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A symmetric kernel partial least squares framework
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Abstract—I-vectors are concise representations of speaker
characteristics. Recent progress in i-vectors related research has
utilized their ability to capture speaker and channel variability
to develop efficient automatic speaker verification (ASV) systems. Inter-speaker relationships in the i-vector space are nonlinear. Accomplishing effective speaker verification requires a
good modeling of these non-linearities and can be cast as a
machine learning problem. Kernel partial least squares (KPLS)
can be used for discriminative training in the i-vector space.
However, this framework suffers from training data imbalance
and asymmetric scoring. We use “one shot similarity scoring”
(OSS) to address this. The resulting ASV system (OSS-KPLS) is
tested across several conditions of the NIST SRE 2010 extended
core data set and compared against state-of-the-art systems:
Joint Factor Analysis (JFA), Probabilistic Linear Discriminant
Analysis (PLDA), and Cosine Distance Scoring (CDS) classifiers.
Improvements are shown.
Index Terms—One-shot similarity, kernel PLS, speaker verification, speaker recognition, discriminative classifier.

I. I NTRODUCTION
Speaker verification [1] deals with the task of verifying
a speaker’s claimed identity based on a sample utterance
from the target speaker along with a number of training
utterances from several non-target speakers. Apart from carrying the speaker-specific characteristics, the speech data also
encapsulates phonemic content, channel variability, and intersession variability. In addition, it is subject to degradations due
to noise and reverberation, making the problem of speaker
verification challenging. Over the past decade, the field has
made substantial progress in addressing these issues.
State-of-the-art speaker verification systems use a Gaussian mixture model (GMM) to represent each speaker. To
account for limited training data, the problem is cast into a
framework in which differences from a universal background
model (UBM) are used to adapt speaker-specific GMMs [2].
Recently, several approaches have been tested to make the
GMM-based speaker verification robust to inter-session and
channel variabilities, including the Joint Factor Analysis (JFA)
technique [3] [4] and the i-vector framework [5]. The JFA
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learns two subspaces of maximal channel-related and speakerrelated variabilities and projects any given supervector into
these subspaces to separate channel-related and speaker-related
components. On the other hand, i-vectors encapsulate the
directions in a total variability space. The i-vectors are smaller
in dimension compared to the GMM-supervectors and thus
provide an abridged representation of the utterance.
Given the i-vector representation, the key problem is to
develop learning techniques that distinguish target and nontarget trials in the i-vector space. Generative PLDA models [6],
discriminative SVMs [7], and CDS classifiers [8] have been
studied for speaker verification using i-vectors. In this paper,
we consider extending a linear partial least squares framework
into its kernelized version to model the non-linear i-vector
space.
Discriminative frameworks in speaker verification fall under
two categories. The first class of approaches models each
speaker independently against a set of background speakers
[7]. While such an independent modeling is preferred in
many practical ASV systems, there is usually an imbalance
in the number of positive and negative examples available
for training. Also, the scoring is generally asymmetric unlike
most of generative approaches (e.g. JFA, PLDA, and others).
Alternative methods attempt to learn a pair-wise similarities
between a training utterance and a test utterance e.g. [8] [9].
While such an approach does not allow for explicit independent speaker modeling, it does not suffer from data imbalance
and asymmetric scoring due to pair-wise considerations. In this
paper, we combine both these approaches into a single hybrid
framework by developing a KPLS-based discriminative “oneshot-similarity” framework.
The one-shot-similarity framework has been previously proposed in the context of face verification. Given two (feature)
vectors, the one-shot-similarity reflects the likelihood that each
vector belongs to the same class as the other vector and not in
the class defined by a set of negative examples. The potential
of this approach has been explored widely in computer vision
[10] [11], and this paper applies it to speaker verification.
The paper is organized as follows. In Section II, GMMUBM and the associated JFA frameworks are introduced and
extended to the total variability framework with i-vectors. The
partial least squares framework is introduced and kernelized
to address the speaker verification problem with i-vectors in
Section III. The one-shot similarity scoring is detailed in
Section IV. Section V discusses the results obtained on NIST
SRE 2010 data and includes comparisons against several stateof-the-art systems.
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II. G AUSSIAN M IXTURES , J OINT FACTOR A NALYSIS , AND
I-V ECTORS
Given a speech utterance, the GMM-UBM framework models the speaker with a mixture of N Gaussians in the d
dimensional feature space. The speaker is recognized based on
the likelihood ratio between the hypothesized speaker model
and an imposter model. The imposter model is built by pooling
speech from several speakers and training a single model,
which is known as the Universal Background Model or UBM
and denotes an “average” speaker. The UBM is also used to
obtain individual speaker models via MAP adaptation [2]. It
is a common practice to concatenate the centers of the MAPadapted GMMs into a single N × d dimensional supervector
and to learn discriminative speaker models in this space [12].
While the MAP adaptation and supervectors work well
for speaker verification, it fails in the presence of smaller
training utterances where the data sparsity prevents some
components of the UBM from being adapted. Further, it does
not address any nuisance compensations in the supervector
space. Joint Factor Analysis (JFA) [13] attempts to address this
by correlating the various Gaussian components of the UBM.
The key assumption in JFA is that the intrinsic dimension of
the adapted supervector is much smaller than N × d. JFA
breaks down the speaker- and channel-dependent supervector
M into two components:
M = s + c,

