be learned from a training
set using maximum likelihood estimation. Given an old estimate of 0, we
aim to find a new estimate 8’ that maximizes the auxiliary function:

Q(el‘e) = EQ(h7E7Z) |:lnp(X7 h? w, X|0l)

= EQ(Q,E,Z) [Zikpj In (p(ﬁff’hi, Wi, Yps Gl)p(hi, Wk, yP)) ‘Xa 0] .

(30)

To maximize Eq.30, we need to estimate the posterior distributions of

the latent variables given the model parameters 6. Denote N; = >, Hi(p)

as the number of training i-vectors from the i-th speaker, My =3, H;(p)

as the number of training i-vectors falling in the k-th SNR group, and B, =

> i Hir(p) as the number of training i-vectors in the p-th duration group.

Similar to the derivation of duration-invariant PLDA, the variational E-step

of the proposed model in Eq. 29 can be derived by the variational Bayes
method as follows :

X,H}

LY =1+ NVIE'V  i=1,....8 (31)
LY =1+ MU'S'U k=1, K (32)
LY =1+BR'E'R p=1,...,P (33)
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331
1)\ — — ~k * *
(il ¥) = (L] >> VI Y (& -m-Uwi-Ry;)  (34)
332
(wilX) = (L))" Y (&P —m - Vhi -Ry;) (35
ipj
333

(yplX) = (L) 'RTS 1Zk (% —m— Vh; — Uwj)  (36)
ikj

334

(h;h]|X) = <L§”> + (b ) (] X) T (37)
(wiw 1) = (L) + (i) ()T (3)
Yy TI) = (LE) 1+ (3, ) (yyl )T (39)
(wihT|) % (wi ) (hy|X)T (40)
(hew] |) ~ (i) (wi )T (41)
(wiy T ) ~ (wel )y, |) T (42)
(7pWE 1) % (ypl X (Wil )T (43)
(hay 1) ~ (hi]X) (y, )T (44)
(7T 1) ~ (y,|) (| )T (45)

13 where wi, y;, and hf denote the posterior mean of wy, yp, and h; in the
344 previous iteration, respectively.

345 Given Eq. 31-Eq. 45, the model parameters 8 can be estimated via the
36 M-step is as follows:

N szm Afjp (46)
V= {3 & m)(]) T - Ui |) — Ry )]}
(47)
[Z hhT|X>}
vy, [ —m)jwkwﬁ—whiwm—R<ypwm>]} "
>, )]
R={, [ —m)fypm Vi{hiy] %)~ Ulwiy]|%)] } o

[szm yPYp|X>}
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> Z% D [ =) (&P —m)T = V() (7 )" (50)
— U(wi| X) (%7 —m)" — Riy,|X) (%7 —m)"

where N = Zle N; = Zle M. Algorithm 2 shows the procedure of
applying the variational EM algorithm.

Algorithm 2 Variational Bayes EM Algorithm for SNR- and Duration-Invariant
PLDA
Input:

Development data set comprising NFA-projected i-vectors X = {ﬁff\i =1,...,8 k=
1,...,K;p=1,...,P;5 =1,..., Hix(p)}, with speaker labels, SNR group labels, and
duration labels.

Initialization:
yp < 0, wi < 0;
3+ 0.01I;
V, U, R « eigenvectors obtained from the PCA of X;

Parameter Estimation:
1) Compute m via Eq. 46;
) Compute LZ(-I), Lf), and L](DS) according to Eq. 31 to Eq. 33, respectively;
3) Compute the posterior mean of h; using Eq. 34;
)

Use the posterior mean of h; computed in Step 3 to update the posterior means of wy,
and y, using Eq. 35-Eq. 36;

Compute the other terms in the E-step (Eq. 37-Eq. 45);

D Ot

Update the model parameters using Eq. 47 to Eq. 50;
Set y, = (yp|X), wi, = (wg|X), and hi = (h;|X);

Go to step 2 until convergence;

