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Abstract

In this paper we present our system for the task 2 of the Short-
duration Speaker Verification (SdSV) Challenge 2021. This
task focuses on benchmarking and varying degrees of phonetic
variability analysis of short-duration speaker recognition sys-
tem. The main difficulty exists in the variance between cross-
lingual trials, along with the limited in-domain Farsi training
data. Based on the state-of-the-art ResNetSE speaker embed-
ding network, we propose a novel network architecture with in-
domain data finetuning and novel scoring methods, and achieve
significant improvement over the ResNetSE baselines. Further-
more, score calibration on duration efficiently improve the ro-
bustness. Finally, our system with fusion of 10 subsystems
achieve satisfying results in MinDCF and EER of 0.0394 and
0.84% respectively on the SASVC evaluation set.

Index Terms: speaker recognition, ResNet models, SASV chal-
lenge

1. Introduction

Speaker verification refers to the task of determining whether a
test audio was spoken by a target speaker. The Short-duration
Speaker Verification (SdSV) Challenge 2021 focuses more on
the short-duration and phonetic variability problems in speaker
verification. This task is designed with a fixed training dataset
consisting of VoxCelebl [1], VoxCeleb2 [2], LibriSpeech [3]
and a part of the DeepMine corpus [4]. Trials consists of Farsi
enrollment utterances and a test utterance which can be either
Farsi or English speech. This brings the problem that most of
the training data except DeepMine are spoken in English, mak-
ing it hard to get satisfying performance on out-domain data
spoken in Farsi. For this reason, the key issue is to build robust
speaker verification system to reduce the language mismatch
with the constraint of audio duration.

We solve this problem in three ways. Firstly, we im-
prove the structure of baseline ResNetSE models, change the
sequence of layers in residual block to train and generalize bet-
ter. Moreover, we investigate Angular prototypical Loss [5] and
circle loss [6] in our work. These modifications bring obvi-
ous improvement in speaker embedding extractor. Secondly,
after the speaker embeddings are extracted, several novel scor-
ing methods based on cosine similarity and PLDA are used for
scoring. To reduce the mismatch in duration of enrollment and
test utterance, we take an enhanced cosine score and reverse s-
core procedure. Finally, system fusion is used to obtain the final
submission by bosaris toolkit [7].

The rest of the paper is organized as follows. In section 2,
we introduce the dataset and our data preparation for this chal-
lenge. Section 3 describes our Sogou submission,including the
model architectures and back-ends. Section 4 shows the detail
performance and the analysis. Finally, Section 5 concludes the
paper with final remarks.
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2. DataSet
2.1. Training data

According to the evaluation plan of SASV 2021, the task 2 is a
fixed training condition where the system should only be trained
using a designated set. The available training data is limited as
follow:

* VoxCelebl

* VoxCeleb2

¢ LibriSpeech

¢ Mozilla Common Voice Farsi

¢ DeepMine (Task 2 Train Partition)

Among these datasets, VoxCeleb 1, Voxceleb 2 and Lib-
riSpeech contain only English speakers which has language
mismatch to the evaluation set. DeepMine data for task 2 only
contains text-independent Persian utterances from 588 speaker-
s. Mozilla Common Voice are also Farsi speakers but no exact
speaker labels were supplied. It is forbidden to use any other
public or private speech data for training.

2.2. Test data

In task 2, each trial in the evaluation set contains a test utterance
and a target model. The enrollment data for target model con-
sists of one to several variable-length utterances with a duration
of roughly 4 to 180 seconds. The duration of the test utterances
varies between 1 to 8 seconds. More details can be found in [8].

2.3. Data preparation

In our experiments, we make use of all allowed training data
with speaker label except the VoxCelebl test partition as our
training data, totally 10249 labeled speakers. It is also used for
training back-end models such as PLDA. During network train-
ing, additive noise from MUSAN corpus [9] and room impulse
response (RIR) simulation [10] are used as data augmentation,
which is randomly selected in every training step. VAD is not
contained in the training phase because there exist very few si-
lence in training speech. But in the test phase, LSTM-VAD is
used. To reduce the language mismatch between training data
and test data, we finetune the model on the DeepMine corpus
which contains only 588 speakers.

