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Abstract

The i-vector representation and probabilistic linear discriminant
analysis (PLDA) have shown state-of-the-art performance in
many speaker verification systems. However, in real-world en-
vironments, additive and convolutive noise cause mismatches
between training and recognition conditions, degrading the per-
formance. In this paper, a fusion system that combines a multi-
condition PLDA model and a mixture of SNR-dependent PLDA
models is proposed to make the verification system noise ro-
bust. The SNR of test utterances is used to determine the
best SNR-dependent PLDA model to score against the target-
speaker’s i-vectors. The performance of the fusion system is
demonstrated on NIST 2012 SRE. Results show that the SNR-
dependent PLDA models can reduce EER and that the fusion
system is more robust than the conventional i-vector/PLDA sys-
tems under noisy conditions. It is also found that the SNR-
dependent PLDA models are insensitive to Z-norm parameters.
Index Terms: Speaker verification; i-vectors; probabilistic
LDA; NIST 2012 SRE; noise robustness.

1. Introduction

When a speaker verification system is applied in real world en-
vironments, the system performance can be degraded by the
presence of environmental noise. A lot of research has been
conducted to compensate for the effect of environmental noise.
Among them, much effort has been put into the front-end
processing stage, in which noise robust features are extracted
[1, 2, 3], features are transformed [4] so that they become more
resilience to noise, and noisy speech signals are enhanced [5]
to mitigate noise degradation. Other researches focused on the
backend classification stage and found that this kind of tech-
niques is more promising, especially when joint factor analysis
(JFA) [6] and i-vector/PLDA framework [7, 8] are employed.

In the i-vector approach, a single low-dimension vector
called i-vector is defined to represent the acoustic characteris-
tics (including both speaker and channel) of an utterance. The
low-dimensionality of i-vectors facilitates the usage of classi-
cal statistical techniques such as linear discriminant analysis
(LDA) [9], within-class covariance normalization (WCCN) [10]
and PLDA [11] to suppress the channel-variability [7, 12, 13].
PLDA performs factor analysis on the i-vector space by group-
ing the i-vectors derived from the same speakers in order to find
a subspace with minimal channel variability. PLDA is one of
the most promising techniques in speaker verification.

Based on the i-vector/PLDA framework, more advanced
approaches have been proposed. For example, [14] proposed
an acoustic factor analysis (AFA) scheme, which is essentially
a mixture-dependent feature transformation that integrates di-
mensionality reduction, de-correlation, normalization and en-
hancement together. It was demonstrated that this transforma-
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tion method can remove the need for hard feature clustering and
avoid retraining of the UBM from the new features. In [15], the
AFA concept was further enhanced by replacing the UBM with
a mixture of factor analyzers and a new i-vector extractor was
proposed. Lei et al. [16] adapted a vector Taylor series approach
that integrates additive and convolutive noises into the i-vector
extraction framework. In [17, 18, 19, 20], multi-condition train-
ing, in which a PLDA model is trained by pooling clean and
noisy utterances together, was employed to enhance noise ro-
bustness. [21] trained a collection of individual PLDA models
for each specific condition and found that the Pooled-PLDA is
more appealing due to its good performance as well as the small
number of parameters.

Unlike [21] where the verification score is a convex mixture
of the individual PLDA models weighted by the posterior prob-
ability of the test condition (Eq. 4 of [21]), the SNR-dependent
PLDA models in this paper compute the verification scores by
choosing one of the SNR-dependent PLDA models based on the
SNR of test utterances. Observing the performance improve-
ment in multi-condition training, a fusion system combining a
mixture of SNR-dependent PLDA models and a multi-condition
PLDA model was developed in this work.

The paper is organized as follows. Section 2 describes the
SNR-dependent PLDA models and the fusion system. In Sec-
tions 3 and 4, we report evaluations based on NIST 2012 SRE
[22]. Section 5 concludes the findings.

2. Fusion of SNR-Dependent Systems
2.1. SNR-Dependent Systems

The basic PLDA model considers the i-vector x as an observed
variable following the generative model [23]:
x=m+ Vz+e€ (H
where m is the global offset; the columns of V define the basis
of the speaker subspace; z is the latent variable and € is the
residual noise assumed to follow a Gaussian distribution with
zero mean and full covariance 3. An EM algorithm [11] is
applied to estimate the parameters of the factor analyzer.
Classical Gaussian PLDA assumes that x follows a Gaus-
sian distribution. However, the assumption of single Gaussian is
rather limited, especially under noisy environments with a wide
range of signal-to-noise ratio (SNR). In this situation, a group of
SNR-dependent PLDA models in which each model is respon-
sible for a small range of SNR are more suitable. Specifically,
the parameters of each SNR-dependent PLDA model are esti-
mated independently by an EM algorithm [11] using training
data contaminated with different level of background noise.
In this paper, we evaluate the idea of SNR-dependent PLDA
via common conditions 4 and 5 of NIST 2012 SRE. Because
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Figure 1: The dataflow of SNR-dependent PLDA scoring and linear score fusion.