)
)
7)
)

oo

Return: the parameters of the SNR- and duration-invariant PLDA model 8 =
{m,V,U,R, X}

4.3. Likelihood Ratio Scores

Assume that both the duration and SNR of target-speaker’s utterance
and test utterance are not known. Denote x; and x; as the NFA-project i-
vectors of the target-speaker and test utterance, respectively, the likelihood
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Figure 4: Distribution of utterance duration in NIST 2012 SRE. (a) 2-D histogram

showing the length distribution of all possible target-test pairs. (b) Length distri-
butions of enrollment utterances and test utterances (after VAD).

ratio score is

P (x5, x¢|same-speaker)

S =1
LR(Xs, %) = In P(xs, x¢|different-speakers) (51)

1 1
= const + §>stst + 52? Qx; + %/ Px,

where

Xs = Xg —Im, Xy =Xy —Im,
P= Zz;}fzac(ztot - Eaczt_oizac)_la
Q = 2;;% - (Etot - Eaczg)izac)_lv
$e=VV' and ¥, =VV'+UU" +RR'" + 3.
See Appendix A for the derivation of Eq. 51. When the utterance duration
and SNR are known, the scoring function can be derived using the principles
in Section 3.2.

Because P and Q can be computed in advance, the computational com-
plexity of SDI-PLDA is the same as that of Gaussian PLDA [7].

5. Experimental Setup

5.1. Fwaluation Protocol and Speech Data

Experiments were performed on common conditions (CC) 1 and 4 of the
core set of NIST 2012 Speaker Recognition Evaluation (SRE) [27]. We used
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Table 1: Abbreviations of various PLDA models.

Abbreviation Model Name Formula

PLDA Probabilistic LDA x;; = m+ Vh; + ¢; (Eq. 2)

UP-PLDA Uncertainty propagation PLDA x;; =m+ Vh; + R;;yi; + €; (Eq. 2 in [19])
SI-PLDA  SNR-invariant PLDA x}; = m+ Vh; + Uw; + €} (Eq. 3)
DI-PLDA Duration-invariant PLDA ij =m+ Vh; + Ry, + e?j (Eq. 4)

SDI-PLDA  SNR- and duration-invariant PLDA x;” = m + Vh; + Uw; + Ry, + €;7 (Eq. 29)

ss data from NIST 2005-2010 for system development. The speech data were
360 divided into the following parts:

370 e Test Data: Test utterances involved in CC1 comprise clean interview
371 conversations. Test data in CC4 comprise noise contaminated tele-
372 phone conversations with SNR ranging from 0dB to 50dB. Readers
373 may refer to [21] for the SNR distributions of test utterances in these
374 common conditions and the procedure for measuring SNRs.

375 e Enrollment Data: Enrollment data for CC1 comprise target-speakers’
376 conversations recorded by using different types of microphones. For
377 CC(C4, enrollment data comprises the telephone conversations of target
378 speakers. Each target speaker has one or more conversations recorded
379 over different telephone channels and with different durations longer
380 than 10 seconds.

381 e Development Data: Development data were used for estimating the
382 subspace projection matrices (WCCN and NFA) for i-vector prepro-
383 cessing. They were also used for estimating the parameters of PLDA,
384 uncertainty propagation PLDA in [19], SNR-invariant PLDA and SNR-
385 and duration-invariant PLDA models (see Table 1 for the abbrevia-
386 tions of these models). For experiments on CC1, the development
387 data consist of microphone segments in 2005-2010 SREs. For CC4,
388 the development data comprise two parts. The first part was extracted
389 from the telephone and microphone segments in 2005-2010 SREs and
300 the second part was obtained by adding babble noise to the telephone
301 segments of 2005-2010 SREs at different SNRs. The procedure of pro-
392 ducing these noisy speech files is described in Section IV-B of [21]. For
303 each gender, 14,000 noise corrupted files with SNR ranging from 2dB
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Figure 5: Duration distributions of test utterances (after VAD) from female speakers in
CC1 and CC4 of NIST 2012 SRE.

to 15dB were randomly selected from all of the noise corrupted files.
Speakers with less than 10 conversations were excluded. Both the
microphone and telephone conversations from NIST 2005-2008 SREs
were used as development data to train the gender-dependent UBMs
and total variability matrices.

