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Abstract. Text-independent speaker verification using adaptively weighted Mel Frequency Cepstrum Coeffi-
cients (MFCC) over multiple neighboring frames, and Gaussian Mixture for likelihood estimation is introduced.
For each registrant, optimal linear weightings of multiple speech frames are searched based on Minimum Verifi-
cation Error (MVE) learning, generalizing the scheme of the use of ∆MFCC feature which attempts to capture
inter-frame characteristics. In the verification experiments, the proposed method was found to improve the ver-
ification performance under noisy environments and use via phone line, when compared with the conventional
methods.
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1 Introduction

Speaker verification technology to authenticate the speaker by speech features can be useful as it does not require
special verification hardware, is less stressful for the users, and can be used from remote places across the telephone
network. However, the state of art performance still remains relatively lower when compared with the use of other
biometric modalities.

Conventional use of per-frame Mel Frequency Cepstrum Coefficient (MFCC) speech feature has been known to
be improved by the joint use of ∆MFCC feature which is the inter-frame regression coefficient of MFCC feature
[7]. There are also discriminative approaches that try adaptation of mel-cepstral feature itself [6], and adaptive
construction of the background model [3].

Recently, use of Minimum Verification Error (MVE) learning that tries to directly minimize the verification error
has been reported to improve the performance of speaker verification [12]. The scheme has been used to tuning the
weights to likelihoods [3] and speaker model parameters [2] in improving the verification performances.

This study proposes a framework of discriminative speaker verification based on speaker modeling that gener-
alizes the ∆MFCC feature approach. As a novel local feature, a set of linear weights of local MFCC coefficients
trained by Minimum Verification Error (MVE) learning is chosen for each registered person.

2 Text-independent speaker verification

Text-independent speaker verification consists of modeling and testing phases.
First in the modeling phase, for each speaker s (s = 1, . . . , N), the model of the speaker λs and the background

model λs̄ are obtained based on the speech signals. The speaker model λs uses a collection the authentic speech,
whereas the background model (Universal Background Model [11]) uses speech by various speakers (average feature)
in the training.

In the test phase, the log-likelihood ratio of input speech feature vectors to the claimed speaker model λs and
the background model λs̄ is calculated, and this value is compared to the predetermined threshold value θs. The
speaker is accepted if the value is higher than the threshold value, and is rejected otherwise. The log-likelihood ratio
is defined as

Λs(X) = log p(X | λs)− log p(X | λs̄). (1)
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where p(X | λs) is the likelihood that speech X = {x(1), . . . ,x(T )} is from the claimed speaker s giving the model
λs with x(i) being the feature vector of frame i (i = 1, 2, ..., T ). On the other hand, p(X | λs̄) is the likelihood that
speech X is not from speaker s.

The log-likelihood that the model of the claimed speaker gives the input speech collection X is

log p(X | λs) =
1
T

T∑
t=1

log p (x(t) | λs) . (2)

As the feature of each frame, Mel Frequency Cepstrum Coefficient (MFCC) is commonly used [10]. Here, the
D-component MFCC feature will be denoted as x = [c1, c2, ..., cD]′.

The likelihood of the registered speaker s for feature x ∈ RD can be modeled using the Gaussian mixture model
(GMM)[10] of M components

p(x | λs) =
M∑

j=1

wsjbsj(x). (3)

with
bsj(x) =

1

(2π)
D
2 |Σsj | 12

e{−
1
2 (x−µsj)

′(Σsj)
−1(x−µsj)}. (4)

The mixture weight wsj , component mean vector µsj , and component covariance matrix Σsj , consist the parameter
set for speaker s denoted as λs = {(ws1,µs1, Σs1), . . . , (wsM ,µsM , ΣsM )}. This set will be estimated using the
Expectation-Maximization (EM) algorithm on training speech data by speaker s [4].

3 Weighting of local MFCC features by MVE learning

It is known that the verification performance can be improved by jointly using inter-frame dynamics with per-frame
speech feature as MFCC [7]. One of the commonly used inter-frame feature is the ∆MFCC regression coefficient
which characterizes the change of MFCC[1]. However, the coefficients for linear weighting of local MFCC features
are fixed to the value of the linear regression coefficient of MFCC changes.

In this work, we attempt to remove this limitation and propose an adaptive method that searches the optimal
linear weightings of multiple frame features based on MVE learning.

