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Abstract
We developed a new speaker verification system that is robust to
intra-speaker variation. There is a strong likelihood that intra-
speaker variations will occur due to changes in talking styles,
the periods when an individual speaks, and so on. It is well
known that such variation generally degrades the performance
of speaker verification systems. To solve this problem, we ap-
plied multiple kernel learning (MKL) based on conditional en-
tropy minimization, which impose the data to be compactly ag-
gregated for each speaker class and ensure that the different
speaker classes were far apart from each other. Experimen-
tal results showed that the proposed speaker verification sys-
tem achieved a robust performance to intra-speaker variation
derived from changes in the talking styles compared to the con-
ventional maximum margin-based system.
Index Terms: Multiple kernel learning, MCEM, intra-speaker
variation, speaker verification

1. Introduction
Kernel-based methods such as support vector machines (SVMs)
are frequently applied to speaker verification systems[1, 2]. Re-
cently, multiple kernel learning (MKL)[3, 4], in which a con-
vex combination of several kernels is used for a given data
set, has been applied for speaker verification[5]. We have also
applied multiple kernel learning based on conditional entropy
minimization (MCEM)[6] to speaker recognition systems[7]
and shown that the MCEM-based system outperforms margin
optimization-based MKL methods in the classification results
for 20 speakers.

Intra-speaker variation is caused by different talking styles
and periods in which an individual speaks, and such variation
has a negative effect on the performance of speaker verification
systems [8, 9]. Most MKL methods, including the one pre-
sented in [5], construct discriminative planes using maximum
margin-based schemes; such methods focus on between-class
data separability and do not explicitly consider within-class data
scattering. In contrast, MCEM explicitly imposes the data in
a feature space to be compactly aggregated for each class and
places the data far apart for different classes. This method has
the potential to improve the robustness of speaker verification
systems to intra-speaker variation more than the conventional
maximum-margin optimization-based system.

In this study, we investigate the robustness of the MCEM-
based speaker verification system against intra-speaker varia-
tion derived from changes in talking styles by comparing the
performance of an MCEM-based system with that of a con-
ventional maximum margin-based system using the same ker-
nel functions and parameters. In this paper, we focus on multi-

condition training in various talking styles such as neutral and
Lombard styles. The Lombard effect is a phenomenon in which
the volume and pitch of one’s speech increases when the sur-
rounding environment is noisy. It is well known that the acous-
tic characteristics of speech are influenced by this effect and
are significantly different from those of neutral speech. In this
case, training data have variations, even though they are spo-
ken by the same speaker. The results of this study can be use-
ful in developing speaker verification systems for use in sit-
uations where data containing intra-speaker variation must be
dealt with.

The rest of this paper is organized as follows. Section 2
briefly reviews the MKL methods. In Sect. 3, we present the
MCEM criterion and algorithm. In Sect. 4, we experimentally
evaluate the MCEM-based speaker verification system from the
viewpoint of robustness to changes in talking style. We present
our conclusion in Sect. 5.

2. Multiple kernel learning
In this section, we present a brief overview of MKL. Assume
that a set of observed samples D = {xi}N

i=1 and their class
labels {yi}N

i=1, yi∈{±1} are given. With a classification func-
tion of the form

f(x) =

N∑
i=1

αik(x,xi), (1)

where k(xi,xj) = 〈Φ(xi), Φ(xj)〉 is a kernel function asso-
ciated with a feature map Φ, a typical kernel-based learning
method, is represented as

min
α

[
N∑

i=1

L
(

yi,

N∑
j=1

αjk(xi,xj)

)
+ ‖α‖2K

]
, (2)

where L(·) is the loss function. Here, the kernel function is
represented in terms of a kernel matrix, i.e., [K]ij =k(xi,xj).
In MKL, the kernel matrix K is replaced with

∑S
s=1 βsKs,

where
∑S

s=1 βs = 1 and βs ≥ 0, using S kernel matrices. In
this case, an attempt is made to optimize the loss over both α
and β={βs}S

s=1 as

min
α,β

[
N∑

i=1

L
(

yi,
N∑

j=1

αj

S∑
s=1

βs[Ks]ij

)
+ ‖α‖2K

]
. (3)

Most existing MKL methods are based on maximum
margin-based schemes. Recently, an alternative that uses
RMKL has been proposed[4]. This method takes into account
the fact that the theoretical error bound of an SVM depends on
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both the margin and the radius of the smallest sphere that con-
tains all the training samples. RMKL is computationally as effi-
cient as SimpleMKL[10] and more accurate than SDP-MKL[3].