Fig. 4 shows the duration distribution of the enrollment and test utter-
ances (after VAD) in NIST 2012 SRE. Evidently, there are many trials that
involve short test utterances tested against long enrollment utterances or
long test utterances tested against short enrollment utterances. The dura-
tion distributions of test utterances (after VAD) in CC1 and CC4 are shown
in Fig. 5. It is obvious that the test utterances in CC1 and CC4 covers a
wide range of durations.

5.2. Acoustic Feature Extraction

For each conversation, a two-channel voice activity detector (VAD) [25,
37] was applied to prune out silence regions. The VAD is specifically de-
signed for NIST SREs. Special attention has been paid to address utterances
with low SNR, impulsive noise, and cross talks in the interview speech files.
The main idea is to apply speech enhancement as a pre-processing step to
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boost energy contrast between speech and non-speech regions, which facil-
itates the subsequence speech/non-speech decisions either by log-likelihood
ratio tests or by comparing with energy-based thresholds.

The speech regions of each utterance were segmented into 25-ms Ham-
ming windowed frames with 10-ms frame shift. For each frame, the first 19
Mel frequency cepstral coefficients (MFCC) and log energy together with
their first and second derivatives were packed to form a 60-dimensional
acoustic vector. Cepstral mean normalization and feature warping [29] with
a window size of 3 seconds were then applied to the acoustic vectors.

5.8. I-vector Extraction and PLDA Modeling

I-vectors were extracted based on gender-dependent UBMs with 1024
mixtures and total variability matrices with 500 total factors. Similar to [26],
we applied within-class covariance normalization (WCCN) [12] to whiten
the i-vectors, followed by length normalization (LN) to reduce the non-
Gaussian behavior of the 500-dimensional i-vectors. Then, nonparametric
feature analysis (NFA) [21, 22] was applied to reduce intra-speaker vari-
ability and emphasize discriminative information. This procedure projects
the i-vectors onto a 400-dimensional subspace. The NFA-projected i-vectors
were then used to train PLDA models with 300 speaker factors (@1 = 300).
In our experiments, we make sure that the number of speaker factors plus
SNR and duration factors is no more than 400.

5.4. SNR and Duration Groups

To determine the SNR and duration subspaces in the SI-PLDA, DI-
PLDA and SDI-PLDA models, the development data described in Sec-
tion 5.1 were divided into K groups according to the measured SNRs and
duration of the utterances, where K varied from 3 to 8. Because SNR
and duration are continuous variables, there will be infinite possible ways of
dividing them into intervals. Therefore, we evenly divided the training utter-
ances into K groups such that each group contains almost the same number
of training i-vectors. Although this partitioning method leads to unequal
SNR and duration intervals, it ensures that each group has sufficient train-
ing i-vectors for estimating the SNR and duration loading matrices reliably.
Table 2 lists the SNR range and duration range when K = 8 and P = 8 in
Eq. 29.

4To be precise, the first K — 1 groups have L%J i-vectors, whereas the last one contains
N — (K —1) | %], where |z] is the floor of .
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Table 2: Division of SNR and duration groups for the training data of female speakers in
CC4, when K = 8 and P = 8 in Eq. 29.

Group SNR Range (dB) Duration Range (s)

1 2.0-5.5 3-70

2 5.5-7.4 70-88

3 7.4-10.5 88-103

4 10.5-14.6 103-117
5 14.6-19.8 117-133
6 19.8-34.4 133-152
7 34.4-39.1 152-184
8 39.1-55.0 184-1215

6. Results and Analysis

We used equal error rate (EER) and minCprimary, which is the same as
minimum normalized decision cost function (minDCF) defined in NIST 2012
SRE [27], to evaluate the performance of different PLDA models. Table 1
summarizes their abbreviations and formulations.