noise at 6dB and 15dB have been added to some of the sound
files in the test segments of the SRE, we added noise to the
training files at the same level to create 3 SNR-dependent PLDA
models: 6dB, 15dB, and clean (using the original sound files).
During verification, the SNR of the test utterance determines
which of the SNR-dependent PLDA models and which cate-
gory (6dB, 15dB or clean) of target-speaker’s i-vectors should
be used for scoring:

b < m, use 6dB PLDA and target’s i-vectors
If¢ 1 < ¥ <mn2, usel5dBPLDA and target’s i-vectors
e > mo, use clean PLDA and target’s i-vectors
2
where /, is the SNR of the test utterance, and 71 and 72 are de-
cision thresholds. Fig. 1 shows the dataflow of SNR-dependent
PLDA scoring.

Because the three PLDA models produce scores at different
ranges, the scores should be normalized before computing the
EER and minDCF. We applied SNR-dependent Z-norm to the
PLDA scores, with the three sets of Z-norm parameters found
independently using the training files contaminated with differ-
ent level of background noise.

2.2. Fusion of SNR-Dependent System

The fusion system combines the SNR-dependent system and the
SNR-independent system. In Fig. 1, the upper part is the SNR-
independent system whose PLDA model is trained by pooling
the training data with variable noise levels. The lower part is
the SNR-dependent system. It can be observed from the figure
that in the SNR-dependent system the test i-vector is fed to one
of the SNR-dependent PLDA models and is scored against the
corresponding i-vectors of the target speaker. The fusion system
linearly combines the SNR-independent system and the SNR-
dependent system:

s=ws; + (1 —w)sq 3)

where s; is the normalized score from the SNR-independent
system, sq is the normalized score from the SNR-dependent
system, w is the combination weight and s is the fused score.
As described earlier, the Z-norm parameters represented by
w1 and o in Fig. 1 are derived independently from the i-vectors

used for training the PLDA models. The scores obtained from
the SNR-independent system are also normalized to make sure
that they are consistent with those obtained from the SNR-
dependent system.

Besides the linear fusion described in Fig. 1 and Eq. 3, lo-
gistic regression fusion [9, 24] also can be employed:

s = o+ a18; + 284 “4)

where o is an offset, and a1 and a2 are the fusion weights for
s; and sq, respectively. The only difference between logistic
regression fusion and linear fusion is that fusion parameters o,
a1 and a in the former are derived from development data.

3. Experiments
3.1. Speech Data and Acoustic Features

The phonecall speech in the core set of NIST 2012 Speaker
Recognition Evaluation (SRE) [22] was used for performance
evaluation. In the evaluation dataset, noise was added to the test
segments of common condition 4 and the test segments in com-
mon condition 5 were collected in noisy environments. There-
fore, this paper focuses on these two common conditions. The
training segments comprise conversations with variable length.
We removed the 10-second utterances and the summed-channel
utterances from the training segments but ensured that all target
speakers have at least one utterance for enrollment. The speech
files in NIST 2005-2010 SREs were used as development data
for training gender-dependent UBMs, total variability matrices,
LDA-WCCN, PLDA models and Z-norm parameters.

Speech regions in the speech files were extracted by using
a two-channel VAD [25]. 19 MFCCs together with energy plus
their 1st- and 2nd-derivatives were extracted from the speech
regions, followed by cepstral mean normalization and feature
warping [4] with a window size of 3 seconds. A 60-dim acous-
tic vector was extracted every 10ms, using a Hamming window
of 25ms. For each clean training file, we randomly select one
out of the 30 noise files from the PRISM dataset [26] and added
the noise waveform to the file at an SNR of 6dB and 15dB us-
ing the FaNT tool [27]. Because the SNR-dependent PLDA re-
quires the SNR of test utterances, we used the speech voltmeter
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Figure 2: SNR distributions of test utterances in CC4 and CC5
of NIST 2012 SRE.

function in FaNT and the VAD decisions to estimate the SNR
of the test files.

3.2. I-Vector Extraction and PLDA Models

The i-vector systems are based on gender-dependent UBMs
with 1024 mixtures and total variability matrices with 500 to-
tal factors. Microphone and telephone utterances from NIST
2005-2008 SREs were used for training the UBMs and total
variability matrices. Following [13], within-class covariance
normalization (WCCN) [10] and i-vector length normalization
[23] were applied to the 500-dimensional i-vectors. Because
noise at 6dB and 15dB has been added to some of the sound
files in the test segments of the SRE, we added noise to the
training files at the same level to create 3 SNR-dependent PLDA
models: 6dB, 15dB, and clean (using the original sound files).
PLDA and SNR-dependent PLDA models with 150 latent vari-
ables were trained using the clean and noise contaminated i-
vectors.

