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Abstract
In our previous work, we have proposed a speaker modeling
technique using spectral and pitch features for text-independent
speaker identification based on Multi-Space Probability Distri-
bution Gaussian Mixture Models (MSD-GMMs). We have pre-
sented a maximum likelihood (ML) estimation procedure for
the MSD-GMM parameters and demonstrated its high recog-
nition performance. In this paper, we describe an minimum
classification error (MCE) training procedure for the MSD-
GMM speaker models. MCE training is also applied to auto-
matically estimate mixture-dependent stream weights for spec-
tral and pitch streams. The MCE-based MSD-GMM speaker
models are evaluated for a text-independent speaker identifica-
tion task. Experimental results show that MCE training of the
MSD-GMM parameters significantly reduces identification er-
rors and system performance is further improved by appropri-
ately weighting spectral and pitch streams using MCE training.

1. Introduction
Prosodic features such as pitch features as well as spectral fea-
tures contain much speaker individuality [1, 2]. Several works
have reported that speaker recognition performance can be im-
proved by the use of pitch features along with spectral features
[3, 4, 5, 6, 7]. Conventional approaches to integrating spec-
tral and pitch features are i) two separate models are trained
for spectral and pitch features, respectively, and their scores are
combined in a recognition stage [3, 4], ii) two separate mod-
els for voiced and unvoiced parts are trained, respectively, and
their scores are combined [5, 6]. For example, two Gaussian
Mixture Models (GMMs) were used for voiced and unvoiced
parts in [6], where the input observations were concatenations
of cepstral coefficients and log fundamental frequency (logF0)
for voiced frames, and cepstral coefficients alone for unvoiced
frames, i.e., (D+1)-dimensional vectors for voiced parts and
D-dimensional vectors for unvoiced parts. These two kinds of
vectors having different dimensionalities require their respec-
tive GMMs because the probability distribution of the tradi-
tional GMM [8] is defined on a single vector space.

In contrast to the above two approaches, we jointly model
spectral and pitch features of both voiced and unvoiced parts
exploiting Gaussian Mixture Models based on the Multi-Space
Probability Distribution (MSD-GMM) [7]. The MSD-GMM al-
lows us to model feature vectors having variable dimensionality
including zero-dimensional vectors, i.e., discrete symbols. Con-
sequently, continuous pitch values of voiced frames and discrete
symbols representing “unvoiced frame” can be modeled using
an MSD-GMM in a unified framework, and spectral and pitch
features are jointly modeled by a multi-stream MSD-GMM, i.e.,
each speaker is modeled by a single statistical model. In [7], we
have presented maximum likelihood (ML) estimation formu-
lae for the MSD-GMM parameters and demonstrated its high
recognition performance.

In this paper, we describe a minimum classification error
(MCE) training approach based on the generalized probabilistic
descent (GPD) method [9] for text-independent speaker identi-
fication using MSD-GMMs. In addition, we introduce stream
weighting parameters into the MSD-GMM speaker models to
improve the recognition ability by appropriately weighting the
spectral and pitch streams. Several works have demonstrated
the utility of MCE training in speaker recognition [10], and
MCE training has also been successfully applied to stream
weight estimation instead of ML estimation [11]. In this
study, the stream weights as well as MSD-GMM parameters
are estimated using MCE training. The MCE-based MSD-
GMM speaker models are evaluated for an 80 speaker text-
independent speaker identification task.

In Section 2 we introduce stream weights into the MSD-
GMM and describe a speaker modeling technique using spec-
tral and pitch features. Section 3 presents the MCE training
procedure for the MSD-GMM parameters and stream weights.
Section 4 reports experimental results, and Section 5 gives con-
clusions and future works.