6.1. Effectiveness of SNR and Duration Factors

The first experiment aims to compare the effectiveness of SI-PLDA and
DI-PLDA in compensating SNR variability and duration variability, respec-
tively. Table 3 shows the results of SI-PLDA and DI-PLDA on CC1 and
CC4 for different numbers of SNR groups and duration groups. The results
show that both SI-PLDA and DI-PLDA outperform PLDA. This suggests
that including the duration subspace in DI-PLDA and the SNR subspace in
SI-PLDA enables these models to address mismatch caused by duration and
SNR, respectively. Moreover, SI-PLDA not only outperforms DI-PLDA (in
EER) in most cases, but also performs stably with respect to the number
of groups K. On the other hand, the performance of DI-PLDA on CC1
(female) drops when the number of groups increases to 8.

The second experiment compares the proposed SDI-PLDA model with
other PLDA models and PLDA with uncertainty propagation. Results in
Table 3 show that SDI-PLDA achieves the best performance in terms of EER
and minDCF on CC4. This result suggests that SDI-PLDA can compensate
for SNR and duration variabilities in the i-vector space. While UP-PLDA
achieves the best performance in CC1, it performs badly under CC4. The
reason is that CC4 involves more test trials with long duration than CC1
(as shown in Fig. 5). As the i-vectors corresponding to utterances of long
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Table 3: Performance of PLDA, UP-PLDA, SI-PLDA, DI-PLDA and SDI-PLDA in CC1
and CC4 of NIST 2012 SRE core set. K and P denote the number of SNR and duration
groups, respectively. The best results are highlighted in boldface.

Male Female
Model K P CC1 CC4 CC1 CC4
EER(%) minDCF  EER(%) minDCF EER(%) minDCF EER(%) minDCF
PLDA - - 5.28 0.374 2.69 0.317 7.39 0.514 2.35 0.332
UP-PLDA - - 3.89 0.346 3.55 0.493 5.47 0.408 3.36 0.483
3 - 5.28 0.369 2.56 0.292 7.06 0.504 2.18 0.299
4 - 5.28 0.368 2.56 0.287 7.12 0.499 2.18 0.287
SLPLDA 5 - 5.15 0.395 2.50 0.288 7.07 0.498 2.12 0.291
6 - 5.22 0.370 2.51 0.281 7.14 0.508 2.16 0.292
7 5.36 0.381 2.48 0.284 7.13 0.505 2.16 0.287
8 - 5.23 0.369 2.48 0.288 7.03 0.506 2.13 0.287
- 3 5.42 0.368 2.60 0.287 6.98 0.512 2.25 0.287
- 4 5.57 0.369 2.55 0.291 6.98 0.499 2.23 0.299
DLPLDA 5 5.42 0.369 2.56 0.287 7.02 0.503 2.25 0.289
- 6 5.21 0.369 2.52 0.289 7.30 0.526 2.16 0.293
- 7 5.36 0.381 2.55 0.287 7.38 0.534 2.18 0.302
- 8 5.23 0.369 2.56 0.289 8.95 0.563 2.20 0.288
3 3 5.42 0.375 2.52 0.287 6.93 0.496 2.15 0.284
4 4 5.41 0.368 2.54 0.289 6.97 0.491 2.13 0.288
SDL-PLDA 5 5 5.13 0.367 2.55 0.288 6.96 0.491 2.15 0.289
6 6 5.14 0.367 2.49 0.283 7.05 0.508 2.14 0.289
T 7 5.42 0.373 2.34 0.280 7.13 0.505 2.13 0.289
8 8 5.54 0.373 2.49 0.286 8.08 0.556 2.11 0.284

duration are reliable, UP-PLDA loses its advantage in handling reliable i-
vectors compared to PLDA.