Both SNR-independent and SNR-dependent PLDA and
mixture of PLDA models were trained. For the former,
we pooled the 6dB (tel), 15dB (tel), and original (tel+mic)
speech files in 20062010 SRE — excluding speakers with less
than two utterances — into a single training set. An SNR-
independent PLDA model with 150 factors was then trained.
For the SNR-dependent PLDA, the 6dB, 15dB, and original
speech files were independently used to train three PLDA mod-
els, each with 150 factors.

The scoring procedures for SNR-independent and SNR-
dependent models are different. For SNR-independent PLDA
models, each of the test i-vectors was scored against the target-
speakers’ i-vectors derived from the telephone sessions of orig-
inal (clean) speech files using the conventional PLDA scoring
function [23]. For SNR-dependent PLDA models, as Eq. 2 de-
scribes, one of the SNR-dependent PLDA models was chosen
to score against the corresponding target’s i-vectors based on
the SNR of the test utterance.

3.3. Fusion of SNR-Dependent PLDA models

As mentioned in Section 2.2, both a predefined fusion weight w
in the linear fusion and the fusion parameters (ao, a1 and a2)
in the logistic regression fusion can be used for score fusion.
For the latter, the fusion parameters in Eq. 4 were derived from
the PLDA scores obtained from the original, 15dB and 6dB i-
vectors used for training the PLDA models.
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e CC5
Method | 1n2 - -
EER(%) | minDCF [[ EER(%) | minDCF

PLDA -] - 3.42 0.33 3.30 0.32

3115 357 0.47 2.93 0.29
SNR.PLDA |3 20] 334 0.46 3.00 0.29

3125 333 0.46 3.03 0.29

5250 414 0.52 3.03 0.29

Table 1: Performance of PLDA (pooling) and SNR-dependent
PLDA for male speakers in CC4 and CC5 of NIST 2012 SRE
(core set). 11 and 72 are the decision threshold in Eq. 2.

. Ccc4 CCs
Fusion Method w n -
EER(%) | minDCF [| EER(%) | minDCF

0.3 2.95 0.39 2.87 0.28
0.4 291 0.37 2.94 0.28

Linear Fusion 0.5 2.94 0.34 2.96 0.28
0.6 2.99 0.33 3.00 0.29
0.7 3.03 0.32 3.06 0.29

Logistic Regression | — 3.06 0.32 2.93 0.29

Table 2: Performance of the fusion system in CC4 and CCS5 of
NIST 2012 SRE (core set). w is the weight in Eq. 3. Fusion
parameters «, o1 and a2 in Eq. 4 are —16.99, 7.01 and 1.24
for CC4 and —12.89, 2.61 and 3.30 for CC5. The decision
thresholds 771 and 72 in Eq. 2 were set to 3 and 20, respectively.

Recall that score normalization is necessary for both SNR-
independent and SNR-dependent systems. The Z-norm parame-
ters represented by p and o in Fig. 1 were derived independently
from the i-vectors used for training the PLDA models. Specifi-
cally, ptein and o, were derived from the original speech files,
wisap and 01545 were derived from both the original and 15dB
speech files, and peqap and osqp were derived from the origi-
nal, 15dB and 6dB speech files. The reason for this arrange-
ment is to make scores produced by the three PLDA models in
the SNR-dependent system to have the same ranges. Besides,
Wmuiti and o,y Were derived by pooling the original, 15dB
and 6dB i-vectors together.

4. Results and Discussions
4.1. Performance Analysis of the SNR-Dependent System

Fig. 2 shows the SNR distributions of test utterances in CC4
and CC5 in 2012 SRE. Based on the distributions, the decision
thresholds for SNR-dependent PLDA were set. Table 1 shows
the EER and minimum DCF (minCymay) achieved by multi-
condition PLDA (baseline),' and the SNR-dependent PLDA in
CC4 and CC5 of NIST 2012 SRE with different thresholds.
From the table, it can be observed that in CC4, when fixing
m = 3, which means the number of test utterances employ-
ing 6dB PLDA model is fixed, increasing n2 can slightly im-
prove performance. When fixing 72, say at 25dB, in Table 1,
increasing 71 degrades the performance, which implies that the
6dB PLDA model is too noisy for CC4. When appropriate
thresholds (say 71 = 3 and 2 = 20) are selected for CC4,
SNR-dependent PLDA performs better than the multi-condition
PLDA in terms of EER, but with the expense of minimum DCF.
For CCS5, when fixing 171 = 3, increasing 7> increases EER
slightly and when fixing 72 = 25, 71 = 3 and n; = 5 give the

'We did not use the PLDA trained by clean utterances as the base-
line because it has been shown [18, 28] that using clean utterances ex-
clusively for training leads to poorer performance.
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Figure 3: DET curves of the pooling, SNR-dependent and fused
systems with different normalization parameters.

same performance, which means that no test utterance in CC5
has SNR smaller than 5dB and this can also be observed from
Fig. 2. The SNR-dependent PLDA improves performance for
CCS comparing with the baseline.

