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Abstract
In this paper, we propose a novel speaker verification method
which determines whether a claimer is accepted or rejected by
the rank of the claimer in a large number of speaker models in-
stead of score normalization, such as T-norm and Z-norm. The
method has advantages over the standard T-norm in speaker ver-
ification accuracy. However, it needs much computation time as
well as T-norm that needs calculating likelihoods for many co-
hort models. Hence, we also discuss the speed-up using the
method that selects cohort subset for each target speaker in the
training stage. This data driven approach can significantly re-
duce computation resulting in faster speaker verification deci-
sion. We conducted text-independent speaker verification ex-
periments using large-scale Japanese speaker recognition eval-
uation corpus constructed by National Research Institute of Po-
lice Science. As a result, the proposed method achieved an
equal error rate of 2.2 %, while T-norm obtained 2.7 %.
Index Terms: speaker verification, cohort selection, normaliza-
tion, rank threshold

1. Introduction
Speaker verification (SV) systems [1] determine whether a per-
son is who he or she claims to be or not from a voice sample.
Figure 1 shows a traditional SV system which computes nor-
malized scores by comparing the likelihoods between a target
speaker model and background models.

However, the scores of the input feature vectors are vari-
able because of many factors, e.g., phonological change in the
test speech, differences in the microphones and acoustic envi-
ronment, and inaccuracies of the applied models. Thus, score
normalization techniques have been used to compensate for the
score variabilities, so that we can decide stable threshold θ to
normalized score. Several score normalization techniques have
been proposed, e.g., Z-norm [2] and T-norm [3]. T-norm is cal-
culated by equation (??),

S̃tnorm(X) =
S(X)− μλ

σλ
, (1)

where S(X) is the target speaker score for the observations X ,
S̃(X) is the normalized score, μλ is the mean and σλ is the
standard deviation of the impostor scores. Furthermore, T-norm
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Figure 1: Overview of speaker verification system using score
normalization.

is improved by selecting the cohort models from a large num-
ber of speaker models [4]. For example, D.E.Sturim et al. [4]
have proposed a speaker-adaptive cohort model selection tech-
nique (AT-norm) in which K-nearest cohort models are selected
using city-block distance. They reported improvement in verifi-
cation accuracy using the NIST speaker-recognition evaluation
database. K.Ravulacollu et al. [5] have improved T-norm from
the other point of view. They have proposed speaker model
clustering for T-norm (SMC T-norm) using KL distance be-
tween the speaker models in the selected clusters. Then, the
T-norm scores are computed in the selected cluster.

In this paper, we propose a novel speaker verification
method that uses the rank threshold for likelihood ranking in
a set of many background speaker models and a target model.
Although the system calculates likelihoods of the set of models
as well as T-norm, it identifies claimer’s voice by whether the
rank of the target speaker model is within top of θR in the back-
ground models or not, instead of the threshold for scores. Since
a rank is the one of standardized value, we suppose it will be ro-
bust and stable. Hence, we have tried to use the rank threshold
instead of score normalization in this paper.

The remainder of this paper is organized as follows. Sec-
tion 2 describes our proposed method which uses a rank thresh-
old with speaker ranking list in descending order of likelihood
in text-independent speaker verification. Section 3 presents a
large-scale speaker verification corpus in Japanese and experi-
ments. Finally, we summarize the paper in section 4.

Copyright © 2009 ISCA 6-10 September, Brighton UK2367
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Figure 2: Speaker verification system procedure using speaker
ranking selection.
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Figure 3: The blockdiagram of SRS system in the testing stage
using selected cohort subset for each target speaker.

2. Speaker ranking selection
We propose a speaker verification method which determines a
claimer is accepted or rejected by the rank of the claimer in large
number of speaker models instead of score normalization. We
name the method speaker ranking selection (SRS). The method
can set a robust and stable threshold because the rank is not
influenced by subtle score variability. We describe the SRS sys-
tem as our method 1 in subsection 2.1 and a speed-up version
of it as our method 2 in subsection 2.2.

2.1. Ranking in a large number of speaker models

The SRS system consists of two stages, training and testing
stages. In the training stage, as usually, we built each target
speaker’s model from training speech. On the other side, we
built a large pool N of the background speaker (impostor) mod-
els which is compared with the target model. In the testing
stage, the SRS system consists of 3 procedures. Figure 2 shows
the basic structure of the SRS system in the testing stage.

1) The system calculates a target speaker’s log-likelihood,
P (Xin|mTar) and background speaker’s likelihoods,
P (Xin|mSpeaker) against feature vectors which ex-
tracted from a test speech signal, Xin, where mTar is
target model, and mSpeaker is all models in the system
as background models.

2) The system sorts the log-likelihoods in descending order.
Then, a “speaker ranking list” in order of likelihoods is
obtained.