To confirm that SDI-PLDA really outperforms SI-PLDA and DI-PLDA,
we performed McNemar’s tests [9] on the differences between the EERs. For
each model, the best performing configuration (by varying K and P) was
used in the tests. The p-values of these tests are shown in Table 4. As the
p-values between SDI-PLDA and the other two models are less than 0.05,
we conclude that SDI-PLDA outperforms SI-PLDA and DI-PLDA.

We have also linearly fused the scores of the best performing DI-PLDA
and SI-PLDA in CC4, with fusion weights for DI-PLDA and SI-PLDA set
to 0.65 and 0.35, respectively. For male speakers, the EER after fusion is
2.41% and the minDCF is 0.282. For female speakers, the EER after fusion
is 2.13% and the minDCF is 0.283. This fusion performance is comparable

24



484

485

486

487

488

489

490

491

492

493

494

495

496

Table 4: P-values of McNemar’s tests [9] on the differences in EERs based on CC4 of NIST
2012 SRE core set, male speakers. For each entry, p < 0.05 means that the difference
between the EERs is statistically significant at a confidence level of 95%.

Method H DI-PLDA \ SDI-PLDA

SI-PLDA 0.002 0.013
DI-PLDA - 0.022

Table 5: Performance of DI-PLDA on CC1 and CC4 of NIST 2012 SRE (male, core set)
using different approaches to deriving the EM training algorithm and the scoring func-
tion. EM: EM is derived by assuming that the latent factors are posteriorly independent
(Egs. 14-24 of [21]). VB-EM: EM is derived by using variational Bayes and the latent
factors are assumed posteriorly dependent (Eq. 6—Eq. 23). Scoringl: The duration is un-
known during scoring (Eq. 26 in [21]). Scoring2: The duration is known during scoring,
and the duration factor has sharp posterior (Eq. 26). Scoring3: The duration is known
during scoring, and the duration factor has blunt posterior (Eq. 28). P in Eq. 4 was set
to 6.

Method CC1 CC4
EER(%) minDCF EER(%) minDCF
EM + Scoringl 5.21 0.369 2.52 0.289
VB-EM + Scoringl 5.42 0.366 2.56 0.285
EM + Scoring?2 5.42 0.371 2.58 0.290
EM + Scoring3 5.28 0.366 2.57 0.290

with that of SDI-PLDA, suggesting that SNR, and duration variabilities can
be handled either in the model domain (Eq. 29) or in the score domain. But
the later requires a set of optimal fusion weights to achieve a performance
comparable to that of the former.

6.2. Numbers of SNR and Duration Groups

Another observation from Table 3 is that the performance of DI-PLDA
and SDI-PLDA on CC1 becomes worse when the numbers of SNR and du-
ration groups, K and P, increase. This suggests that appropriate values of
K and P are important for DI-PLDA and SDI-PLDA. Since the amount
of training data for CC1 is much less than that for CC4, when K and
P increase, the number of training samples in each group becomes limited,
causing unreliable estimation of SNR and duration loading matrices. Hence,
the values of K and P should be determined based on the amount of train-
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Table 6: Performance of SDI-PLDA in CC4 of NIST 2012 SRE core set for male speakers
with varying numbers of SNR and duration factors. The numbers of SNR and duration
groups were fixed to 7.

Q2 & Qs EER(%) minDCF

10 2.34 0.280
20 2.33 0.281
30 2.35 0.283
40 2.37 0.286

ing data. In particular, if K and P are very large, there will be so many
SNR factors and duration factors that each i-vector is considered to be ob-
tained from a unique SNR or duration. This means that the SNR- and
duration-invariant PLDA models reduce to the traditional Gaussian PLDA,
which only considers the session variability instead of the variability caused
by different SNRs and durations.

