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Abstract

This paper reports the IIR speaker recognition system for the
summed channel evaluation tasks in the NIST SRE 2008 and
2010. The system includes three main modules: voice activity
detection, speaker diarization and speaker recognition. The
front-end process employs a voice activity detection algorithm
for effective speech frame selection. The speaker diarization
system that was developed for 2007 and 2009 NIST RT
Evaluations is adopted for summed channel speech
segmentation. A hybrid purifying and clustering algorithm is
developed to segregate the summed channel speech by
speakers. The GMM-SVM speaker recognition system is
adopted to evaluate the performance with both MFCC and
LPCC features. The system achieves an overall EER of 3.46%
in the lconv-summed task and 1.87% in the 8conv-summed
task, respectively, where only all English trials are involved.

Index Terms: speaker recognition, speaker diarization,
summed channel

1. Introduction

In the core test of the NIST Speaker Recognition Evaluations
(SREs), each of the telephone trials contains one two-channel
telephone conversational excerpt with the target speaker
designated from one of the channels [1, 2]. The two-channel
excerpt often refers to the four wires (4-wire) telephone
recording. However, the 4-wire recording is not always
available in many practical application scenarios. With a
typical analogue telephone set at home or in office, the
conversations in the two channels are usually summed to a
single track. It is denoted as 2-wire or summed-channel
recording.

Since 2005, the summed-channel speaker recognition has
been one of the evaluation tasks in the NIST SREs, especially
in 2008 and 2010 [1, 2]. In such a task, two voices from both
side of the conversation are summed together. The challenge
is to distinguish the voice of the intended target speaker from
that of another speaker. Assuming the speakers take turns to
speak most of the time, we can apply the multi-speaker
segmentation or speaker diarization methods to segregate the
voices by different speakers [3,4,5,6].

In this paper, we are interested in speaker recognition of
two of the summed-channel tasks, 1conv-summed and 8conv-
summed in the NIST SRE 2008 and 2010. The training data,
Iconv and 8conv, consist of one and eight conversational
excerpts of approximately 5 minutes of speech each excerpt,
only involving the target speaker on the designated side, while
other speaker voice is recorded on another side or channel;
while the test data, summed, consist of one summed-channel
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telephone conversational excerpt of approximately 5 minutes
of speech in a single summed channel.

We take advantage of our speaker diarization techniques
developed in the 2007 and 2009 NIST Rich Transcription
(RT) Meeting Recognition Evaluation (RT-07 and RT-09) [3]
for summed-channel speech segregation. In this way, one can
consider the proposed speaker recognition system to have a
two-steps process - speaker diarization followed by speaker
recognition, as illustrated in Figure 1.

Speaker diarization is a task to detect “who spoke when”
in the meeting recordings. We first use a spectral subtraction
based voice activity detection (VAD) [7] to remove the non-
speech frames. In speaker diarization, we employ an effective
purification process [3, 4] in combination with the Viterbi
decoding algorithm to cluster the summed channel speech data
into two separate channels. The speaker recognition is based
on the GMM-SVM modeling technique [8]. While there are
both English and non-English trials [1] in NIST SRE 2008
lconv- and 8conv-summed tasks, only English trials exist in
the NIST SRE 2010 1conv- and 8conv-summed tasks [2]. We
only report results of English trials in this paper.

Enroliment
—
Feature Speaker
‘*“F > ; peal Speaker Model
Database
1/8 conv wave \ /
VAD for
Test Frame
Selection
Channel 1

/ \ Feature A 4
Speaker
Feature Speaker Model
-' Extraction

Diarization
\ Channel 2
Summed wave Feature
Score

Figure 1. Diagram of speaker recognition system for NIST
SRE 2008 and 2010.

The paper is organized as follows. In Section 2 we give an
overview of the voice activity detection for the feature frame
selection. The hybrid speaker diarization is introduced in
Section 3. The experimental results are reported in Section 4.
Finally, we conclude in Section 5.