2. Multi-Stream MSD-GMM
2.1. Likelihood Calculation for MSD-GMM

Let us assume that a given observation at time t ot consists
of S information sources (streams). The s-th stream ots has a
set of space indices Xts and an observation vector of variable
dimensionality xts, that is

ot = (ot1,ot2, . . . ,otS), (1)

ots = (Xts,xts) , (2)

where xts is assumed to be an observation vector from one of
the vector spaces represented by the indices in Xts, and Xts

is a nonempty subset of all possible space indices for the s-th
stream:

Xts ⊆ {1, 2, . . . , Gs} . (3)

All the spaces in Xts have the same dimensionality as that of
xts. The output distribution of ot for S-stream MSD-GMM λ
is defined as

b(ot | λ) =
MX

m=1

cm

SY
s=1

pms(ots), (4)

where cm is mixture weight for the m-th mixture component.
The observation probability of ots for mixture m is given by
the multi-space probability distribution (MSD) [12] :

pms(ots) =
X

g∈Xts

wmsgNDsg
msg (xts), (5)

wherewmsg is space weight for the g-th vector space of the s-th
stream and NDsg

msg ( · ) is the Dsg-variate Gaussian function with
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mean vector �msg and covariance matrix Σmsg for the case
Dsg > 0. For simplicity of notation, we define N 0

msg( · ) ≡ 1
for the case Dsg = 0. Note here that the multi-space probabil-
ity distribution is equivalent to continuous probability distribu-
tion when Dsg > 0, and discrete probability distribution when
Dsg = 0. MSD-GMM can be assumed to be a generalized
GMM, which includes the traditional GMM as a special case
when S = 1, G1 = 1, and D11 > 0.

For an observation sequence

O = (o1,o2, . . . ,oT ), (6)

the likelihood of MSD-GMM λ is given by

P (O | λ) =
TY

t=1

b(ot | λ). (7)

2.2. Stream Weighting

Equation (4) can be slightly modified to control a weighting
factor for each stream by introducing a stream weight parameter
γms, that is

b(ot | λ) =
MX

m=1

cm

SY
s=1

{pms(ots)}γms . (8)

Note that b(ot | λ) does not satisfy the stochastic restrictions.
Figure 1 illustrates an example of the m-th mixture compo-

nent of a three-stream MSD-GMM (S = 3). The sample space
of the first stream consists of four spaces (G1 = 4), among
which, the second and the third spaces are triggered by the space
indices and pm1(ot1) becomes the sum of the two weighted
Gaussians. The second stream has only one space (G2 = 1) and
always outputs its Gaussian as pm2(ot2). The third stream con-
sists of two spaces (G3 = 2), where a zero-dimensional space
is selected, and its space weight wm32 (a discrete probability)
becomes pm3(ot3).

2.3. Speaker Modeling Based on MSD-GMM

Spectral features are generally represented by D-dimensional
vectors of cepstral coefficients with continuous values (D is
constant). On the other hand, pitch features are represented
by one-dimensional continuous values of log fundamental fre-
quency (logF0) for voiced frames and discrete symbols rep-
resenting “unvoiced” for unvoiced frames because pitch values
are defined only in voiced segments. Hence, each speaker can
be modeled by a two-stream MSD-GMM (S = 2) (Fig. 2). The
first stream is for the spectral feature and the second stream is
for the pitch feature. The spectral stream has a D-dimensional
vector space (G1 = 1) and the pitch stream has two spaces
(a one-dimensional space and a zero-dimensional space) for
voiced and unvoiced parts (G2 = 2).

3. MCE Training for MSD-GMM
Parameters and Stream Weights

MCE training based on the GPD method optimizes the parame-
ters of a classifier in a pattern recognizer using a gradient tech-
nique [9]. In this paper, we apply the GPD method to MSD-
GMM based speaker identification. In this case, the adjustable
parameter set Λ includes the entire parameters of N MSD-
GMM speaker models

Λ = {λ1, λ2, . . . , λN} , (9)

where λn includes mixture weights, stream weights, space
weights, means, and variances of the n-th speaker model.

Observation at time t

o o o ot t t t= ( )1 2 3, ,
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Figure 1: An example of the m-th mixture component of a
three-stream MSD-GMM.
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Figure 2: The m-th mixture component in a two-stream MSD-
GMM based on spectral and pitch features.

GPD minimizes the recognition error probability by itera-
tively minimizing an objective function called “empirical loss”
which is a good approximation of the recognizer’s error rate
over the training data.

3.1. Definition of Empirical Loss

The empirical loss can be defined based on a smooth embed-
ding of three functions: discriminant function, misclassification
measure and loss function.