(1)

where s is the speaker-dependent part and c is the channeldependent part given by

where m is a speaker- and channel-independent supervector
(usually the UBM supervector), T is a matrix of dimensions
N d × 400 representing the basis of the total variability
space, and w is a normal-distributed vector representing the
coordinates of the speaker in that space. The vector w is
called the i-vector, short for “intermediate vectors” due to
their intermediate representation between the acoustic and
supervector representation or the “identity vectors” for their
compact representation of a speaker’s identity. The set {m, T }
represents the hyper-parameters of the total-variability framework. Typically, the number of dimensions of w is three orders
of magnitude smaller than that of the supervectors (e.g. 400
vs 105 ). The i-vectors thus provide a concise representation of
the high-dimensional supervectors.
A. Hyper-parameter training
A key difference between the training of total variability
matrix T and the Eigen-voices V is that for V all utterances
from a specific speaker are considered to belong to the same
person, whereas T -training assumes each utterance to be
independent regardless of the speaker identity. Otherwise, both
training procedures use a similar EM-approach [4]. The Eigenchannel matrix U is estimated after estimating the Eigenvoices V , and the details are available in [14]. Both JFA
and i-vectors are adept at modeling the intrinsic variabilities;
however, i-vectors are increasingly being preferred due to their
superior performance and compact representation.
B. Intersession compensation in i-vector space

s = m + V y + Dz,
c = U x,

(2)

where {m, U, V, D} are the hyper-parameters of the JFA
model, which are estimated via Expectation Maximization
(EM). The rationale behind this equation is that aside from
the offset m (UBM), the mean supervector is the superposition of three fundamental components with rather distinctive
meaning. The component that lives in U is used to denote
undesired variabilities in the observed vectors (e.g. channelrelated variability). The component living in V is used to
denote the speaker-related variability. U and V are termed
the Eigen-channel and Eigen-voices respectively and typically
have N d × 400 dimensions. D provides a mechanism to
capture the residual variability not captured by U and V . Thus,
the key idea in the JFA technique is to find two subspaces
(V and U ) that best capture the speaker and the channel
variabilities in the feature space. The term joint factor analysis
comes from the fact the three latent variables x, y and z are
jointly estimated (unlike traditional factor analysis where an
independent estimation is adopted).
Dehak et al. [5] observed that the channel subspace still contains information about the speaker and vice-versa. Therefore,
a combined subspace was proposed to capture both variabilities called the total variability space. In this formulation, the
speaker- and channel-dependent supervector s is modeled as,
s = m + T w,