4.2. Performance Analysis of the Fusion System

Table 2 shows the performance of the fusion systems in CC4
and CC5 with different fusion weights. The decision thresh-
olds used in the SNR-dependent system were set to n; = 3 and
n2 = 20. For CCS5, w = 0.3 leads to the best performance and it
is better than both the baseline and the SNR-dependent PLDA.
As shown in Table 1, the SNR-dependent PLDA performs sig-
nificantly better than the SNR-independent PLDA in CC5. As
a result, a small fusion weight allows the SNR-dependent sys-
tem to have greater contribution to the fusion system, result-
ing in better performance. This can be observed in CC5 of Ta-
ble 2 where a small weight (w = 0.3) leads to the best perfor-
mance. For CC4, a large fusion weight tends to achieve a lower
minDCF but with a slightly increase in EER. However, when
considering both EER, minDCF and DET performance, the fu-
sion system performs better than either of SNR-dependent and
SNR-independent systems, as evident in Fig. 3, Table 1, and
Table 2. While the results show that logistic regression fusion
is slightly inferior to the best linear fusion, it does not require
using test data to determine the optimal fusion weights. Instead,
its fusion weights were determined from development data.

Fig. 3 shows the DET curves for CC4 of the systems with
different normalization parameters. The thresholds are 71 = 3
and 72 = 20 for the SNR-dependent PLDA, and w = 0.7 for
the fusion systems. The normalization parameters in the fig-
ure are derived from test data (tst norm) and training data (trn
norm). The results suggest that SNR-dependent systems per-
form better than the SNR-independent baseline (pooling) and
that the fusion systems further improve the performance. Al-
though the performance of the SNR-dependent system with Z-
norm parameters obtained from training data (trn norm in the
legend of Fig. 3) is very close to that of the baseline, combining
the SNR-dependent system and the SNR-independent system
(pooling) can improve the performance for a wide range of de-

CC4 (male)
10 g T T
Pooling
Z-norm mean= p

cin

. . Z-normmean=pu_ -0.1c
cin

cin
Z-norm mean=p_ +0.1c
cn cin

Miss probability (in %)

1 i i i
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Figure 4: DET curves of SNR-dependent systems normalized
by different parameters ( ficin, = —86.5, cin, = 64.8)

cision thresholds.
4.3. Sensitivity Analysis of Z-norm Parameters

One important factor that can affect the performance of the
SNR-dependent system and the fusion system is the Z-norm pa-
rameters. It is difficult to guarantee that the Z-norm parameters
derived from training data can make the three PLDA models
to output scores that fall on the same range. Therefore, it is
necessary to investigate the sensitivity of the system with re-
spect to the Z-norm parameters. An experiment was performed
to examine how the deviation of Z-norm parameters affects the
performance of the systems. In this experiment, CC4 was used
and the normalization parameters fta, and pses in Fig. 1 were
perturbed around the respective Z-norm mean (fta, and fiisas)
obtained from test data. Because the number of trials using 6dB
PLDA model is too small, the effect of 1 Was not examined.
Fig. 4 shows the DET curves obtained by perturbing fi.,. When
Uen 1s changed within 10% of o.,, the SNR-dependent system
still performs better than the SNR-independent (pooling) sys-
tem. Similar results were also obtained by perturbing f4;sqs.

5. Conclusions

In this paper, fusion of SNR-dependent PLDA models was pre-
sented. Both SNR-dependent and fusion of SNR-dependent
models were evaluated on the core set of NIST 2012 SRE. Per-
formance of the SNR-dependent PLDA model depends on the
decision thresholds and the degree of match between the SNR
of test utterances and the SNR-dependent PLDA models. By al-
lowing each of the SNR-dependent PLDA model to focus on a
small range of SNR, the proposed method successfully reduces
the mismatch between the PLDA model, the target-speakers’ i-
vectors and the test i-vectors. Besides, the performance of the
SNR-dependent PLDA model is affected by Z-norm parame-
ters. Fusion of SNR-dependent and SNR-independent PLDA
models can bring benefit even though the SNR-dependent mod-
els have similar performance as the baseline due to inaccurate
Z-norm parameters.
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