3. Sogou submission

This section describes the Sogou SASVC final submission.
Compared with a regular ResNetSE baseline, we propose our
improvement on the network and scoring in the subsequent sec-
tions.
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3.1. Speaker Models
3.1.1. Baseline ResNetSE Model

Residual networks has been widely used in image recognition
and recently has been applied to speaker recognition success-
fully. We use ResNet with Squeeze-and-Excitation(SE) layer
as our first speaker model.The network structure can be regard-
ed as three parts: a front extractor which learns a frame-level
representation from the input acoustic feature, an encoder layer
which aggregates frame-level features into utterance-level rep-
resentation and produces a fixed dimensional speaker embed-
ding, and a classifier which measures the training loss.

Table 1 shows the detail of the ResNetSE architecture. The
input features are first processed by the initial convolution and
the following 4 residual blocks. The detail of a residual block
with SE module is shown in Figure 1. Then the feature maps are
fed into the pooling layer to aggregate frame level information
and finally transformed into a fixed dimensional vector for loss
functions. In our implementation, Self-attentive pooling (SAP)
is used as the encoder layer. The speaker embeddings are 512-
dimensional and the loss is the Angular Prototypical loss. We
use Adam gradient descent with initial learning rate equal to
0.001 to train the models and the learning rate reduced by 25%
every three epochs.

Table 1: Trunck architecture for ResNetSE model. L : length of
the input sequence.

Layer Kernel size Stride Output

Convl 3 x3x32 1x1 L x 64 x 32
3 x3x32

Block1 [3><3><32] 6 1x1 L x 64 x 32
3x3x64

Block2 {3><3><64}X16 2x2 L/2x64x32
3 x 3 x 128

Block3 [3 % 3 % 128] x24 2x2 L/4x64x32
3 x 3 x 256

Block4 {3 % 3 % 256} 3 2x2 L/8x64x32

Flatten - - L/8 x 2048

Pooling - - 4096

Linear 512 - 512

3.1.2. ResNetSEV2 Model

As it described in [11], the residual block in ResNet baseline
model performs the following computation:

yi = h(z) + F(x, W) (D

Ti+1 = f(yz) (2)

where the I’ denotes the residual function, x; is the input feature
to the 1-th Residual block,the function f is the operation after
element-wise addition. In resnet structure, if function h and f
are identity mapping ,we can get

L—1
T = x + Z F(l’z,Wl)

i=l

3
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for any layer L recursively. From the chain rule of back-

propagation we have

Oloss _ 0Oloss Oxr,

8%‘1 - 837[, 37331

) L—-1
<1 + 7L ; F(z;, WJ)

This suggests that if we make f and h an identity mapping the
signal can be directly propagated from any unit to another, not
only within a residual unit, but through the entire network both
forward and backward, which is better for network training.

“
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Figure 1: residual block in our models.

This can be done by rearranging the activation functions in
network. Figure 1 shows the architecture of residual block in
ResNetSE and ResNetSEV?2 model. In the ResNetSEV?2 block,
we change the order of network layers by putting the Batch Nor-
m layer (BN) and ReL.U function ahead of the convolutions. No
extra operations are performed after the element-wise addition.
Thus we can create a direct path across residual blocks. Experi-
ments suggest that keeping a direct and simple information path
is helpful for optimization. Besides, it improves regularization
of the models by regarding BN layer as pre-activation. Based on
this unit, we present ResNetSEV2 model, which is much eas-
ier to train and generalizes better than the baseline ResNetSE
model in 3.1.1.

3.1.3. ECAPA-TDNN model

The ECAPA-TDNN model proposed in [12] is also an outstand-
ing speaker extractor which is based on the original x-vector
architecture and put more emphasis on channel attention, prop-
agation and aggregation. We use this model as one of the sub-
system in our submission.

3.1.4. Loss Function

As we all know, the loss function is very essential to network
training in speaker recognition. AAM-softmax loss function-
s have been proposed in face recognition and successfully ap-
plied to speaker recognition. Angular Prototypical (AP) loss is



Table 2: The EER(%) and MinDCF(*100) results of our subsystems on the Development set and Evalution set of SASV Challenge 2021
task 2. "gender’ means finetune with female/male data respectively. 'SC’ means score calibration operation.

