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Abstract
This paper describes ID R&D team submission to the text-
independent task of the Short-duration Speaker Verification
(SdSV) Challenge 2021. The top performed system is a fu-
sion of 9 Convolutional Neural Networks based on the ResNet
architecture. Experiments’ results of optimal NN architecture
search are shown. We also present and investigate the subnet-
work approach to solve the auxiliary tasks such as gender or
language detection. Verification scores refinement step using
quality measurements of a trial pair allowed to further mini-
mize the target metrics. A comparative analysis of all systems
used in the fusion has been provided on the VoxCeleb-1 test set,
SdSV-2021 development and evaluation sets. The final submis-
sion achieves 0.69% EER and 0.0319 minDCF on the challenge
evaluation set.
Index Terms: Speaker recognition, Speaker verification, cross-
lingual speaker verification, SdSV Challenge 2021

1. Introduction
The SdSV [1] is a challenge evaluating new technologies
for text-dependent and text-independent speaker verification in
short-duration audio conditions. The challenge is organized as
two independent tasks, where Task 1 comprises speaker verifi-
cation in text-dependent mode, and Task 2 in text-independent
mode accordingly. This paper focuses on the Task 2 only.

Speaker verification consists of two phases - an enrollment
phase and a verification phase. During the enrollment phase, the
speaker’s voice is recorded few times. The verification phase’s
objective is to automatically determine whether a test recording
from an unknown speaker belongs to the enrollment speaker or
not. The SdSV Challenge 2021 conducts a speaker verifica-
tion with varying phonetic properties between enrollment and
test utterances, and this leads to a testing protocol with mono-
lingual and cross-lingual comparisons. Also, the length of test
utterances varies from 1 to 8 seconds only, which makes speaker
recognition more challenging.

2. System Setup
2.1. Input features

For training, fixed-length 2-second audio segments were used.
We randomly cropped segments from each utterance in the
training dataset. Then, 80-dimensional Mel filter bank log-
energies with a 25 ms frame length and 10 ms step were ex-
tracted with an FFT size of 1024 over the 20-7600 Hz frequency
limits. To test the models, we used 4-second input segments.
A small voice activity detection module was used during both
training and testing stages.

2.2. Architectures

All the systems in our submission are based on the residual neu-
ral networks [2], which made a breakthrough in the task of im-
age classification by using very deep models, and recently have
been efficiently applied to the speaker recognition task [3], [4].
A ResNet-34 architecture described in [4] was selected as our
baseline system. Since the deeper models usually show a per-
formance improvement in various tasks, we decided to apply
some modifications to the baseline architecture. In particular,
to increase the capacity of models we have run a series of ex-
periments and optimised such hyperparameters as a number of
residual blocks and a number of filters in each residual block.
In the end, 7 modifications of the ResNet-34 model with 48,
56, 76, 82, 100 (two modifications) and 130 hidden layers were
selected. Detailed architectures are shown in the Table 1.

2.3. Subnetwork Approach

To fine-tune the neural network and to solve auxiliary tasks,
such as gender or language detection, we used a subnetwork
approach. The subnetwork is a small neural network that lever-
ages the performance of the main backbone: it uses the outputs
from each of ResBlocks, its first convolution layer and the em-
bedding layer (see Figure 1). The architecture of a subnetwork
is the following: we apply a downsampling convolution to each
ResBlock output to get the number of filters we want, then we
apply a 3x3 convolution and average pooling to decrease the
feature map shape and concatenate it with the next one. During
the subnetwork training, the main backbone is frozen. This ap-
proach benefits from using the informatively rich features of the
main backbone and allows to get small (300K - 2M parameters)
and robust network.

2.4. Loss function

All our models were trained using the Additive Margin Softmax
(AM-Softmax) loss function [6]. The main aim of this loss is to
reduce the interclass variance by introducing the margin penalty
to the target class logit. AM-Softmax showed itself as an effec-
tive loss function in face recognition and has been successfully
applied to speaker recognition task as well. According to [4],
the margin value was set to 0.3 and a scale value was set to 40.

