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Abstract
In this paper text-independent automatic speaker verification
based on support vector machines is considered. A general-
ized linear kernel training method based on kernel alignment
maximization is proposed. First, kernel matrix decomposition
into a sum of maximally aligned directions in the input space is
performed and this decomposition is spectrally optimized. The
method was evaluated for high-level speaker features: prosodic,
articulatory and lexical. The experiments were undertaken em-
ploying Switchboard corpus. The proposed algorithm gave
equal error rate (EER) reduction up to 23%.

Index Terms: speaker recognition, kernel methods, higher level
features

1. Introduction
Support vector machines (SVM) turned out to be successful
classifiers for text-independent speaker verification based on
high-level features [1]. In this task there are two main disjoint
sets of speakers: background speakers and speakers for whose
models are trained and tested. Each speaker model is trained
using data obtained from recordings with his voice and data of
all background speakers. In standard SVM setting, the labels
of background models sides are not used, and SVM training
has rather local character - global data characteristics are not
taken into account [2]. This information can be employed into
the system by choosing appropriate kernel function. In this pa-
per a training of generalized linear kernel [3] for speaker ver-
ification task is considered. In literature there are methods for
training such kernel like within-class covariance normalization
(WCCN) [4] or nuisance attribute projection (NAP) [5], SVM-
FA [6]. In this paper new generalized kernel training algorithm
is proposed. It is based on kernel alignment optimization - a the-
oretically grounded measure of kernel matrices similarity pro-
posed by Cristianini et al. [7]. The kernel alignment maximiza-
tion method was tested on Switchboard corpus, for high-level
speaker features: prosodic, phonetic and lexical. Some equal
error rate (EER) reduction (up to 23%) was observed.

The paper is organized as follows: in Section 2 SVM clas-
sifiers are recalled. Next, the kernel alignment, spectrum opti-
mization and the proposed linear kernel alignment maximiza-
tion method are described in Section 3. In Section 4 experimen-
tal method and results are provided. This is followed conclu-
sions in Section 5.

2. Support vector machines
Support vector machines [8] are two-class hyperplane based
classifiers operating in feature space that can be related non-
linearly to the input data space via mapping φ. The mapping is

performed implicitly, by specifying the inner product for each
pair of points K(xi,xj) =< φ(xi)φ(xj) > rather than giving
coordinates in feature space. The information that is needed to
train SVM is kernel n × n matrix K which contains all pair-
wise evaluations of kernel function K() for available data. The
decision boundary can be written:

f(x) =
∑
i

αiyiK(xi,x) + b (1)

where αi are decision boundary coefficients and b is bias term.
The α coefficients are determined during optimization where
objective function is:

W =
∑
i

αi − 1

2

∑
i

∑
j

αiαjyiyjK(xixj) (2)

where yi is label of i’th example.
In this paper generalized linear kernels are considered. The

kernel matrix for can be written:

K = XTRX (3)

where X is a matrix that contains data points in columns while
R is a positive semidefinite matrix.

3. Generalized linear kernel alignment
maximization

3.1. Kernel alignment

In work [7] was shown that a good measure of similarity of two
kernel matrices K1 and K2 is kernel alignment:

A(K1,K2) =
< K1,K2 >√

< K1,K1 >< K2,K2 >
(4)

where:

< K1,K2 >= trace(KT
1 K2) =

n∑
i=1

n∑
j=1

K1(xi,xj)K2(xi,xj)

(5)
Kernel alignment can be interpreted as cosine of angle between
compared matrices. If one of the matrices D is chosen as:

Dij =

{
1 where yi = yj

−1 where yi �= yj
(6)

it can be used to optimize kernel parameters. Vert [9] pointed
that in multi-class tasks such target D is not a good choice. He
propose to use the following matrix D:

Di,j =

{
1 if yi = yj

−1/(Q− 1) otherwise
(7)

where Q is the number of classes.
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3.2. Kernel spectrum optimization

Cristianini [7] proposed an algorithm for kernel matrix spec-
trum optimization. First, the kernel is represented as a sum
of rank-one kernel matrices where λi is i’th eigenvalue and vi

eigenvector:

K =
∑
i

λiviv
T
i (8)

The eigenvalues λi can be replaced by coefficients γi and opti-
mized to maximize alignment between matrix K and D

K(opt) =
∑
i

γiviv
T
i (9)

This alignment can be written:

A =
< K,D >

m
√∑

ij γiγj < vivT
i ,vjvT

j >
(10)

where
m =

√
< D,D > (11)

It was shown in [7] that optimal

γi ∝ vTi Dvi (12)

Thus, these optimal coefficients can be set to:

γ(opt)
i =< D, viv

T
i > (13)

.