3.1 Generalization of ∆MFCC feature

The inter-frame regression coefficient known as ∆MFCC is computed as a linear sum of MFCC ci [7] as,

∆ci(m) =
∑l

k=−l k · ci(m + k)
∑l

k=−l k
2

, (i = 1, . . . , D) (5)

where l and m denote the frame range in which the regression coefficient is calculated and the frame index,
respectively. Here, we propose to generalize Eq. (5), searching for an arbitrary dynamic feature for each registered
person s to improve verification precision among the linear combinations of cepstrum coefficients in local frames.
In this scheme, 2l + 1 parameters {as(−l), ..., as(l)} are adjusted to give the feature for the i-th cepstrum band in
the neighborhood of the m-th frame of the speech of the s-th registered person as

fsi(m) =
l∑

k=−l

as(k)ci(m + k). (i = 1, . . . , D) (6)

In the following, this novel feature fsi will be referred to as Filtered-MFCC (F-MFCC).

3.2 MVE training

In MVE learning, the verification error for speaker s which is the optimizing criterion is defined as,

Es = x0ls0 + x1ls1 (7)
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Fig. 1. (a) Training phase. This modification is applied to the GMM parameter set λs, coefficient vector as and threshold
θs of each registrant s (s = 1, . . . , N), iteratively. (b) Test phase to determine acceptance/rejection.

with ls0 and ls1 being the losses by false rejection and false acceptance, respectively. Parameters x0 and x1 are the
given weights to each type of error.

For each speech X, a mis-verification measure can be calculated as

ds(X) =
{−Ls(X) (X ∈ Hs0)

Ls(X) (X ∈ Hs1)
(8)

where Ls(X) denotes the log-likelihood ratio with the decision threshold θs included as another parameter defined
as

Ls(X) = log p(X | λs)− log p(X | λs̄)− θs. (9)

Hs0 and Hs1 are sets of speeches by the registered speaker s (authentic) and other speakers (impostors), respectively.
Here, the log-likelihood ratio

The losses in Eq. (7) are defined as

lsi =
1

Nsi

∑

X∈Hsi

σ(ds(X)) =
1

Nsi

∑

X∈Hsi

1
1 + e−k·ds(X)

(k > 0, i = 0, 1) (10)

which is the average mis-verification measure after scaling to unit range by a sigmoid function (σ) for each case
(i = 0, 1). Here, Nsi (i = 0, 1) are the respective speech counts.

3.3 Coefficient search based on verification error

In this work, the MVE learning will be used to search the optimal frame weight set and the decision threshold. The
frame weight vector

as = [as(−l), as(−l + 1), ..., as(l)]′ ∈ R2l+1 (11)

will be iteratively modified by steepest descent method according to verification error Es as,

a(τ+1)
s = a(τ)

s − η
∂Es

∂as
. (12)

Here, τ and η denote the time step and a positive learning constant, respectively. The initial value of vector as is
to be set to the original ∆MFCC coefficients as in Eq. (5).
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By using MFCC and F-MFCC feature vectors x = [c1, c2, ..., cD]′ and ys = [fs1, fs2, ..., fsD]′, speech X as a
collection of T frames can be characterized as,

X = {gs(1), ..., gs(T )} = [x(1)′ ys(1)′]′, . . . , [x(T )′ ys(T )′]′. (13)

Based on the definitions so far, the partial derivative in Eq. (12) can be calculated as follows.

∂Es

∂as
= x0

∂ls0
∂as

+ x1
∂ls1
∂as

= x0 · 1
Ns0

∑

X∈Hs0

{
k · σ(−Ls(X))[1− σ(−Ls(X))] ·

(
−∂Ls

∂as

)}

+x1 · 1
Ns1

∑

X∈Hs1

{
k · σ(Ls(X))[1− σ(Ls(X))] · ∂Ls

∂as

}
(14)

∂Ls

∂as
=

T∑
t=1

(
∂Ls

∂gs(t)
∂gs(t)
∂as

)
(15)

∂Ls

∂gs(t)
=

1
T

{
∂

∂gs(t)
log p(gs(t) | λs)− ∂

∂gs(t)
log p(gs(t) | λs̄)

}
(16)

∂

∂gs(t)
log p(gs(t) | λs) = −

∑M
j=1 wsjbsj (gs(t)) {gs(t)− µsj}′(Σsj)−1

∑M
j=1 wsjbsj (gs(t))

(17)

and,

∂gs(t)
∂as

=
∂

∂as
[x(t)′ ys(t)′]′. (18)

Similarly, the threshold θs in Eq. (9) can be updated in the same manner as,

θ(τ+1)
s = θ(τ)

s − ε
∂Es

∂θs
(19)

where ε denotes the positive training constant.