(3)

Unlike JFA, the i-vector representation does not include explicit compensation for the intersession variabilities. However,
standard intersession compensations have been proposed in the
i-vector space [15]. The most successful method is a Linear
Discriminant Analysis (LDA) projection followed by Within
Class Covariance Normalization (WCCN).
Linear discriminant analysis (LDA) attempts to find orthogonal directions that simultaneously maximize the inter-speaker
discrimination and minimize the intra-speaker variability. This
is analogous to learning a subspace that removes nuisance
directions from i-vectors. The idea behind WCCN is to scale
the total variability space by a factor that is inversely proportional to an estimate of the within-class covariance. This
deemphasizes the directions of high intra-speaker variability.
A LDA-based subspace is first learned on the i-vectors, and
training and testing i-vectors are projected into this space.
Let L denote the LDA projection matrix. Then, a withinclass covariance normalization matrix W is learned on LDAprojected space. A compensated i-vector for a raw i-vector w
is given by
ŵ = W −0.5 (Lw).
(4)
A detailed description of the nuisance compensation in the
i-vector space is available in [15]. Given the compensated ivectors, the key challenge in speaker verification is the design
of appropriate learning techniques that can classify speakers
in the i-vector space.
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III. PARTIAL LEAST SQUARES (PLS)
Partial least squares (PLS) is a subspace-based learning
technique that has been used for dimensionality reduction as
well as a regression. It was first developed by Herman Wold
in the 1960s and 1970s to address problems in econometric
path modeling [16] and was subsequently adapted in the 1980s
to problems in chemometric and spectrometric modeling [17]
[18]. In the late 1980s it attracted the attention of statisticians
[19] due to its ability to handle learning where the data has a
very low rank or a lot of redundancy, leading to the existence
of a low-dimensional subspace. PLS exploits this subspace
to effectively learn the target patterns. Recently, PLS has
been successfully applied to problems in computer vision [20]
[21] and also for speaker verification in the supervector space
[22]. We shall describe PLS and its kernelization briefly here;
readers are referred to [23] and [24] for rigorous discussion
and further details.
Denote a d-dimensional set of independent variables (predictors) as x and the corresponding response variable by y.
In the context of speaker verification, x could represent any
feature representation (like a supervector or an i-vector) and
y is the corresponding speaker identity (output variable that
has to be learned). In all of our analysis and experiments,
x represents the i-vector extracted from a speech utterance.
Assume that the total number of speakers is N and denote the
N × d matrix of i-vectors by X and the N × 1 vector of labels
(1 for speaker and −1 for imposter) by Y . Given the variable
pairs {xi , yi }, i = 1, . . . , N (x ∈ Rd , y ∈ R), PLS models
the relationship between x and y using projection into latent
spaces. PLS decomposes X and Y as
X = T P T + E,

(5)

Y = U QT + F,

(6)

where T and U (N × p, p < d) are the latent vectors,
P (d × p) and Q (1 × p) are the loading vectors, and
E (N × d) and F (N × 1) are residual matrices. PLS is
usually solved via the nonlinear iterative partial least squares
(NIPALS) algorithm [23] that constructs a set of weight vectors
W = {w1 , w2 , . . . , wp } such that
[cov(ti , ui )]2 = max [cov(Xwi , Y )]2 ,
|wi |=1

(7)

th

where ti and ui are the i columns of T and U respectively
and cov(ti , ui ) = tTi ui /n indicates the sample covariance
between latent vectors ti and ui . In other words, the NIPALS
algorithm learns weight wi that maximizes the covariance of
the corresponding latent vectors. After extraction of latent
vectors ti and ui , the matrices X and Y are deflated by
subtracting their rank-1 approximation based on ti and ui :
X

←

Y

←

X − ti pTi ;
Y − ui qiT .