3. Multiple kernel learning based on
conditional entropy minimization

In this section, we briefly present the MKL based on conditional
entropy minimization (MCEM)[6].

3.1. Criterion

MCEM is formulated as

min
α,β

[
H(f(X;α,β)|Y )

]
(4)

s. t. H(f(X;α,β)) = const.,
S∑

s=1

βs = 1, βs ≥ 0,

where f(x;α,β) denotes the classification function explic-
itly expressing the dependency on α and β. We used
H(f(X;α,β)) as a regularization function for minimizing
H(f(X;α,β)|Y ) to avoid trivial solutions and overfitting.
The resulting formulation of MCEM is described as

min
α,β

[
H(f(X;α,β)|Y )− ηH(f(X;α,β))

]
, (5)

where η > 0 denotes a tuning parameter for regularization. It
should be noted that minimization of the class-conditional en-
tropyH(f(X;α,β)|Y ) indicates that the data is imposed to be
compactly aggregated for each class, and minimization of neg-
ative entropy for all data −H(f(X;α,β)) indicates that the
data is scattered regardless of their class. Therefore, MCEM-
based optimization attempts to minimize within-class data scat-
tering and maximize between-class data scattering. In con-
trast, maximum-margin optimization used for conventional ker-
nel methods focuses only on maximizing between-class sepa-
rability. In terms of speaker verification, the above discussion
suggests that the MCEM-based system may be robust against
intra-speaker variation.

In this case, class-conditional entropy is upper bounded as
[6]

H(f(X)|Y ) ≤ log(2π)
1
2 e +

1

2
log(αTV wα), (6)

where V w denotes the within-class covariance matrix. The
objective function of the kernel Fisher discriminant analysis
(KFDA)[11] is essentially the same as the term on the right-
hand side of Eq. 6. Therefore, the KFDA is approximately re-
garded as a minimization problem for an upper bound of the
class-conditional entropy of a value on the projected axis. We
can therefore formulate MCEM as a KFDA-based supervised
dimensionality reduction, which aims at finding a projection f
that minimizesH(f(X)|Y ).

3.2. Optimization algorithm

The MCEM algorithm is summarized in Algorithm 1. The
direct simultaneous optimization of Eq. 4 with respect to bothα
and β is quite difficult, so we adopted an alternating optimiza-
tion approach: optimizing α for a fixed β and then optimizing
β using the fixed α estimated in the previous step. An intuitive
explanation of this iterative optimization algorithm is shown in

α

( )( )αβα )0(log w
TV

( )( )YfH βα ,;X

( )( )YfH )0(,; βαX

( )( )αβα )1(log w
TV

( )( )YfH )1(,; βαX

( )( )YfH )2(,; βαX
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Figure 1: Conceptual image of iterative optimization in MCEM
algorithm. Dotted lines express class-conditional entropy, and
solid lines express upper bounds of class-conditional entropy
(i.e., objective function of KFDA).

Fig. 1. The estimates ofα and β at the t-th iteration are denoted
by α(t) and β(t), respectively.

The KFDA is used for optimizing class-conditional entropy
with respect to α. From Eq. 6, the optimal upper-bound so-
lution α is given by the KFDA for a fixed β. Such an opti-
mization of α is represented by Eq. 7. For the optimization of
β, we define the minimization problem of the class-conditional
entropy with a regularization term, as described by Eq. 8. We
used the random search algorithm[6] in this study. We sampled
P candidates of β from a Gaussian distribution with a mean
vector β(t−1) and an identity covariance matrix. Then, we
computed H(f(X;α(t),βp)|Y ) − H(f(X;α(t),βp)) with
{βp}P

p=1 and selected a β that minimized the objective func-
tion, as described in Eq. 8. We estimated entropy and class-
conditional entropy using the mean nearest neighbor (MNN)
method proposed in [12].

4. Speaker verification experiment
Experimental comparisons were made for text-independent
speaker verification. We introduced intra-speaker variation by
changing the talking styles.

4.1. Experimental conditions

4.1.1. Evaluation items

We compared the performance of the speaker verification sys-
tems between the SVM-based classifier using RMKL[4] and the
one using MCEM. In this experiment, we compared a situation
in which either neutral or Lombard speech utterances were used
for training with one in which both neutral and Lombard speech
utterances were used. The latter case uses training data that in-
clude intra-speaker variation.