3.3. Maximally aligned direction in the input space

For a rank-one kernel matrix K = vvT kernel alignment to the
target matrix is:

A(vvT ,D) =
vTDv

(vTv)
√

(< D,D >)
(14)

We can write < D,D > as m:

A(vvT ,D) =
1

m

vTDv

(vTv)
(15)

In order to maximize alignment with respect to v that belongs
to the columns space of XT the following problem should be
solved:

argmaxu

uTXDXTu

uTXXTu
(16)

For u such that v = XTu. It is generalized eigenvalue prob-
lem. It can be solved by the first eigenvector of:

(cI+XXT )−1(XDXT ) (17)

The cI expression and small values to the diagonal elements
to make matrix full rank. The optimal u is maximaly aligned
direction in the input space.

3.4. Algorithm

We propose an iterative algorithm which finds kernel matrix:

K =
∑
i

βiviv
T
i (18)

where vectors vi are orthonormal. They are iteratively deter-
mined to maximize kernel alignment between matrix K and the

desired matrix D as in Subsection 3.3. The βi values are deter-
mined using (13). The elements of the matrix D that correspond
to data with unknown labels are set to zero. The optimal beta
coefficients are calculated from formula (13).

The algorithm is performed in the following steps:

1. Assignment of starting values to matrices: P = I,K =
0,V = [].

2. M = PDP projects matrix D using projection matrix
P. This makes optimized vector v orthogonal these de-
termined in earlier iterations.

3. Find maximal alignment direction in the column space
of data matrix X:

u = argmax
u

uTXMXTu

u(cI+XXT )u
(19)

It is first eigenvector of the matrix:

(cI+XXT )−1(XMXT ) (20)

4. Compute v:
v = XTu (21)

5. Normalization v = v
||v|| .

6. Adding to kernel the matrix K matrix vvT multiplied
by optimal factor: K = K+ vTDv · vvT .

7. Adding new column to V matrix: V = [Vv].

8. Updating projection matrix: P = I−VVT .

9. If a number of current iteration is lower than number of
rows of matrix X go to step 2.

3.5. Kernel matrix analysis

Before speaker verification experiments using SVM, kernel ma-
trix analysis was performed.

In Figure 1 distributions of subset of kernel matrix elements
values are presented. The subset contains elements below di-
agonal. The elements that correspond to background speakers
were rejected. This kernel matrix was obtained for prosodic bi-
gram features (see Section 4 for more details).

In Figure 2 distributions are obtained from the kernel op-
timized by the proposed algorithm. The EER decreased from
28.93% to 20.74%.

3.6. High dimensional data issue

In case of high dimensional data over-training can occur. In
order to prevent this, dimensionality reduction can be applied.
Vectors that contain high-level features are sparse and high part
of energy is contained in a few first eigenvalues.

3.7. Incorporating aligned kernel information to speaker
verification task

Maximally aligned directions in the input space are the most
discriminative directions determined for background speakers.
It turned out that it also increases kernel alignment for speakers
from the disjoint set that is used for training and testing models.
In speaker verification task data from all background speakers
are used as data for one class and trained speaker’s data for sec-
ond class. Decision boundary between these two data sets is
optimized. However, preliminary experiments showed that in-
creased kernel alignment for background data leads to increase
of verification error. In experiments reported in this paper we
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Figure 1: Distributions of kernel matrix elements values. Left
distribution corresponds to pairs of vectors related to different
speakers while right distribution to the pairs related to the same
speaker
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Figure 2: Distributions of optimized kernel matrix elements val-
ues. Left distribution corresponds to pairs of vectors related to
different speakers while right distribution to the pairs related to
the same speaker

combined kernel matrix obtained for linear kernel XTX with
the optimized kernel K in which entries for background speaker
were set to zero:

K = (1− λ)XTX+ λZKZ (22)

where Z = diag(z) and z is a vector in which elements corre-
sponding to background sides are set to 0 while others to 1.

4. Experiments
4.1. Task and data

The evaluation of speaker recognition algorithms was per-
formed according to NIST 2001 speaker recognition evalua-
tion plan [10]. As higher level speaker features need relatively
high amount of data, we used extended data task. In this task
Switchboard-I corpus is used.