3. Experiments
3.1. Datasets

For our experiments all allowed training data was used:
VoxCeleb2-dev (5994 speakers) [7], VoxCeleb1-dev (1211
speakers) [8], Librispeech (train-other-500 subset - 1166 speak-
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Table 1: Models architectures

Layer name Output (C × F × T) ResNet-48mnw ResNet-56m ResNet-76mnw ResNet-82m ResNet-100m ResNet-100mnw ResNet-130m
Conv2D 128 (96) × 80 × T 96, 3×3, stride=1 128, 3×3, stride=1 96, 3×3, stride=1 128, 3×3, stride=1 128, 3×3, stride=1 96, 3×3, stride=1 128, 3×3, stride=1

ResBlock-1 C × 80 × T
[
3× 3, 96
3× 3, 96

]
× 6

[
3× 3, 96
3× 3, 96

]
× 6

[
3× 3, 96
3× 3, 96

]
× 10

[
3× 3, 128
3× 3, 128

]
× 8

[
3× 3, 128
3× 3, 128

]
× 6

[
3× 3, 96
3× 3, 96

]
× 12

[
3× 3, 128
3× 3, 128

]
× 8

ResBlock-2 C × 40 × T/2
[
3× 3, 128
3× 3, 128

]
× 8

[
3× 3, 128
3× 3, 128

]
× 8

[
3× 3, 128
3× 3, 128

]
× 14

[
3× 3, 160
3× 3, 160

]
× 12

[
3× 3, 128
3× 3, 128

]
× 16

[
3× 3, 128
3× 3, 128

]
× 16

[
3× 3, 196
3× 3, 196

]
× 20

ResBlock-3 C × 20 × T/4
[
3× 3, 160
3× 3, 160

]
× 6

[
3× 3, 196
3× 3, 196

]
× 10

[
3× 3, 160
3× 3, 160

]
× 10

[
3× 3, 196
3× 3, 196

]
× 16

[
3× 3, 256
3× 3, 256

]
× 24

[
3× 3, 160
3× 3, 160

]
× 18

[
3× 3, 256
3× 3, 256

]
× 32

ResBlock-4 256 × 10 × T/8
[
3× 3, 256
3× 3, 256

]
× 3

[
3× 3, 256
3× 3, 256

]
× 3

[
3× 3, 256
3× 3, 256

]
× 3

[
3× 3, 256
3× 3, 256

]
× 4

[
3× 3, 256
3× 3, 256

]
× 3

[
3× 3, 256
3× 3, 256

]
× 3

[
3× 3, 256
3× 3, 256

]
× 4

Flatten (C, F) 2560 × T/8 —
Pooling 5120 ASP [5] StatsPooling ASP [5] StatsPooling StatsPooling ASP [5] StatsPooling
Dense 256 —

AM-Softmax Num. of speakers —

ers) [9], Mozilla Common Voice (MCV) (Farsi subset - 835
speakers) [10], and DeepMine train part (538 spks) [11].

The VoxCeleb datasets are multi-lingual, most of the speak-
ers are English-speaking. The LibriSpeech is a corpus of read
English speech. The MCV Farsi is a crowd-sourced set of Per-
sian language. The DeepMine is a multi-lingual dataset includ-
ing English and Persian languages.

We filtered the MCV dataset and saved speakers with more
than 20 utterances, and set a maximum number of used utter-
ances for any speaker to 200. Also, we used 50 speakers from
the DeepMine training dataset as a validation subset, and this re-
sulted in 9744 total training speakers for all datasets combined.

This year’s challenge provides a development set for evalu-
ation of the systems before submitting them to the leaderboard,
however, the testing protocol corresponding to this dataset has
a small number of comparisons (7071) and also has an overlap
with the main evaluation dataset. Hence we created an extended
development set based on the DeepMine training data. We have
selected 50 speakers with the smallest amount of utterances and
used them for best checkpoint selection while neural networks
training and for fusion weights optimization.

As test sets, we used VoxCeleb1-test [8], DeepMine de-
velopment and DeepMine extended development sets (selected
from DeepMine training set).

3.2. Data augmentation

To augment training datasets, we used MUSAN corpus [12] and
real room impulse responses (RIRs) database [13]. We precom-
puted various augmentations for each of the original datasets
and expanded the size of our training set by 5 times. For each
training utterance we applied 4 different augmentation strate-
gies [4]:

• Music: A single music file was randomly selected from
MUSAN and added to the original audio (5-15dB SNR).
The duration of additive noise was matched to the dura-
tion of the original signal.

• Noise: Randomly selected noise from MUSAN was
added to the original recording (0-15dB SNR).

• Speech: Three to seven speakers were randomly picked,
summed together, and then added to the original signal
(13-20dB SNR).