. . SdSV Dev SdSV Eval
System Model Loss Finetune  Scoring Method SC EER MinDCEEER  MinDCE
1 ResNetSE AP no Cosine yes 1.71 6.62 1.28 6.18
2 ResNetSE AP yes Cosine yes 1.42 6.29 1.15 5.35
3 ResNetSEV2 AP no Cosine yes 1.32 6.77 1.18 5.52
4 ResNetSEV2 AP yes Cosine yes 1.12 6.04 1.05 4.84
5 ResNetSEV2 CircleLoss no Cosine yes 1.75 8.20 1.52 7.43
6 ECAPA-TDNN AP yes Cosine yes 1.73 7.51 1.36 6.69
7 ResNetSE AP yes Reverse yes 1.33 5.55 1.07 4.95
8 ResNetSE AP gender Cosine yes 1.43 6.29 1.16 5.57
9 ResNetSE AP no PLDA no 1.70 7.76 1.51 7.08
10 ResNetSEV2 AP no PLDA no 1.29 6.48 1.49 7.18
fusion 1 2+4 - - - - 1.18 5.94 1.01 4.59
fusion 2 2+4+7 - - - - 1.13 4.91 0.95 4.34
fusion 3 1~10 - - - no 1.01 4.48 0.89 4.21
fusion 4 1~10 - - - yes 097 3.91 0.84 3.94

a variant of the prototypical networks with an angular objective
which has strong performance. Triplet loss is very convenient
for model finetune. In our work, we made use of various ob-
jective functions in speaker extractor training and some of them
works well in fusion system. The objective functions used in
our systems are as follows:

¢ Standard Softmax

* Triplet loss [13]

o AAM-Softmax [14]

* Angular Prototypical Loss [5]
¢ Circle Loss [6]

3.2. Model Finetune

To reduce phonetic variability caused by language mismatch,
we further fine-tune the models with Farsi data to improve the
performance on testset. In practice, we take this operation in
three ways:

¢ Finetune the trained model with hard triplet loss.

* Fix the parameter of the speaker network except loss
functions and retrain the model with original loss.

¢ Divide the DeepMine data into two groups by gender and
retrain the model with female or male data respectively.

Experiments show the last two methods help extract robust s-
peaker embedding on SdSV 2021 development and evaluation
set.

3.3. Scoring

The trained networks are evaluated on the SASV 2021 develop-
ment and evaluation sets. We compared different scoring meth-
ods on the trained models.

3.3.1. Cosine score

To build a robust speaker verification system,we use an en-
hanced cosine similarity method to measure whether the two
utterances are from the same speaker after the embeddings are
extracted. The steps are as follows:

1. For each utterance in the enrollment model,we sample
ten 4-second temporal segments,calculate the mean of
all these embeddings as the enrollment embedding.
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2. For the test utterance,we sample ten 2-second temporal
segments, and compute ten cosine similarities in total
with the enrollment embedding.

3. Take the mean of these 10 similarities as the final score.

3.3.2. PLDA score

PLDA [15] is a strong back-end model in speaker verification
task, especially in the traditional i-vector and x-vector system.
To further reduce the language variabilities between training
data and testing data, we also use PLDA for scoring. Firstly,
whitening is applied with development data. Then, PLDA mod-
els are trained on labeled speakers after the speaker embeddings
are extracted. In PLDA procedure, we calculate the mean of al-
1 the temporal segments embeddings as final embedding both
enrollment and test utterance.

3.3.3. Reverse score

The enrollment in SASV2021 evaluation trials consist of several
utterances, while the test utterances are relatively short. Be-
sides, we have different operations on the enrollment and test
utterances in our cosine scoring method. By exchanging the po-
sitions of enroll and test utterances, we can get more random
sampling from enroll and test utterances and focus more on the
speaker characteristics.

3.4. Score calibration

The speaker similarity score is largely affected by the quality
of the trial speeches [16], hence the score calibration is also
applied for cosine similarities scores. Note that, the enrollment
data for each model is sufficient compared to the test speech
in this task, so we design the quality function mainly based on
the duration of the test speech. Inspired by the time penalty in
[17], assuming speech duration for enrollment is long enough,
the re-scoring method is as follows:

S =8+C- f(di) ®)
where S is the cosine similarities score, C' is a scaling constant,
dy is the duration (in seconds) of test speech in scoring trial, f
is the duration based quality function:

f(de)

¢
The optimal value of C'is 0.05 in our final fusion systems.

(6)



Table 3: The EER(%) and MinDCF(*100) results of PLDA on the Development set with different training data

ResNetSE ResNetSEV?2
Data Set SpkNum. — e NinDCF  EER _ MinDCE
DeepMine Task?2 train 588 1.91 8.28 1.98 8.84
All training set + part of CommonVoice 13234 1.70 7.76 1.29 6.48
SdSV2021 enrollment 15555  0.82 429 061 3.40

(Toy experiment)

4. Experiments and results
4.1. Performance metric

The main performance metric for the challenge is normalized
minimum Detection Cost Function (MinDCF) which is defined
as a weighted sum of miss and false alarm error probabilities.
Moreover, the equal error rate (EER) is also a very import per-
formance metric in speaker verification. In our experiments,
we test the MinDCF and EER performance for every temporary
model after each epoch on development set and choose the best
one.