The corpus contains telephone quality spontaneous English
language dialogues. There are utterances of over 500 speakers

of both sexes. Switchboard was collected without human inter-
vention under computer system control which established con-
nections. The task of speakers was to converse about specific
topic.

There are 2430 conversations in the corpus. Each conver-
sation has duration about 5 minutes. Finally there is about 2.5
minutes of speech per conversation per speaker (side).

In the extended data evaluation task because of jackknifing
procedure 6 data splits are specified. In the reported experi-
ments, only first data split was used. The experiments were
performed for the task in which each model was trained using 4
sides.

4.2. High-level features extraction

4.2.1. Prosodic features

The prosodic features were extracted similarly to these pre-
sented in [11]. First F0 and intensity contours were extracted
using PRAAT software [12]. Next line segments were opti-
mized to approximate F0. This step was followed by fitting lines
using linear regression to intensity contours in segments deter-
mined during fitting lines to F0. For each segment f0 line slope,
duration and intensity slope were obtained. Next step was quan-
tization of these numbers. It was done according to cumulative
distribution function of these parameters. At the end of the pro-
cess the sequence of discrete values were obtained. These are
further used to characterize speaker. In order to represent each
conversation side in vector space, bag of n-grams representation
was calculated. Finally each vector was normalized according
to 2-norm.

4.2.2. Articulatory features

Speaker verification can be also performed using articulatory
features [13]. Articulatory features were extracted using neural
networks trained on 2000 hours of telephone speech [14]. Two
categories of articulatory features: place of articulation and ar-
ticulatory degree neural network activations were extracted us-
ing models and software provided by the authors of [14]. These
activation values were transformed to the sequence of symbols.
Each symbol value was set to number of neural network output
with the highest activation. Thus, two sequences were obtained.
Sequence corresponding articulation degree had six symbols
while that corresponding to had 10 symbols. These to sequences
were combined and finally sequence with symbols from alpha-
bet of power 60 was obtained. From these sequences of symbols
bag of n-grams vectors were calculated. Then vectors were nor-
malized according to 2-norm.

4.2.3. Lexical features

In order to express lexical aspects of speaker, manually made
transcriptions of Switchboard-I corpus were used. These tran-
scriptions were done by Institute for Signal and Information
Processing Mississippi State University. From background
speakers’ transcriptions dictionaries were constructed for word
unigrams and word bigrams. For this purpose CMU Statistical
Language Modeling Toolbox was used [15]. Only n-grams that
occurred no less than 100 times were taken into account. Than
for each side number of occurrences of each word in dictionary
was counted. These number of occurrences were used to con-
struct n-gram vectors for each side. At the end vectors were
normalized according to 2-norm.
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4.3. Results

Equal error rates obtained in experiments with prosodic bigrams
are shown in Table 1. The best error reduction was obtained
for λ = 0.3. In this case error reduction was equal to 13%.
The original dimensionality was 100. Preliminary experiments
showed that for such data algorithm does not tend to over-
fitting, thus there was no need for dimensionality reduction.

Table 1: EER (%) obtained for prosodic bigrams.

dimension λ = 0 λ = 0.1 λ = 0.3 λ = 0.5

100 15.13 13.80 13.14 13.67

Original dimensionality for articulatory unigram vectors is
60. The results for these features are presented in Table 2. The
lowest EER was obtained for λ = 0.1 and it was lower than
linear kernel about 23%.

Table 2: EER (%) for articulatory unigrams.

dimension λ = 0 λ = 0.1 λ = 0.3 λ = 0.5

60 14.33 11.28 11.55 11.45

Original dimensionality of lexical unigrams is 2589 and
the proposed algorithm tends to over-fitting in kernel alignment
maximization. In order to prevent this over-fitting PCA dimen-
sionality reduction was performed. Each lexical vector was
projected to subspaces of dimensionalities: 100, 150 and 200
which correspond to 95%, 97% and 97% of energy preserva-
tion respectively. The results for lexical unigrams are summa-
rized in Table 3. The best result was achieved for dimensionality
200 and the error reduction in comparison to linear kernel was
19.72%. It was obtained for λ = 0.5. For smaller dimension-
alities smaller improvement was observed and the best values
were for λ = 0.3.