2. Voice Activity Detection for Speech
Frame Selection

We study a spectral subtraction process [9, 10] for noise
reduction to assist the VAD process. We choose the spectral
subtraction technique for its low computational cost and
implementation complexity. The basic idea of the spectral
subtraction is to suppress the additive noise in the corrupted
speech signals. The estimate of the original and clean signal
spectrum is obtained by subtracting an estimate of the noise
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power (or magnitude) spectrum from the noisy signal.
Detailed descriptions can be found in [7]. We apply an over-
subtraction factor 1.2 in the noise reduction to facilitate the
energy based speech frame selection, and a subtraction factor
1.0 for full noise subtraction.

A speech frame i that meets the following energy criteria
is selected for further processing.

M
2= P(i)>T,

nin

where P(i) is the power in decibel scale (dB) or standard
deviation of the i-th frame after spectral subtraction, max(.) is
an operator to find the maximum power level in all the frames
in the current utterance, T,, is the cutoff SNR threshold from

the maximum power level, and the 7, is the minimum power

threshold required for the frames. The full scale input voice
signal is in the range [-1, 1]. The parameter T, is set to be

48 dB and T to be -75 dB in this study. Under this frame

min
selection scheme, the higher the value of is, the more

T:S‘NR
feature frames are selected. The spectral subtracted speech
signal is used just for frame selection. The acoustic features
for speaker recognition and speaker diarization are still
derived from the original speech signals.

3. Speaker Diarization

During speaker diarization, the initial speaker purification
might affect the subsequent speaker merging and clustering.
We propose a hybrid speaker diarization strategy for the
summed channel audio segmentation to improve the initial
clusters. This is inspired by findings in RT-07 an RT-09
speaker diarization evaluations [3, 4]. The strategy consists of
a GMM based progressive purification process and a Viterbi
decoding process for clustering. Since we have already known
that there are only two speakers in each summed channel, we
can apply BIC criterion [4, 11] directly to merge the similar
speech segments until two clusters are left. We summarized
the proposed hybrid clustering method in Algorithm 1.

4. Speaker Recognition

The summed channel speaker recognition experiments were
conducted on the 1conv-summed and 8conv-summed subtasks

of the NIST SRE 2008 (SRE08) and NIST SRE 2010 (SRE10).

We implemented the GMM-SVM speaker models with MFCC
and LPCC features in the experiments.

4.1. GMM-SVM Speaker Recognition

Two acoustic features MFCC and LPCC were used. A 16-
dimenison MFCC features were generated for each speech
frame with a window of 30ms and a frame shift of 12.5ms.

By including the 16-dimension of the first derivatives and
the 14-dimension of the second derivatives, a MFCC feature
vector consists of 46 dimensional features. 46-dimension
LPCCs were generated in the same way. The VAD described
in Section 2 was used to select the speech frame and remove
non-speech frames. The selected feature vectors were
processed by RASTA filtering [14] and cepstral mean and
variance normalizations (MVN).
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Algorithm 1: Speaker Diarization Algorithm.

Step 1.  Identify the speech and non-speech frames using
the voice activity detection algorithm described

in Section 2.

Extract a LPCC feature vector for each of the
speech frames from the summed channel. Unlike
in speaker recognition, feature normalization is
not applied in speaker diarization.

Step 2.

Step 3. Divide the speech frames into segments of 2
second in length and uniformly group them into
15 initial clusters.

Step 4. Perform the initial cluster purification via EM
and MAP adaptation [12] as follows:

4a. Train a Root GMM with 2 mixture
components using all the clusters;

Train all the cluster-dependent GMMs by
adapting the Root GMM based on MAP;
Evaluate all the segments against the
cluster-dependent GMMs and relocate the
segments into the GMMs accordingly;
Repeat the steps 4b and 4c until no segment
changes is found;

Increase the size of GMM model by 2 and
repeat step 4a) untii GMM model size is
equal to 16.

4b.

4c.

4d.

de.

Based on the initial purification, we apply
Viterbi decoding, MAP adaptation and BIC
approaches to re-segment the recordings, and
purify and merge the clusters.

Step 5.