(8)

This step removes any information captured by ti and ui from
X and Y .
It has been shown [23] that the NIPALS algorithm is
equivalent to iteratively finding the dominant Eigenvectors of
the problem
[X T yy T X]wi = λwi .
(9)

The complete algorithm is described in Alg. 1.
Algorithm 1 Nonlinear Iterative PArtial Least Squares (NIPALS) algorithm
Given: N ×d feature samples X and N ×1 response variable
Y
repeat
Assign u = Y
repeat
T
u
w= X
uT u
kwk → 1
t = Xw
T
c = YtT tt
kck → 1
u=Yc
until convergence of t
p = XT t
Deflate X : X ← X − tpT
Deflate Y : Y ← Y − tcT
until Required number of factors are obtained

A. PLS Regression
The weight matrix W can be used for dimensionality
reduction, and the resulting projection can be used with
any standard regression/classifier to learn the speaker model.
Alternately PLS can directly be used in a regression framework
that implicitly utilizes the PLS weights W obtained from the
NIPALS algorithm. This is described here.
Substituting the w from Equation (7) in Equation (5), we
get
XW
⇒T

= TPTW + E
= XW (P T W )−1 + Ē,

(10)

where, Ē is the modified residue. Now, U can be written in
terms of T [23] as
U = T D + H,

(11)

where the matrix D is diagonal (this is because estimation
of {ti , ui } is independent from the estimation of {tj , uj } for
i 6= j) and H is the residue. Equation (6) now becomes
Y

=
=

T DQT + HQT + F
T

XW (P W )

−1

T

DQ + F̄ ,

(12)
(13)

and we get the PLS regression:
Y

= XB + G;

B

= W (P T W )−1 DQT ,

(14)

where B is the set of PLS regression coefficients.
Once PLS training is done, a single testing i-vector xt can
be plugged into the regression equation to generate regression
score spls :
spls = xt X T B̃,

B̃ = U (T T XX T U )−1 DQT .

(15)

In deriving this equation, we used the relationships P = X T T
and W = X T U [23]. The matrix B̃ relates to matrix B as
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Using the “kernel” trick [25], Φ(X)Φ(X)T can be defined as
a kernel matrix K leading to the final Eigenproblem
[Kyy T ]t = γt.

(19)

A key advantage of this kernelization is that (similarly to
SVM) an explicit definition of the mapping function Φ is not
required, and it suffices to define a kernel function between
pairs of feature vectors. After extraction of latent vectors ti
and ui , the kernel matrix K is deflated (similar to the Equation
8 for linear PLS) by removing any information captured by ti
and ui from K:
K ← (In − ttT )K(In − ttT ).

Fig. 1. PLS projects the input data into common subspace so that the speaker
and the imposter latent vectors are well-separated.

(20)

The entire process is repeated till a sufficient number (determined via standard cross-validation) of latent vectors is
obtained. More detailed description of KPLS is available in
[24].
After KPLS training is performed, the KPLS score skpls is
computed as
B̃ = U (T T Φ(X)Φ(X)T U )−1 DQT .
(21)
The corresponding derivations are omitted as they duplicate
the same for linear PLS. In kernelized form, the equations
become

skpls = Φ(xt )Φ(X)T B̃,
B = X T B̃; stripping of X T from the front of B was done
for a reason that will become clear in the next subsection.
As described before, the PLS procedure maximizes the
covariance in the latent vector space. This is equivalent to
maximizing discrimination in the same space. In other words,
for a particular speaker KPLS learns a subspace in which the
speaker latent vectors tS and well-separated from the imposter
latent vectors tI as illustrated in Figure 1. Note that the
regression matrix B (i.e., the learned latent subspace) is unique
for each speaker and in fact constitute the speaker model if
an explicit notion of speaker model is desired.
The PLS regression is linear by nature and has been used
to model the speakers in the supervector space [22]; however,
a direct extension to i-vectors does not suffice to model the
non-linear i-vector space. We therefore consider kernelization
of the PLS regression [24] to model the non-linear i-vector
space.
B. PLS Kernelization
Kernel PLS considers the mapping of the features X to a
¯
higher dimensional space given by Φ : Rd ⇒ Rd and learns a
PLS subspace for {Φ(X), Y }. Assume momentarily that such
a Φ is defined and known. The covariance that is maximized
in linear PLS is modified for the kernel PLS as
[cov(ti , ui )]2 = max [cov(Φ(X)wi , Y )]2 ,
|wi |=1