Table 3: EER (%) for lexical unigrams.

dimension λ = 0 λ = 0.1 λ = 0.3 λ = 0.5

100 11.41 10.88 10.25 10.75
150 11.41 10.78 9.82 10.09
200 11.41 10.62 9.56 9.16

Lexical bigrams used in experiments have dimensionality
2639. The first 100 eigenvalues of data matrix contained 69%
energy. While 150- and 200- contained 73% and 76% of energy
respectively. Results are presented in Table 4. The smallest
error value was obtained for dimensionality 200 and its value
is 8.89% what gives 9.75% of EER reduction in comparison to
linear kernel.

The best EER reduction was obtained for articulatory fea-
tures. The EER reduction decreases for high-dimensional data.
This can be caused by loss of information after dimensionality
reduction. The optimal weight for combination (λ) depends on
kind of features.

5. Conclusions
In this paper the algorithm for generalized linear kernel align-
ment was proposed. The directions in the input space that max-
imize kernel alignment are also discriminative for other set of

Table 4: Lexical bigrams.

dimension λ = 0 λ = 0.1 λ = 0.3 λ = 0.5

100 9.85 9.69 9.29 9.16
150 9.85 9.69 9.29 9.02
200 9.85 9.56 9.02 8.89

other speakers. Experimental results on high-level speaker veri-
fication showed some improvement over linear kernel when op-
timized kernel matrix is combined with linear kernel matrix for
non-background matrix elements.

6. References
[1] W. Campbell, J. Campbell, T. Gleason, D. Reynolds, and W. Shen,

“Speaker verification using support vector machines and high-
level features,” Audio, Speech, and Language Processing, IEEE
Transactions on, vol. 15, no. 7, pp. 2085 –2094, 2007.

[2] T. Xiong and V. Cherkassky, “A combined svm and lda approach
for classification,” in Neural Networks, 2005. IJCNN ’05. Pro-
ceedings. 2005 IEEE International Joint Conference on, vol. 3,
july-4 aug. 2005, pp. 1455 – 1459 vol. 3.

[3] A. Hatch and A. Stolcke, “Generalized linear kernels for one-
versus-all classification: Application to speaker recognition,” in
Acoustics, Speech and Signal Processing, 2006. ICASSP 2006
Proceedings. 2006 IEEE International Conference on, 2006.

[4] A. O. Hatch, S. Kajarekar, and A. Stolcke, “Within-class covari-
ance normalization for svm-based speaker recognition,” in Proc.
of ICSLP, 2006.

[5] A. Solomonoff, W. M. Campbell, and I. Boardman, “Advances
in channel compensation for svm speaker recognition,” in Proc.
IEEE International Conference on Acoustics, Speech, and Signal
Processing (ICASSP ’05), vol. 1, March 18–23, 2005, pp. 629–
632.

[6] N. Dehak, P. J. Kenny, R. Dehak, P. Dumouchel, and P. Ouel-
let, “Front-end factor analysis for speaker verification,” Audio,
Speech, and Language Processing, IEEE Transactions on, 2011.

[7] N. Cristianini, J. Shawe-Taylor, A. Elisseeff, and J. S. Kandola,
“On kernel-target alignment,” in NIPS, 2001.

[8] V. Vapnik, Statistical learning theory. Wiley & Sons, 1998.

[9] R. Vert, “Designing a m-svm kernel for protein secondary struc-
ture prediction.” Master’s thesis, DEA informatique de Lorraine,
2002.

[10] N. of USA, “The nist year 2001 speaker recognition evalauation
plan,” Available www.itl.nist.gov/iad/mig//tests/spk/2001/2001-
spkrec-evalplan-v05.9.ps.

[11] A. G. Adami, “Modelling prosodic differences for speaker recog-
nition,” Speech Communication, vol. 49, no. 4, pp. 277–291,
2007.

[12] P. Boersma, “Praat, a system for doing phonetics by computer.”
Glot International, vol. 5, no. 9/10, pp. 341–345, 2001.

[13] K.-Y. Leung, M.-W. Mak, and S.-Y. Kung, “Articulatory feature-
based conditional pronunciation modeling for speaker verifica-
tion,” in INTERSPEECH-2004, 2004.

[14] J. Frankel, M. Magimai-Doss, S. King, K. Livescu, and O. Cetin,
“Articulatory feature classifiers trained on 2000 hours of tele-
phone speech,” in Proc. Interspeech 2007, 2007.

[15] P. Clarkson and R. Rosenfeld, “Statistical language modeling us-
ing the cmu-cambridge toolkit,” 1997, pp. 2707–2710.

492