6.3. Combinations of Training and Scoring Methods

Table 5 shows the performance of DI-PLDA under different combinations
of training methods and scoring methods. The results suggest that using
the original training method (EM) and scoring method (Scoringl) in [21]
achieves the best results, which assumes that the latent factors are posteri-
orly independent and that the SNR and duration of utterance are unknown.
Although the EM algorithm derived from variational Bayes (VB) is more
theoretically justifiable, VB-EM + Scoringl in Table 5 does not outperform
EM + Scoringl. This is a rather unexpected result. One possible reason is
that because the number of training i-vectors in each duration group is large
enough to make the posterior density of duration factors (y, in Eq. 4) very
sharp, causing the joint posterior density p(h;, yp]x) to spread mainly along
h; instead of spreading over both h; and y,. As a result, the assumption
that the latent factors h; and y,, are posteriorly independent becomes valid.

Comparing Rows 1, 3, and 4 in Table 5 suggests that scoring with du-
ration information does not achieve any advantage. This may be because
the EM and VB-EM have already taken duration variability into account
through the duration loading matrix.

6.4. Numbers of SNR and Duration Factors

To investigate the effect of varying the number of SNR and duration
factors, we set ()2 and @3 to different values but keeping K and P fixed.
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Table 7: Performance (EER(%)/minDCF) of (a) PLDA and (b) SDI-PLDA on CC4 of
NIST 2012 SRE (male core set) under different combinations of SNR (dB) and utterance
durations. The last row shows the relative increases in EER/minDCF when SNR decreases
from 15dB to 6dB. The last column shows the relative increases in EER/minDCF when
number of frames reduces from 2500 to 1000. For each SNR and duration combination,
the one with a smaller increase in EER or minDCEF is highlighted in boldface.

Number of frames

SNR Relative Inc.
1000 1334 1667 2000 2500

6 6.02/0.517  5.40/0.483  4.78/0.454  4.35/0.431  3.86/0.409  0.560/0.264

8 5.47/0.499 4.79/0.454 4.25/0.427 3.88/0.405 3.71/0.393 0.474/0.270

10 4.68/0.460 4.32/0.431 4.00/0.405 3.72/0.388 3.41/0.367 0.372/0.253

12 4.58/0.462 4.07/0.416 3.53/0.399 3.49/0.374 3.23/0.362 0.418/0.276

15 4.57/0.441 3.87/0.412 3.71/0.389 3.48/0.363 3.15/0.351 0.451/0.256

Relative Inc.  0.317/0.172  0.395/0.172  0.288/0.167  0.250/0.187  0.225/0.165

(a) PLDA

Number of frames

SNR Relative Inc.
1000 1334 1667 2000 2500

6 5.53/0.473 5.03/0.437 4.39/0.410 4.03/0.398 3.66,/0.360 0.512/0.314

8 5.13/0.453 4.54/0.414 3.85/0.385 3.56,/0.368 3.42/0.354 0.500/0.280

10 4.43/0.423 4.07/0.393 3.75/0.370 3.53/0.353 3.27/0.330 0.355/0.282

12 4.29/0.421 3.77/0.379 3.39/0.358 3.28/0.330 3.17/0.314 0.353/0.341

15 4.42/0.401 3.78/0.367 3.44/0.347 3.31/0.322 3.01/0.314 0.468/0.277

Relative Inc. ~ 0.251/0.179  0.331/0.191  0.276/0.182  0.218/0.236  0.216/0.146

(b) SDI-PLDA

The effect is shown in Table 6. Although there is no obvious relation between
the number of speaker factors and the number of SNR factors and duration
factors, this table suggests that it is fine to set Q2 and Q3 to 10.

6.5. Robustness Against Mismatch Types

The results in Table 3 do not show which type of mismatches (SNR or
duration) is more harmful to performance. To this end, we fixed one type of
variability and vary the other type. The test utterances from male speakers
in CC4, excluding utterances with less than 2500 frames, were used as the
evaluation data. We added babble noise to the test utterances at SNR
of 6dB, 8dB, 10dB, 12dB, and 15dB. Then, 2500 frames were randomly
selected from each test utterance at each SNR. Finally, test utterances with
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different durations were created by successively discarding some frames from
the 2500-frame test utterances. The SNRs and durations were set such that
the percentage decrease in successive SNR is equal to the percentage decrease
in successive utterance length. For example, when SNR reduces from 15dB
to 12dB, the number of frames decreases from 2500 to 2000, which amount
to 20% relative reduction.