5a. Train the Root GMM with 10 mixture
components using all the clusters;

5b. Retrain the cluster GMMs by adapting from
the Root GMM;

Sc. Conduct Viterbi decoding to re-segment the
recordings;

5d. Repeat steps 5a ~ 5d for several times until
segmentation convergence;

Se. Compute the BIC score for each pair of the
clusters;

5f.  Find the pair with the largest BIC score and
merge the pair of clusters;

Sg. Retrain step 5a ~ 5f until the number of

clusters is reduced to 2.

We built two classifiers GMM-SVM-MFCC and GMM-SVM-
LPCC using two different features [8]. A gender-independent
universal background model (UBM) with 1024 Gaussian
mixture components was first built, and the speaker GMM
models were adapted from the UBM via a MAP algorithm
[12]. We formed a GMM supervector for a conversation
which is normalized by its standard deviation and weighted by
the squared root of the weights of the Gaussian mixtures. The
SVMTorch [15] is used to train the SVM model. The channel
normalization was conducted using Nuisance Attribute
Projection (NAP) [8] to project out the nuisance subspace
from the original supervector space. The rank of NAP is set to
be 60.

The NIST SRE 2004 corpus was used as the background
training data set for UBM as well as the background speaker



set for SVM training. At the same time, the NIST SRE 2004
corpus is also used to derive the NAP matrix.

For the speaker recognition, a variety of score
normalization approaches [16] have been proposed for a
robust decision. We compared the Tnorm, Znorm, TZnorm
and ZTnorm, and found that the TZnorm score normalization
gave an overall better performance than others in this GMM-
SVM speaker system. Hence, we only report the experimental
results based on the TZnorm scores normalization. In the
experiment, the NIST SRE 2005 1-side training data were
used for training cohort models in Tnorm and the NIST SRE
2004 data were used as imposter speech utterances in Znorm.

4.2. System Fusion

The speaker recognition system is a score fusion of the two
GMM-SVM classifiers, GMM-SVM-MFCC and GMM-SVM-
LPCC:

@

where N=2 is the number of classifiers and s(f,7) is the

score of either GMM-SVM-MFCC or GMM-SVM-LPCC of
the i-th trial. The fusion parameters consist of the classifier
specific weights and a global bias . We used FoCal toolkit
[13] to optimize the detection cost and find the fusion
parameters. The detection cost function (DCF) is a weighed
sum of miss detection and false alarm rates defined in the
NIST SRE evaluation plans [1, 2], and is given as follows:

DCF = CMLSS x PM[SS\Targel X PTa.rgel (3)
+Crutsertarm * Pratseatarmmontarger X 1 = Prarger)
where Cy, =10, P, =1 and Cypm =0.01. We report

the speaker recognition performance by both the equal error
rate (EER) and DCF.

4.3. Summed Channel Test

Since NIST provided all the automatic speech recognition
(ASR) transcripts for the evaluation data in the speaker
recognition. Similar to what is in [6], we are able to recover
about 50% 2-wire transcripts from the corresponding 4-wire
ASR files in the SREO8 summed channel test set. These 4-
wire ASR transcripts provide the speakers’ voice activity
information. We have used these recordings as the
development data set to evaluate the speaker diarization
performance on SREOS test set.

Based on the development data set, we achieved 12.51%
diarization error rate (DER) with overlapping speakers [17]
and 4.75% DER without overlapping speakers. The DER is
computed as follows [17].

DER = x100(%) 4

SE + MS+FA
SPK
where the speaker error time (SE) is the total time that is
attributed to the wrong speaker, the missed speaker time (MS)
is the total time in which less speakers are detected than what
is correct, the false alarm speaker time (FA) is the total time in
which more speakers are detected than what is correct, and
scored speaker time (SPK) is the sum of every speaker’s

utterance time as indicated in the 4-wire ASR file.
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By applying the speaker diarization, each summed channel
recording was clustered into two separate tracks for two
speakers. Each file contains the speech of a single unknown
speaker. Since the designated speaker is unknown, both of the
two tracks of speech were evaluated against the target speaker
model, and we selected the higher speaker recognition score as
the matching result.