3) The system determines to accept the claimer of test
speech if the rank of claimer is within the rank thresh-
old, θR. The false acceptance rate and the false rejection
rate is controlled by the rank threshold.

2.2. Data driven approach for speaker model selection

In this section, we consider improvement in the speed of the
SRS system. In procedure 1 of the testing stage described in the
previous subsection needs to calculate the likelihoods against
all models in the system. We think it is best for the system to
prepare the speaker model of all the people on the earth. How-
ever, if the system has huge speaker models, the system also
needs huge computation time. To overcome this issue, we pro-
pose a data driven approach which uses cohort selection in the
training stage for reducing the models that should be evaluated
in the testing stage. This approach is similar to AT-norm. Figure
3 shows the structure of the data driven approach for the SRS
method.

First, we compute the likelihoods between each speaker’s
training speech data and all models. Then we select r-closest
speaker models to each target speaker. We name the set of
r-closest speaker models for each speaker the target cohort
speaker models set (Tc ) as equation (2)

Tc = {mc1,mc2,mc3,mc3, · · · ,mcr}, (2)

where mi is i-th cohort model (i = 1, 2, 3, . . . , r, ; r is a num-
ber of cohort model selected). If there are k-training data from
one speaker, we obtain a set of speakers Tkc from each training
data. Then we use union of T1c, T2c, T3c, · · · , Tkc as the target
cohort speaker models set,

Tc = T1c ∪ T2c ∪ T3c ∪ · · · ∪ Tkc

= {mc1,mc2,mc3,mc3, · · · ,mcr}. (3)

In this case, elements of each speaker set Tc are not equal be-
cause of likelihood variability caused by differences, such as
the spoken text and durations among training speeches. Thus,
Tc often consists of more elements than r. Figure 3 shows a
block diagram of using Tc in the testing stage. First, the system
prepares the target speaker model and the target cohort speaker
models, Tc, for the claimer. Next, the system calculates like-
lihoods of all prepared speaker models against the test speech
and obtains the rank of the target speaker model’s likelihood.
Finally, the system determines to accept or reject the claimer by
the rank of the target speaker model. Through the data driven
approach, we expect to reduce computation time from N to rc.

3. Experiments and results
3.1. Large-scale Japanese speaker recognition evaluation
corpus

We conducted text-independent speaker verification experi-
ments using large-scale Japanese speaker recognition evalua-
tion corpus [6,7] constructed by National Research Institute of
Police Science, Japan. This corpus was recorded via 4 kinds
of channel, a bone-conduction microphone, a air- conduction
microphone, and the two kinds of speeches referred over cell
phone respectively. From the corpus, we used utterances col-
lected from 283 Japanese males aged from 18 to 76 years old.
Each speaker uttered 50 ATR phoneme balanced sentences [8],
each of which had a length of about five seconds. Each speaker
uttered twice at one recording session. Since each speaker ut-
tered same contents for 4 times. A full description of the corpus
can be found at [6].

3.2. Conditions

From the corpus, we used 283 Japanese male speakers’ ut-
terances recorded via an air-conduction microphone that were
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recorded in the 2 sessions. The recorded utterances in Second
session was after 2 to 3 months from the first session. For train-
ing data, we used 5 sentences of 50 sentences which were ut-
tered at the first round of the first session by each speaker. In
this experiment, we used the all speakers’ models except the
target model as background models each model as background
models pool N (282 males) without target models. For testing
data, we used the other 45 utterances which recorded in the sec-
ond round of the first and second sessions. In the experiments,
the case which the claimer was correct had 25,470 utterances
(283 speakers, 45 sentences, 2 sessions), meanwhile the other
case which the claimer was incorrect (claimer was impostor)
had 7,182,540 trials (283 speakers, 45 sentences, 282 impos-
tors, 2 sessions).

These utterances, were down-sampled at 16 kHz, seg-
mented into overlapping frames of 25 ms, producing a frame
every 10 ms. A hamming window was applied to each
frame. The 12-dimensional MFCC and the logarithmic en-
ergy (log-energy) were calculated by using Hidden Markov
Model Toolkit (HTK)[9]. After that the 12-dimensional delta-
MFCC and delta-logarithmic energy were extracted from the
quantized MFCC and the logarithmic energy to constitute a
26-dimensional feature vector (12 static MFCCs + logarithmic
energy 12 delta-MFCCs delta-logarithmic energy). Cepstrum
Mean Subtraction (CMS) [10] was applied on the static MFCC
vectors. Then, we conducted experiments with speaker verifi-
cation method based on Gaussian Mixture Model (GMM) [11]
for each speaker and the number of mixture was 96.

3.3. Experiments

To evaluate our methods, we conducted 3 text-independent
speaker verification experiments using large-scale Japanese
speaker recognition evaluation corpus.