We define the discriminant function for speaker class Cn

upon observing feature vector sequence O as the average log-
likelihood of λn:

gn(O; Λ) =
1

T
logP (O | λn)

=
1

T

TX
t=1

log b(ot | λn). (10)

The misclassification measure for Cn is defined by using
the discriminant functions of speaker n and the dominant com-
peting speaker j:

dn(O; Λ) = −gn(O; Λ) + gj(O; Λ), (11)

j = argmax
i�=n

gi(O; Λ), (12)

where dn > 0 implies misclassification and dk ≤ 0 means cor-
rect classification.

Then, the loss function is defined as a differentiable sigmoid
function approximating the 0-1 step loss function:

�n(O; Λ) =
1

1 + exp
�
−αdn(O; Λ)

	 . (13)

The empirical loss is defined as the average of loss func-
tions over the training data set O = {O1,O2, . . . ,OH}:

L(O; Λ) =
1

H

HX
h=1

NX
n=1

�n(Oh; Λ)1(Oh ∈ Cn), (14)
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where 1(X ) is the indicator function for a logical variable X
defined as

1(X ) =

�
1, if X is true
0, otherwise

. (15)

3.2. Minimization of Empirical Loss

The parameter set Λ is sequentially adjusted every time a train-
ing sample Oh from speaker class Ck is given according to

Λ(r+1) = Λ(r) − ε(r)U (r)∇Λ�k(Oh; Λ)
��
Λ=Λ(r) , (16)

where ε(r) is a monotonically decreasing learning step size and
U

(r) is a positive definite learning matrix at the r-th iteration.
During the parameter adaptation, the constraints of the pa-

rameters, such as cm > 0 and γms > 0, should be satisfied, and
means are normalized with variances. The following parameter
transformations allow us to maintain these constraints:

c̄m = log cm, (17)

γ̄ms = log γms (18)

w̄msg = logwmsg, (19)

µ̄msgd =
µmsgd

σmsgd
, (20)

σ̄2
msgd = log σ2

msgd, (21)

where µmsgd is the d-th element of �msg and σ2
msgd is the d-th

diagonal element of (diagonal) matrix Σmsg . Using the new
parameter set Λ̄, (16) is rewritten as

Λ̄(r+1) = Λ̄(r) − ε(r)U (r)∇Λ̄�k(Oh; Λ)
��
Λ=Λ(r) . (22)

The parameter sequence produced by (22) converges (with
probability one) to the minimum point of (14) for large H [9].

According to the chain rule, the gradient ∇Λ̄�k (the sub-
script h is omitted and �k(O; Λ) is shortened to �k to simplify
the notation) in (22) can be rewritten as

∇Λ̄�k =
∂�k
∂dk

NX
n=1

∂dk
∂gn

TX
t=1

∂gn
∂b(ot | λn)

∇Λ̄b(ot | λn),

(23)where
∂�k
∂dk

= α �k (1− �k) , (24)

∂dk
∂gn

=

8<
:

−1, n = k
1, n = argmax

i�=k
gi

0, otherwise
, (25)

∂gn
∂b(ot | λn)

=
1

Tb(ot | λn)
. (26)

Dropping the subscripts t and n for simplicity of notation, each
component of ∇Λ̄b(o | λ) can be derived as follows:

∂b(o | λ)
∂c̄m

= ζm(o), (27)

∂b(o | λ)
∂γ̄ms

= γms log
�
pms(os)

	
ζm(o). (28)

For g ∈ Xs,

∂b(o | λ)
∂w̄msg

= ξmsg(o), (29)

∂b(o | λ)
∂µ̄msgd

=
xsd − µmsgd

σmsgd
ξmsg(o), (30)

∂b(o | λ)
∂σ̄2

msgd

=
1

2

(�
xsd − µmsgd

σmsgd

�2

− 1

)
ξmsg(o), (31)

where xsd is the d-th element of vector xs and

ζm(o) = cm

SY
s=1

�
pms(os)

	γms , (32)

ξmsg(o) =
γmswmsgNDsg

msg (xs)

pms(os)
ζm(o). (33)

For g /∈ Xs,

∂b(o | λ)
∂w̄msg

=
∂b(o | λ)
∂µ̄msgd

=
∂b(o | λ)
∂σ̄2

msgd

= 0. (34)

After the adjustment of Λ̄ is completed, Λ̄ is transformed
back to Λ as follows:

cm =
exp c̄m
MX
i=1

exp c̄i

, (35)

γms =
2 exp γ̄ms

SX
h=1

exp γ̄mh

, (36)

wmsg =
exp w̄msg

GsX
l=1

exp w̄msl

, (37)

µmsgd = σmsgd µ̄msgd, (38)

σ2
msgd = exp σ̄2

msgd. (39)

4. Experimental Evaluation
4.1. Experimental Conditions

Text-independent speaker identification experiments were car-
ried out for 80 speakers (40 males and 40 females) in the ATR
Japanese speech database. Phonetically-balanced 216 words are
used for training each speaker model, and 520 common words
are used for testing. The number of tests was 41600 in total.
Word boundaries were detected using log energy contours and
silence parts at the beginning and end of the words were re-
moved.