4.1.2. Speech samples

To investigate the influence of each speaker’s talking style
changes on the performance of the speaker verification systems,
we used the Japanese Lombard speech corpus, which is com-
prised of clean speech utterances with a neutral talking style
as well as those with a Lombard talking style. The subjects
included 20 females and 20 males. A subject’s speech was
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Algorithm 1 MCEM: Multiple kernel learning algorithm based on conditional entropy minimization. V w and V b denote the within-
class cavariance matrix and between-class covariance matrix, respectively, in the feature space.

Input: A set of kernel functions {ks(xi,x)}S
s=1, training dataD={xi}N

i=1, xi∈Rn, class labels {yi}N
i=1, yi∈{±1},

and a regularization parameter ζ for KFDA.

Initialization: Calculate kernel matrices {Ks}S
s=1 usingD. Initialize the combination coefficients β(0) ={β(0)

s }S
s=1

of element kernels at random.

Repetition: Until convergence, from t = 1:
α optimization step: Solve a KFDA minimization problem with fixed β(t−1) to obtain α(t):

min
α

[
αT
(
V w(β(t−1)) + ζK

)
α

]
s. t. αT

(
V b(β

(t−1))
)
α = const. (7)

β optimization step: Minimize the conditional entropy of f(x;α(t),β) with α(t) to obtain β(t):

min
β

[
H(f(X;α(t),β)|Y )− ηH(f(X;α(t),β))

]
s. t.

S∑
s=1

βs = 1, βs ≥ 0. (8)

Output: Converged parameter α and β, used to construct the classification function as

f(x;α,β) =

N∑
i=1

αi

S∑
s=1

βsks(xi,x). (9)

Table 1: Types and SPLs of noise exposed to subjects.

Notation Type of noise SPL (dB(A))
car in-car noise 60
dep in-department-store noise 60, 70, 75
pin pink noise 60, 70, 75

recorded with a close-talking directional microphone.
Neutral-clean speech (NC) denotes clean speech with a neu-

tral talking style.
Lombard-clean speech (LC) denotes clean speech with the

Lombard talking style. (The subjects spoke while lis-
tening to ambient noise that was played through head-
phones.)

Table 1 lists the types and SPLs of noise exposed to the
subjects. We exposed the subjects to three types of noise from
the ATR environmental noise database.

We prepared 20 evaluation sets, each of which consisted of
ten utterances of continuous speech and ten utterances of con-
nected digits. The connected digits included eleven Japanese
digits (1–9 plus two words for “0”) as adopted by CENSREC-
1[13]. Phoneme-balanced sentences developed by ATR were
used for the continuous speech. Each subject spoke one of the
evaluation sets (i.e., 20 utterances) while being exposed to every
noise condition, as listed in Table 1.

4.1.3. Acoustic feature extraction

The acoustic feature parameters were 36-dimensional and con-
sisted of 12-dimensional mel-frequency cepstral coefficients
(MFCCs), 12-dimensional ΔMFCCs, and 12-dimensional
ΔΔMFCCs. The experimental conditions for acoustic feature
extraction are listed in Table 2.

4.1.4. SVM-based system

We used the sequential kernel[14] as the kernel function to han-
dle speech utterances with different frame lengths. For theX =

Table 2: Experimental conditions for acoustic feature extrac-
tion.

sampling frequency 16 kHz
frame length 25 ms
frame shift 10 ms

analysis window Hamming window
pre-emphasis 1− 0.97z−1

Table 3: Kernel functions and parameters used in this study.

k(x,x′) parameter
RBF exp(−σ‖x− x′‖2) σ = 0.01, 0.05, 0.1

polynomial (xTx′ + 1)d d = 2, 3
linear xTx′ —

(x1, · · · ,xT ) ∈ Rn×T and X ′ = (x′1, · · · ,x′T ′) ∈ Rn×T ′

utterances, where n = 36 in this case, the sequential kernel is
defined as

K(X ,X ′) =
1

T · T ′
T∑

t=1

T ′∑
t′=1

k(xt,x
′
t′). (10)

For RMKL and MCEM, we used three RBF kernels, two poly-
nomial kernels, and a linear kernel for the k(xt,x