Experiment 1:
We compared performance of accuracy using our method

1 with T-norm as traditional score normalization method.
The number of our method 1 models and T-norm models are
283. We evaluated the each performances of DET curves and
minimum decision cost function (minDCF) [12]. The minDCF
is defined as

minDCF = min
θ
{0.1Pmiss(θ) + 0.99Pfa(θ)}, (4)

where Pmiss(θ) and Pfa(θ) are the probability of miss and
false alarm, respectively, at the detection threshold θ.

Experiment 2:
We compared performance of accuracy and computation time

using our method 2 with each cohort size. In this experiment,
we used 5 utterances as training data. As shown equation (3),
each Tc was the union

Tc = T1c ∪ T2c ∪ T3c ∪ T4c ∪ T5c,

so that we had to investigate rc in this experiment.

Experiment 3:
We compared performance of our method 1 using different

session data. We evaluate the method in the case of different
sessions using the large-scale Japanese speaker recognition
evaluation corpus.
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Figure 4: DET curves using ranking speaker selection and T-
norm for the large-scale Japanese speaker recognition evalua-
tion corpus.

3.4. Experimental results

3.4.1. Experiment 1

Figure 4 shows detection error trade-off (DET) plots (Cohort
283) for the large-scale speech corpus in the first session by
using T-norm speaker verification and SRS speaker verifica-
tion. The direction longitudinal axis shows False Rejection Rate
(FRR) and abscissa axis shows False Acceptance Rate (FAR).
The points of SRS on the Figure 4 are dotted each threshold
rank θR. Our method shows improvement across the entire DET
curve compared with T-norm in Figure 4. The best performance
of SRS as Equal Error Rate is about 2.17 % and minDCF [12]
is 0.0092, while the T-norm is 2.72 % and minDCF is 0.0154.

3.4.2. Experiment 2

Figure 5 shows DET plots for the corpus in the first session
using our method 1 speaker verification versus our method 2.
The general trend is that the larger cohort size is below on the
graph. In Figure 5, the cohort size of 35, 70 and 283 are very
similar accuracy each other.

To consider of computation time, we check the actually
used cohort size rc. Table 1 shows average number of elements
for each target cohort speaker models set size. We decided r as
1/4, 1/8, 1/12, 1/16 of the corpus. rmax is maximum size and
rmin is minimum size of target cohort speaker models set. We
can reduce the computation time to rc/N. The best accuracy of
cohort size 35 could reduce the computation time to about 1/5.

3.4.3. Experiment 3

In the experiment 2, the cohort size 283 was the best EER.
Hence, we evaluated our method 1 against utterances in the sec-
ond session, which were recorded after 2 or 3 months from the
first session. Figure 6 shows DET plots for the corpus in the
same session versus the different session using T-norm speaker
verification and SRS speaker verification. The different ses-
sion’s plots of FRR is higher about 40 to 25 % than the same
session’s plots. On the other hand, our method also shows im-
provement across the entire DFT curves of different session in
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Figure 5: DET curves obtained with data driven SRS method for
the large-scale Japanese speaker recognition evaluation cor-
pus.

Table 1: Number of target cohort speaker models.
r rc rmax rmin

18 (1/16) 33 45 23
27 (1/12) 46 69 34
35 (1/8) 57 77 45
70 (1/4) 101 123 80

contrast to T-norm. Additionally, our method kept FAR of both
sessions with the same threshold like T-norm.

4. Conclusions
In this paper, we have presented a novel speaker verification
method that uses the speaker ranking selection (SRS) instead of
score normalization. The method determines to accept or re-
ject a claimer by the rank of the claimer’s model likelihood in a
large number of speaker models. Furthermore, to reduce com-
putation time of the SRS method, we have adopted a data driven
approach which selected cohort speaker for each speaker by
calculated likelihoods between training data and each speaker
model. To evaluate the method, we conducted the speaker ver-
ification experiments using the large-scale speaker recognition
evaluation corpus constructed by National Research Institute of
Police Science, Japan. We used 283 Japanese male speakers’ ut-
terances over 2 sessions for 2 to 3 months from the corpus. As
the result, the SRS method achieved higher performance (EER
2.17 %, minDCF 0.0092) than the traditional T-norm (EER
2.73 %, minDCF 0.0154). Furthermore, the computation time
was reduced to 1/5 using the data driven approach compared
with the original SRS. The method also achieved an stable FAR
to the utterances of 2 or 3 months after. We are now planning
to integrate the rank and the normalized score, because the ten-
dencies of the error of two techniques differ.
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Figure 6: DET curves using ranking speaker selection for the
large-scale Japanese speaker recognition evaluation corpus in
the same session and the different session.
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