(16)

where ti and ui are similar to those in Equation 7. The
Eigenvalue problem of the linear PLS becomes
[Φ(X)T yy T Φ(X)]wi = λw.

(17)

The Φ(X)-scores ti are then obtained as ti = Φ(X)wi .
Rosipal et al. [24] modify this Eigenproblem as
[Φ(X)Φ(X)T yy T ]t = γt.

(18)

skpls = Kt B̃,

B̃ = U (T T KU )−1 DQT ,

(22)

where Kt = Φ(xt )Φ(X)T is the kernel between the testing
vector and all training vectors and K = Φ(X)Φ(X)T is the
pairwise kernel between all training vectors. Note that (as
desired) the explicit computation of Φ(X) is never required.
IV. O NE - SHOT SIMILARITY SCORING
One-shot similarity (OSS) draws its motivation from the
class of one-shot learning techniques that learn from one or
few training examples [10]. It has been explored in the contexts
of insect species identification [10] and face verification [11].
OSS compares two vectors by building two models (one for
each of them) against a common background data set A. Given
A, OSS first computes a model using vector x as a single
positive examples and all vectors in A as negative examples
and then uses the model to score y. Intuitively, this score would
give the likelihood of y belonging to the same class as x. A
similar score for x based on a model built with y as a positive
example and the same negative example set is generated. The
OSS score is then obtained by averaging these two scores.
These steps are illustrated in Figure 2.
In the context of the current work, the background data set
A is the set of i-vectors from background speakers, x is the
target speaker’s training i-vector, y is the test i-vector, and
KPLS is used to build these “one-against-all” models.
In our experiments, we use gender-dependent sets A. For
each target speaker, the corresponding i-vector is assigned a
label of +1; samples in set A are assigned a label of −1; the
KPLS model is trained; and the speaker-specific regression
coefficients B̃ are learned according to Equation (22). This
is repeated for both train and test i-vectors. KPLS output
scores in each case are Z-normalized [1]. The scores are then

5

EER for KPLS
8
Cosine
Gaussian

7
6
5
4
3
2
1
0

1

2

3

4

5

6

7

8

9

Conditions

Fig. 2.

[color] One Shot Similarity scoring.
Fig. 4. [color] Performance of KPLS on the SRE 2010 extended core dataset
based on the Gaussian and the Cosine kernels.

A schematic view of the speaker verification system implemented.

combined into a one-shot similarity score. These steps are
summarized in Figure 3.
V. E XPERIMENTS
We performed experimental evaluation of the proposed
method on the extended core set of the NIST SRE 2010
evaluation data set, which is grouped into 9 trial conditions1 .
Our development data consisted of NIST SRE 2004, 2005,
2006, and 2008 data; Switchboard data set, phases 2 and 3;
Switchboard-Cellular data set, parts 1 and 2; and Fisher data
set (total of 17319 male and 22256 female utterances). A
gender-dependent 2048-center UBM with diagonal covariance
was trained using the standard 57 MFCC features (extracted
from the voice frames identified using the energy-based VAD
in [26]), and the gender-dependent total variability matrix T
of dimension 400 was also learned.