4.2. System Results

For this submission we train all these models with our training
data and data augmentation as describe in section 2.3. To reduce
the duration mismatch of the training and test data, we random-
ly select examples with 2 seconds for network training from
experience. All the models are trained with 64 dimensional
MelSpectrogram features extracted using torchaudio tookit[18].
Adam gradient descent is used and the initial learning rate e-
quals to 0.001. The learning rate is reduced by 25% every three
epochs. The batchsize is set to 200. The DeepMine data is used
for model finetune with AP and semi-hard triplet loss.

Table 2 illustrates the results of different speaker embed-
ding extractor on the development and evaluation set. ResNet-
SEV2 achieves the best performance both in EER and MinD-
CF by applying all these strategies, as it shows in system 4.
The best subsystem results in MinDCF and EER of 0.0484 and
1.05% respectively and the final performance of fusion submis-
sion is 0.0394 and 0.84% on the SASVC evaluation set. Com-
paring the results of system 1 to system 6, we can find that d-
ifferent model and loss are complementary. No score calibra-
tion is applied to all the subsystems in fusion system 3 but only
no use to PLDA subsystems in fusion system 4. The results
indicate that score calibration improves the MinDCF by 6.5%
relatively.

System 5 shows the performance of ResNetSEV?2 with cir-
cle loss and system 6 is a conventional ECAPA-TDNN model.
The MinDCF and EER of system 5 and system 6 are slightly
worse compared to system 3, but they all contribute to the fu-
sion system.

System 7 shows the fusion results of the reverse score s-
trategy with ResNetSE model. The MinDCF of this strategy is
0.0555 on SASV 2021 development set, improved by 12% com-
pared to the traditional cosine result of system 2. Besides, re-
verse score strategy works well in the fusion systems, as fusion
system 2 in table 2 shows.

Considering that female appears more in test but less in
training data, we try to fit the model to female data. In sys-
tem 8, we divide the finetune data into two groups by gender,
and then finetune the model with specific data respectively. The
result shows this method improves the performance especially
in female trials.
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Table 4: The EER(%) and MinDCF(*100) results of PLDA on
the Development set with different LDA dimension.

LDA dim. ResNeFSE ResNetSEVZ
EER MinDCF EER MinDCF

400 1.98 8.14 1.23 6.70

300 1.77 7.76 1.29 6.48

200 1.70 7.76 1.50 7.16

100 1.77 8.00 1.57 6.63

4.3. Compare of ResNetSE and ResNetSEV2

The performance of ResNetSE model (system 1) and ResNet-
SEV2 model (system 3) described in section 3.1 show in table
2 respectively. It can be found that ResNetSEV2 performs bet-
ter under the same training strategy, improved by 15%/7% in
EER/MinDCF compared with the former. After applying mod-
el finetune and score calibration, the ResNetSEV2 achieves the
best performance both in EER and MinDCF. Further experi-
ments indicate that PLDA also works well with ResNetSEV2
embeddings. System 9 and 10 show the PLDA score result-
s of these two models. The PLDA improves the performance
of ResNetSEV2 model in this mismatch condition but very lit-
tle improve with ResNetSE model. Besides, the ResNetSEV2
model is insensitive to the training data of PLDA models as
table 3 shows. We can see that the performance model have
obviously improvement as the number of training speaker in-
creased even though the training data is cross-lingual. If we use
SdSV2021 enrollment data of evaluation set for PLDA training,
that is, no language mismatch in this situation, the advantage of
ResNetSEV2 model is more prominent. Table 4 illustrates the
influence of LDA dimension when PLDA model is trained with
all training set, and both of the two model achieve best MinDCF
with LDA dimension equals to 300.

5. Conclusions

This paper presents the system submitted by Sogou in task 2 of
SdSV challenge 2021. To obtain robust systems, we have made
various attempts in data processing, network training and scor-
ing. Together with the use of in-domain data finetune and score
calibration, the proposed ResNetSEV2 model achieved signifi-
cant improvement over baselines. The final submission yielded
minDCF of 0.0394 and EER of 0.84 on the evaluation subset,
which was the 3rd and 4th best result in EER and minDCF of
the task.
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