4.4. Experiment Results

To appreciate how we benefit from the speaker diarization
process, we first conducted speaker recognition experiments
with the summed speech data without separating the speakers.
Then, we applied the speaker diarization before the speaker
recognition to verify the performance. The experimental
results for SREO8 Iconv-summed and 8conv-summed tasks
are shown in Table 1 and Table 2, respectively.

In Table 1, it can be seen that the speaker diarization
method significantly improves the summed channel speaker
recognition performance in terms of both EER and minimum
DCF. Fusing the GMM-SVM-MFCC and GMM-SVM-LPCC
classifiers, giving 4.45% and 4.51% EER respectively, we
obtained an EER of 3.46%, with 22% relative improvement.
This suggests that MFCC and LPCC features are
complementary. With the help of speaker diarization, we
achieved an EER of 3.46% and a minimum DCF of 1.56%,
representing a 48.2% relative improvement in EER, and
43.1% relative improvement in minimum DCF.

Table 1. EER and min DCF for the SREO8 1conv-summed
subtasks (All English Trials) before and after diarization.

Male Female All
Seg. Feature  EER DCF EER DCF EER DCF
% x100 % x100 % x100
MFCC 6.98 301 767 294 7.47 298
Before LPCC 6.84 315 7.79 310 7.50 3.18
Fusion 6.04 276 697 2.69 6.68 2.72
MFCC 4.01 213 463 225 445 213
After LPCC 3.57 2,02 481 212 451 222
Fusion 332 155 370 158 346 1.56

Table 2. EER and min DCF for the SREO8 8conv-summed
subtasks (All English Trials) before and after diarization.

Male Female All
Seg. Feature EER  DCF EER DCF EER DCF
% x100 % x100 % x100
MFCC 447 202 425 177 422 1091
Before LPCC 432 210 425 183 421 2.00
Fusion 383 191 4.16 1.61 4.08 1.77
MFCC 258 123 170 0.77 204 103
After LPCC 244 134 177 079 211 104
Fusion 200 0.63 150 0.65 1.87 0.65

In Table 2, we report the performance on the SREOS
8conv-summed task. We observe a high EER reduction from
4.08% to 1.87% by applying speaker diarization.

We also summarize the Detection Error Tradeoff (DET)
curves of SRE08 1conv-summed and 8conv-summed tasks in
Figure 2 and Figure 3, respectively, where minimum DCF is
marked with red cycle.
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Figure 2. SRE0O8 1conv-summed channel subtask DET curves
with and without diarization (All English Trials).
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Figure 3. SREO8 8conv-summed channel subtask DET curves
with and without diarization (All English Trials).

We applied the same technique in SRE10 evaluation task.
Table 3 and Figure 4 summarize the fusion results and DET
curves of SRE10. We only report SRE10 results with speaker
diarization pre-processing, as submitted in NIST SRE 2010 by
IIR site.

Table 3. EER and min DCF for the SRE10 1conv-summed and
8conv-summed subtasks after diarization.

. Male Female All
After Segmentation c c .
and fusion EER DCF EER DCF EER DCF
% x100 % x100 % x100
1conv-summed 396 160 4.75 2.06 4.26 1.96
8conv-summed 169 079 245 0.83 236 0.87

IR submitted results in SRE10
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Figure 4. DET curves of IIR submission in SRE10 for 1conv-
summed and 8conv-summed subtask.
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5. Conclusions

This paper presented the speaker recognition system for the
NIST SRE 2008 and 2010 summed-channel tasks. The hybrid
speaker diarization was proposed to segregate the speech in
the single channel by speakers. The speaker diarization has
reduced the speaker recognition EER by 48.2% and 54.2% on
the NIST SRE 2008 1conv-summed and 8conv-summed tasks,
respectively. The experiments also suggest that there is an
obvious benefit fusing two GMM-SVM speaker recognition
classifiers based on MFCC and LPCC features. The
experiments show that the proposed method performs
consistently in both SRE08 and SRE10 summed channel tasks.
Moving forward, we would like to test out the system on NIST
speaker recognition tasks in which both the training data and
test data are recorded in a summed channel.
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