A. Parameters of OSS-KPLS
Two main parameters of the OSS-KPLS system are the
kernel function and the background data set size.
1) Choice of kernel: There are several kernels used with
kernel methods. We explored two of them – Gaussian kernel
and cosine kernel – after fixing the size of A to 6000.


kŵ1 − ŵ2 k2
kGaussian (ŵ1 , ŵ2 ) = exp
,
(23)
2

ŵ1T ŵ2

.
(24)
kCosine (ŵ1 , ŵ2 ) =
ŵ1T ŵ1 ŵ2T ŵ2
The performance of KPLS on the SRE 2010 extended-core
dataset based on these two kernels is shown in Figure 4. The
results are comparable, though the cosine kernel is marginally
better. Hence, it was used in all subsequent experiments.
1 http://www.itl.nist.gov/iad/mig/tests/sre/2010/

2) Background data set size: The common negative example data set determines the distribution of the negative examples. The samples in this set should be chosen to maximize
the number of distinct speakers recorded on various channels,
which would provide most information for the discriminative
framework. The effect of background set size is shown in
Figure 5 in terms of EER for condition 2 (interview speech
from different microphone for training and testing) in SRE
2010 extended-core task.
Condition 5 in SRE 2010
4.2
EER

Fig. 3.

4.1
4
3.9
2000

4000
6000
8000
Number of negative examples

10000

Fig. 5. Effect of the negative examples A set size on the performance: EER
for condition 2 in the SRE 2010 extended core task with OSS-KPLS.

The drop in EER when the negative example set size is
increased from 1000 to 5000 is considerable (4.2 → 4.0).
However, the same drop when the size is increased further
to 10000 is not equally significant (4.0 → 3.95) considering
the increased computational cost associated with the increase.
Therefore, the number of negative examples was set to 6000
in our experiments.

B. Systems compared
The proposed OSS-KPLS-based speaker verification was
compared against several state-of-the-art systems, specifically
JFA [3] [4], PLDA [6], and CDS [27]. We discussed JFA in
Sec. II; we describe the other systems briefly here.
1) Joint Factor Analysis: In our experiments, we use the
JFA as described in [14]. The U and V matrices are learned
with 300 and 100 dimensions respectively.The final JFA scores
are ZT-normalized [1].
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2) Probabilistic Linear Discriminant Analysis: PLDA facilitates the comparison of i-vectors in a verification trial. A special two-covariance PLDA model is generally used for speaker
verification in the i-vector space. The speaker variability and
session variability are modeled using across-class and withinclass covariance matrices (Σac and Σwc respectively) in the
PLDA setup. A latent vector y representing the speakers is
assumed to be normally distributed N (y; µ, Σac ), and for a
given speaker represented by this latent vector, the i-vector
distribution is assumed to be p(w|y) = N (w; y, Σwc ).
JFA
PLDA
CDS
KPLS
OSS−KPLS
OSS−KPLS+PLDA
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Fig. 6. [color] Performance of JFA, PLDA, CDS, KPLS, and OSS-KPLS
classifiers on the NIST SRE 2010 extended core data set: EER and DCF
metrics.

Given two i-vectors w1 and w2 , PLDA defines two hypotheses Hs and Hd indicating that they belong to the same speaker
or to different speakers respectively. The score is then defined
p(w1 ,w2 |Hs )
as log p(w
. Marginalization of the two distributions
1 ,w2 |Hd )
with respect to the latent vectors leads to


scorePLDA

 
 
w1
µ
Σtot Σac
N
;
,
w2
µ
Σac Σtot

 
 
= log
w1
µ
Σtot 0
N
;
,
w2
µ
0Σtot




In our experiments, we used PLDA from [28] and found
that using a Σac of rank 200 along with a full-rank (rank
400) matrix Σwc produced the best results. The scores were
S-normalized only for those conditions that involve telephone
speech (all except C1, C2 and C4, where S-norm was found to
be detrimental for both EER and DCF). The S-norm is defined
in [6] and can be interpreted loosely as a symmetric version
of Z-norm [1].
3) Cosine Distance Scoring: The CDS classifier has been
used by Dehak et al. [5] and Senoussaoui et al. [8]. Improved
performance has been reported over the corresponding SVMbased approach. The CDS classifier defines the score for the
trial as a cosine similarity function between two i-vectors
after compensating for intersession variabilities via LDA and
WCCN projections. If w1 and w2 are the compensated i-

vectors, the CDS score is given by
(w1 )T (w2 )
p
scoreCDS = p
.
(w1 )T (w1 ) (w2 )T (w2 )