4 Experiment

In order to evaluate the effectiveness of the combination of the proposed feature and the training method, it was
compared with conventional methods of verification using a publicly available speech dataset.

4.1 Dataset

In the experiments, TIMIT [5] and NTIMIT [8] speech datasets were used. TIMIT includes speech of English text
by 630 speakers recorded in a controlled environment. NTIMIT is a re-recording of the TIMIT dataset through a
telephone line. All speech data were coded in linear-PCM with the rate/level of 16kHz/16bits. In order to evaluate
the robustness against noise, TIMIT data with additive white noise controlled to signal-to-noise ratio (SNR) of
30dB and 20dB were used in addition to the noiseless data (∞dB).

4.2 Evaluation measure

For evaluation of the verification results, Detection Cost Function (DCF) employed in NIST Speaker Recognition
Evaluations (NIST-SRE) [9] was used. By assuming an equal cost to false rejection and false acceptance, and equal
prior probability of authentic and impostor verification attempts, the DCF used here was

CDCF = 0.5PMiss + 0.5PFalseAlarm (20)

where PMiss and PFalseAlarm denote the probabilities of false acceptance and false rejection, respectively.
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Table 1. Feature set and training conditions

Feature Feature dim. MVE learning other

MFCC 12 Learn θs. Use on testing.
MFCC+∆MFCC[7] 24 Learn θs Use on testing. l = 2
MFCC+F-MFCC 24 Learn as and θs. Use on testing. l = 2

Table 2. Speech data conditions common to TIMIT(∞,30,20dB) and NTIMIT

Condition Training phase Verification phase

Registrants(gender) 40(M:20, F:20) 40(M:20, F:20)
Speaker 40 (Na:40) 80 (Na:40, Nu:40)
Speech per speaker 1 5
Speech length 15sec 3sec
Total speech 40 400
Total verification 1600 (na:40, nb:1560) 16000 (na:200, nb:7800, nu:8000)

Na : Registered speakers, Nu : Non-registered speakers,
na : Authentic verifications, nb : Non-authentic verification by registrants,
nu : Non-authentic verification by non-registrants

4.3 Procedure

Verification methods using MFCC frame feature (MFCC), joint use of MFCC and ∆MFCC (MFCC+∆MFCC),
and MFCC with the proposed F-MFCC feature (MFCC+F-MFCC) were tested over TIMIT (∞dB, 30dB, 20dB)
and NTIMIT (∞dB) data. Each registered speaker was modeled with the training speech with respective noise
levels, and then the MVE learning was applied to threshold (θs) and weight vector (as), as shown in Fig. 1 and
Table 1. The number of Gaussian components was determined according to preliminary experiments as M = 8,
and the initial values θs = 0 and as set to ∆MFCC coefficients in Eq. (5) were used. Evaluation loss weights in Eq.
(7) were set to x0 = x1 = 0.5. Other conditions regarding the speech data in training and test phases are shown in
Table 2.

4.4 Results

The verification results for the combination of feature and data are shown in Table 3. It is clear that by using the
proposed F-MFCC features, the verification performance can be improved for different noise conditions and voice
over a phone line. However, there still is room for improvement in speaker modeling and parameter training process,
as in Fig. 2, separability of classes in the test set are not as clear as in the training set, showing signs of overtraining.

5 Conclusion

Speaker verification using weighted local MFCC features tuned by Minimum Verification Error (MVE) training
was proposed. The core idea was to determine the optimal frame coefficient parameter to minimize the verification
error. In the experiments, it was shown that this mechanism gives lower verification error than the conventional
methods under clean and noisy environments, including authentication via a telephone line.

Table 3. DCF scores (CDCF )

Feature \Data TIMIT(∞dB) TIMIT(30dB) TIMIT(20dB) NTIMIT(∞dB)

MFCC 0.0266 0.0516 0.1223 0.1130
MFCC+∆MFCC 0.0248 0.0497 0.1147 0.1004
MFCC+F-MFCC 0.0213 0.0489 0.1116 0.0982
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