The speech data were down-sampled from 20 kHz to
10 kHz, windowed at a 10-ms frame rate with a 25.6-ms Black-
man window, and parameterized into 13 mel-cepstral coeffi-
cients using a mel-cepstral estimation technique [13]. The 12
static parameters excluding the zero-th coefficient were used as
spectral features. Fundamental frequency (F0) was estimated
using the RAPT method [14] with a 7.5-ms correlation win-
dow for every 10 ms. Pitch features were logF0 for the voiced
frames and discrete symbols for unvoiced frames.

Each speaker was modeled by a GMM or a multi-stream
MSD-GMM with diagonal covariance matrices. Baseline
GMM and MSD-GMM parameters were ML-trained parame-
ters initialized with an LBG codebook. Stream weighs were
initialized as 1.0. Identity matrices were used as learning ma-
trices and the learning step size was initialized as ε(0) = 0.2.
The slope of the sigmoid function α for each model set Λ was
automatically chosen before the training using the variance of
the misclassification measures for all the training samples v ,
according to α = 4/

√
2πv. GPD training was iterated over

20 epochs, with the order of the given training samples being
shuffled at the beginning of each training epoch.
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Figure 3: Comparison of MSD-GMM speaker models with con-
ventional GMM speaker models.
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Figure 4: Comparison of ML- and MCE-trained GMMs and
MSD-GMMs with/without stream weights.

4.2. Comparison with Conventional Speaker Models

We compared the MSD-GMM speaker identification system
with three kinds of conventional systems. Figure 3 shows
speaker identification error rates with 95 % confidence intervals
(CIs) when using 32 component ML-trained speaker models.
In the figure, (a) corresponds to a conventional GMM speaker
model using a spectral feature alone, (b) represents a speaker
model consisting of two GMMs for spectral and pitch features,
(c) is a speaker model consisting of two GMMs for voiced (V)
and unvoiced (UV) parts [6], and (d) corresponds to the multi-
stream MSD-GMM. For system (c), the optimum shares of the
mixture components for the V-GMM and the UV-GMM were
posteriorly tuned and best results were obtained with the ratio
V:UV=3:1.

The additional use of pitch information improved system
performance, and (b), (c) and (d) using both spectral and pitch
information gave much better performance than the conven-
tional GMM system using a spectral feature alone. Among the
three systems, the MSD-GMM system gave the best results and
achieved 16 % error reduction over the GMM system.

4.3. Results for MCE Training

Figure 4 shows the results for MCE training. In the figure, base-
line systems (A) and (C) are identical to the ML-based systems
(a) and (d) in Fig. 3, respectively. The baseline systems (A) and
(C) were improved to (B) and (E), respectively, by optimizing
the model parameters. Results (D) and (F) were obtained af-
ter estimating the mixture-dependent stream weights based on
MCE training for the systems (C) and (E), respectively. The
error rate was significantly reduced by optimizing the MSD-
GMM parameters based on MCE training (C→E). System per-
formance was further improved by adjusting the stream weights
for spectral and pitch streams and 16 % error reduction was
achieved over the ML-based MSD-GMM (C→F), resulting in
29 % error reduction over the ML-based GMM (A→F).

5. Conclusions
This paper has described an MCE training procedure for text-
independent speaker identification using MSD-GMMs. We in-
troduced stream weights into the MSD-GMM to control the
weighting factor for spectral and pitch streams. The stream
weights as well as MSD-GMM parameters were automati-
cally estimated based on the GPD method. The MCE training
of MSD-GMM parameters significantly improved recognition
ability and the optimal weighting of spectral and pitch streams
achieved additional performance gains.

Further studies include investigation of stream weight ini-
tialization and tying strategies.
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