Table 7 shows the results of PLDA and SDI-PLDA under different com-
binations of SNRs and utterance durations. The results show that system
performance degrades with decreasing SNR, (from 15dB to 6dB) or utterance
duration (from 2500 frames to 1000 frames). Both tables show that there
is almost no change in performance once the SNR is larger than or equal to
12dB, which suggests that the effect of SNR variability is small when the
test utterances are not noisy.

Comparing the performance and the relative increases in EER and minDCF
between PLDA and SDI-PLDA in Table 7, we can draw the following conclu-
sions: (1) the SDI-PLDA performs better than PLDA for all combinations
of utterance length and SNR; and (2) when either one the two variabil-
ity types is fixed but the other is varied, the EER of SDI-PLDA is more
stable (smaller relative increase) but its minDCF is less stable (larger rela-
tive increase). Despite its larger relative increases in minDCF, SDI-PLDA
achieves a lower minDCF under all conditions, which provides strong evi-
dence supporting its superiority over PLDA in tackling SNR and duration
variabilities.

7. Conclusions

A new SNR- and duration-invariant PLDA model is presented. It is de-
signed to improve the robustness of speaker verification systems under both
noise-level and duration mismatches. By introducing a duration subspace to
SNR-invariant PLDA, duration information can be captured and the effect
of noise-level variability and duration variability can be simultaneously sup-
pressed. Experiments on the NIST 2012 SRE demonstrate the effectiveness
of the proposed method.
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Appendix A.

To simplify notations, we use xg and x; instead of x; and X; in Eq. 51
to represent the NFA-projected i-vectors. If x; and x; are from the same
speaker, then we have

[ij]z[ﬁ%[i‘j{}ﬁg} w; %;] (A1)

where h represents the speaker factor shared by both i-vectors, ws and wy
represent the SNR factors of the two utterances, and ys and y; represent the
duration factors of the two utterances, respectively. Eq. A.1 can be written
in a compact form:

f(st =m + Aist + ést
where the tilde denotes the stacking of vectors and

A_[VUORO
“|V o U o0 R

Assuming that the NFA-projected i-vectors follow a Gaussian distribution,
the distribution of X4 can be obtained by marginalizing over all possible
latent factors as follows:

p(Xst|same-speaker) = /p(istlist)p(ist)dist

= /N(ist|rh+Aist,i)N(istm,I)dist

= N (Xy|th, AAT + %)
(Bl E ) e
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s where 3 = diag{®, 2}, it = VVT + UUT + RRT + % and 2, = VVT.
sso0 If X5 and x; are from the utterances of two different speakers, we have

" h, T
h;
W €s

w; + |: ] (A3)
Ys
Yt

Er
D
5 B
—
- <
< o
=N
c o
o™
D o

ss1 which can be compactly written as
Xgt =M+ AZg + €.
The distribution of X4 is obtained by marginalizing over Zg:
p(Xs¢|diff-speaker) = /p(istzst)p(zst)dzst

= /N(ist]rh + AZy, )N (24]0,1)dz,
= N (Xy|m, AAT + %)

. XS- m Etot 0

(R s]) e
Combining Eq. A.2 and Eq. A.4, we have the log-likelihood ratio score:
m -Etot 2ac
m|’ _Eac Yot

m —Etot 0
m ’_ 0 Etot

SLR(X87 Xt) =In

1.+ _m[Q P]|[x
=5 (x5 x{] [P Q [Xj + const
1
= 5[;‘{SFQxS + 2%1Px; + % Q%y] + const, (A.5)
s2  Where
)_(SZXS—I’II, it:xt—m,

P= zg;%zac(ztot - Eacz;oizac)_la
Q = 2;0% - (Ztot - Eaczgizac)_l-
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