(25)

In our experiments, the CDS scores were Z-normalized [1].
C. Results
We compared the performance of the OSS-KPLS based
speaker verification against the JFA, PLDA, CDS, and KPLS
systems. The corresponding equal error rate (EER) and the
detection cost function (DCF) for each condition are tabulated
in Table 1 and are shown graphically in Figure 6. DCF here
is a “new-DCF” version as defined in NIST SRE 2010 “core”
test. The corresponding DET curves are plotted in Figure 7.
Table 1 also shows the “average” EER and DCF, which are
obtained by averaging them across conditions weighted by the
total number of trials in each condition. For reference, the
breakdown of trials per condition is listed in Table 2. Because
of a large number of trials in condition 2, the average EER
and DCF are heavily dominated by this condition.
Both JFA and PLDA belong to the class of generative methods for speaker verification. Between them, the PLDA shows
consistently better performance. In contrast, CDS, KPLS, and
OSS-KPLS belong to the class of discriminative methods, and
OSS-KPLS outperforms CDS in most of the conditions (in
terms of EER). The problem of speaker verification typically
suffers from class imbalance due to the fact that only a few
utterances per target speaker are available for training. In
such scenario, generative models generally perform better than
discriminative ones, which is indeed the case as can be seen
from the table. However, OSS-KPLS is the best system among
all tested in terms of average DCF (with CDS being a very
close second) and is the second best in terms of average EER.
Given the complementary nature of generative and discriminative representations, we explored the possibility of score
fusion to leverage the combined power of generative and
discriminative models. We chose to fuse PLDA with OSSKPLS, as these are best representatives of each class. We have
learned the linear fusion weights on a small development data
set having EER as the objective function. Then, the fused score
on the same SRE 2010 extended-code data set was computed
by simple weighted averaging of PLDA and OSS-KPLS output
scores (a more sophisticated fusion strategy is a subject of
further research). The results are included in Table 1 (under
the title of “FUSION”) and in Figure 6; the EER obtained
with the fusion approach is the best for all conditions.
For further analysis, Table 2 shows the relative EER improvement obtained through OSS-KPLS+PLDA fusion using
PLDA system as the baseline. The improvement ranges from
none in condition 5 to 25.8% in condition 9; however, this
particular number is not indicative of the performance as the
number of trials in condition 9 is very small.
Generally conditions 2 and 5 are considered most important
for evaluation of the ASV system performance. Condition 2
is a generic microphone-recorded (interview) speech in testing
and training; condition 5 is a generic telephone speech in testing and training. The presented results clearly demonstrate that
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[color] Performance of JFA, PLDA, CDS, KPLS, and OSS-KPLS classifiers on the NIST SRE 2010 extended-core data set: DET metric.

C1
C2
C3
C4
C5
C6
C7
C8
C9
AVG

EER
2.67
4.34
4.06
3.65
3.55
7.04
8.16
3.11
2.13
4.11

JFA
DCF
0.533
0.624
0.553
0.635
0.517
0.863
0.958
0.495
0.428
0.611

PLDA
EER
DCF
1.77
0.356
3.09
0.592
3.00
0.563
2.85
0.503
2.59
0.487
5.43
0.787
8.06
0.864
2.51
0.518
2.17
0.390
3.04
0.553

EER
2.27
4.06
3.71
3.48
4.18
6.36
8.46
2.99
1.96
3.87

CDS
DCF
0.327
0.554
0.581
0.471
0.565
0.819
0.763
0.516
0.325
0.536

KPLS
EER
DCF
1.77
0.330
3.48
0.573
5.36
0.620
2.61
0.465
4.05
0.612
6.36
0.855
7.62
0.853
2.87
0.548
2.17
0.335
3.60
0.557