′
t′) (listed

in Table 3). We set the regularization parameter ζ in Eq. 7 at
ζ =0.001 for all the experiments. In RMKL, which is based on
soft-margin SVMs, we set the soft-margin parameter to one. In
MCEM, we used η = 0.5 for the trade-off parameter and sam-
pled 500 candidates of β (i.e., P = 500) in the β optimization
step. These parameters were determined in such a way to en-
sure the best performance in the preliminary experiment. After
the optimal map f (i.e., the optimal α and β) was obtained,
we computed projections onto a one-dimensional classification
axis using Eq. 9. The iteration process for optimizing α and β
was stopped when the rate of decrease in conditional entropy
fell below 0.0001 or when conditional entropy increased.
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Table 4: Equal error rate (EER) (%) for the speaker verification
systems using the RMKL-based SVM and MCEM-based SVM
under various conditions in the talking styles. “Improve.” is
represented by an EER improvement rate (%) produced by the
MCEM-based system compared to that produced by the RMKL-
based one.

Talking style RMKL MCEM
Training Test EER EER Improve.
data data (%) (%) (%)
NC NC 6.3 5.9 6.2

pinLC75 pinLC75 8.0 7.7 4.2
Average 7.1 6.8 5.2

NC 9.3 8.1 12.0
carLC60 10.0 9.5 4.7
pinLC60 9.8 8.8 10.3
pinLC70 8.4 7.3 14.1

NC+pinLC75 pinLC75 8.7 8.3 5.4
depLC60 9.3 8.1 12.9
depLC70 9.3 8.5 8.1
depLC75 9.8 9.0 8.4

Average 9.3 8.4 9.5

4.2. Experimental results

Table 4 lists the talking styles in the training data and test data
and the corresponding equal error rate (EER) for the speaker
verification system using the RMKL-based and MCEM-based
SVMs. The table also lists improvements in EER when the
MCEM-based system was applied in place of the RMKL-based
one. Here, “NC” denotes clean speech with a neutral talking
style. “pinLC75” means that the subjects spoke while listening
over a headphone (LC) to pink noise (pin) of 75 dB(A) as mea-
sured at their ears. “NC + pinLC75” means that both the neutral
and Lombard speech utterances were used for training; in other
words, there was intra-speaker variation in the training data.

In this case, a four-fold cross validation test was performed
on 40 speakers (20 female and 20 male). The experimental con-
ditions in the training data and test data for each fold are de-
scribed as follows.

• The training data for imposters was comprised of 300
continuous speech utterances for each talking style.
They were spoken by 30 speakers consisting of 15 fe-
male and 15 male subjects. In this case, the imposter
data in the “NC + pinLC75” training was 600 utterances.

• A target speaker is one of the remaining 10 speakers con-
sisting of 5 female and 5 male subjects. The training
data for a target speaker was comprised of 10 continuous
speech utterances for each talking style and was spoken
by the target speaker. In this case, the target speaker data
in the “NC+pinLC75” training was 20 utterances.

• We tested 100 connected-digits utterances for each talk-
ing style. They were spoken by 10 speakers (5 fe-
male and 5 male). These 10 speakers are separate
from the imposters. In this case, the experiment
was performed under a text-independent condition (i.e.,
phoneme-balanced sentences for training and connected
digits for testing).

The EER of the speaker verification systems were computed
by using integrated results from the four-folds. A total of 40
speakers were evaluated.

The results showed that MCEMwas more effective in terms
of speaker verification than the conventional maximum-margin-
based method. The MCEM-based system outperformed the R-
MKL-based one irrespective of conditions in the talking styles.
Most cases using the “NC+pinLC75” model, which had differ-
ent talking styles for each speaker, had greatly improved EERs
(9.5% on average) compared to the case using the “NC” or
“pinLC75” model (5.2% on average), which had no variation in
talking styles. These results demonstrate that the MCEM-based
system is more robust to changes in intra-speaker variation than
the conventional system using the maximum-margin scheme.

5. Conclusion
We applied the MKL based on conditional entropy minimiza-
tion to speaker verification. This method is more effective
at eliminating the influence of intra-speaker variation on the
performance of speaker verification systems than the conven-
tional maximum-margin scheme. The MCEM-based system
improved the EERs by 5.2% for the data without intra-speaker
variation and by 9.5% for the data with intra-speaker variation
compared to the RMKL-based system.
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