OSS-KPLS
EER
DCF
1.65 0.307
3.57
0.549
4.84
0.589
2.85
0.450
3.84
0.553
6.19
0.839
7.34
0.825
2.73
0.528
1.82
0.326
3.56
0.532

FUSION
EER
DCF
1.58
0.346
2.76
0.592
2.97
0.557
2.48
0.503
2.59
0.487
5.39
0.788
7.16
0.857
2.40
0.514
1.61
0.364
2.80
0.551

TABLE I
E QUAL ERROR RATE (EER) AND DETECTION COST FUNCTION (DCF) VALUES OBTAINED USING JFA, PLDA, CDS, KPLS, OSS-KPLS, AND FUSION
(OSS-KPLS+PLDA) CLASSIFIERS ON THE NIST SRE 2010 EXTENDED - CORE DATA SET.

the inclusion of OSS-KPLS scores in fusion substantially (by
10.7%) increases the performance in condition 2. On the other
hand, no improvement is seen on condition 5. This is likely
due to substantially narrower telephone speech bandwidth, for
which little additional information is available beyond that
already used by PLDA. Overall, the average EER improvement
across all conditions is 8.4% (this number is computed in
the same manner as average EER and average DCF in Table
1), which suggests that generative and discriminative models
indeed capture complementary speaker characteristics.
Note that we have used diagonal covariance GMMs for our
experiments. Use of full-covariance GMMs have been shown
to improve the distinction capabilities of the supervectors and
i-vectors [29]. Use of this will push the performance of all the
systems used here.

D. Effect of Noise
In order to test the noise sensitivity of the OSS-KPLS
system, babble noise of various levels were added to all test
utterances and the performances of the individual systems
were evaluated. The results for Condition 2 of the SRE 2010
extended-core is shown in Figure 8. It can be seen that the
additive noise deteriorates the performance of all the systems
approximately evenly and the results described above hold also
in noisy condition; that is, OSS-KPLS is still the best system
in terms of DCF and is the second best in terms of EER.
VI. C ONCLUSIONS
In this paper, we have used kernel PLS technique to produce a symmetric one-shot similarity framework for speaker
verification. The developed framework was compared against
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C1
C2
C3
C4
C5
C6
C7
C8
C9
AVG

Target
Trials
4304
15084
3989
3637
7169
4137
359
3821
290
—

Non-Target
Trials
795995
2789534
637850
756775
408950
461438
82551
404848
70500
—

Total Trials
800299
2804618
641839
760412
416119
465575
82910
408669
70790
—

Relative EER
Improvement
10.7%
10.7%
1.0%
13.0%
0.0%
0.7%
11.2%
4.4%
25.8%
8.4%

TABLE II
T HE BREAKDOWN OF TRIALS IN NIST SRE 2010 EXTENDED - CORE DATA
SET AND THE RELATIVE EER IMPROVEMENT OBTAINED PER CONDITION .
T HE EER IMPROVEMENT SHOWN CORRESPONDS TO USE OF
OSS-KPLS+PLDA (“FUSION”) SYSTEM VERSUS PLAIN PLDA SYSTEM .
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Fig. 8. [color] Sensitivity of JFA, PLDA, CDS, KPLS, and OSS-KPLS to
additive babble noise on the Condition 2 of SRE 2010 extended core dataset.

several state-of-the-art systems on the NIST SRE 2010 data
set. The OSS-KPLS was the best discriminative technique
among those tested, and its combination with the best generative technique (PLDA) via score fusion results in 8.4%
performance improvement (relative) in terms of EER, which
shows the potential of using complementary information provided by generative and discriminative systems. Performance
indications on noisy data are consistent with the same in clean
case. Further research is planned on improving fusion strategy
to target metrics other than EER and on using larger data
sets to increase accuracy of comparisons of different ASV
methods.
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