• Reverb: Artificially reverberated a signal via convolu-
tion with real RIRs.

3.3. Implementation details

All the described models were trained using TensorFlow 2
framework [14]. To train very deep ResNet architectures faster,
Google Cloud TPUs were used. To train the models we used
the following three-stage scheme:

Pre-training. We started with a model pre-training on the
VoxCeleb2-dev dataset. The training strategy described in sec-
tion 5 of the paper [4] was used. We trained a model with an
exponentially decaying learning rate scheduler (decay steps =
10K, decay rate = 0.5) with 50K plateau steps at the beginning
of training with an initial learning rate (LR) of 0.01. Each model
was pre-trained for 40 epochs (5K steps per epoch) with a batch
size of 256.

Fine-tuning. Then the pre-trained weights from previ-
ous stage were used for fine-tuning on the mixture of datasets:
VoxCeleb2-dev, VoxCeleb1-dev, LibriSpeech (train-other-500
subset), MCV (Farsi) and DeepMine. We used a LR warm-up
during the first epoch (from 1e-6 to 5e-2) and then applied an
exponential decay of LR every 10K steps with a rate of 0.5 for
30 epochs. This stage is defined as a Fine-tune A in the Ta-
ble 2. During the fine-tuning stage, we noticed that increasing
the frequency of DeepMine examples in training batches im-
proved the target metrics on the development set, while showed
a small degradation on the VoxCeleb1-test set. Therefore we
define a Fine-tune B stage, which is identical to Fine-Tune A
with the difference of increased proportion of DeepMine speak-
ers in training batches.

Subnetwork training. For some of our networks we
trained a subnetwork described in section 2.3 as an additional
stage. The subnetworks with 2M parameters were trained
on DeepMine, MCV (Farsi) and LibriSpeech (train-other-500)
datasets. We used a constant LR 5e-2 for the first 4 epochs and
then applied an exponential decay every 8 epochs with a rate
of 0.5 for 32 consecutive epochs with 500 steps per epoch and
batch size 256. The final embedding was constructed as a con-
catenation of a subnetwork and a backbone embedding. Com-
paring to the pre-trained on VoxCeleb2-dev dataset model, the
subnetwork shows a 30-40% relative reduction in target met-
rics, but applying the same technique to the fine-tuned model
doesn’t provide considerable improvements (see Table 2).

At each training stage, the L2-regularization of the model’s
weights has been set to 5e-4. We also applied SpecAugment
[15] to the input log Mel-spectrograms and randomly masked 0
to 5 frames in the time domain and 0 to 8 frequency bins with a
probability of 20%. After finishing the training stage, the AM-
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Figure 1: Subnetwork architecture. We use different colours to indicate different resolutions in the time-frequency domain.

Softmax layer is removed and a dense layer output is used as a
system’s embedding.

3.4. Backends

Extracted speaker’s embeddings were scored with two different
backends - cosine similarity and PLDA backend [16]. The co-
sine similarity backend has shown accurate results due to the
usage of AM-Softmax loss function together with fine-tuning
on the in-domain dataset. For PLDA model training we used
Kaldi Toolbox [17]: embeddings were centered and length-
normalized, and a single E-M iteration was used for PLDA pa-
rameters estimation on the Task 2 training set. Then, all veri-
fication scores were subject to score normalization and calibra-
tion.

3.5. Score normalization

We utilized an Adaptive S-Norm (AS-Norm) [18] for normal-
ization of cosine and PLDA scores. The imposter cohort in-
cluded 6000 utterances in English language from the train in-
domain dataset. The addition of Farsi utterances to the cohort
negatively affected the scores of cross-lingual trials, hence they
were discarded. For each enrollment model and a test utterance
in a trial pair, we selected the top 400 scores from the cohort to
compute mean and standard deviation (normalization parame-
ters). Then, every trial score was normalized by subtracting the
computed mean and dividing it by standard deviation.

3.6. Quality Measurement Functions

To further improve calibration performance, we have used the
quality measurements of files to penalize the verification scores
[19]. In particular, we have considered several factors: gender
and language of utterance, length of testing audio file [20], and
a number of files in enrollment model. We refer to such factors
as Quality Measurement Functions (QMF), and corresponding
meta information could be extracted explicitly or by training an
auxiliary model using the provided training data. QMFs help
to normalize target and impostor distributions and thresholds
for various trial conditions and have eventually improved our
metrics on both - challenge dev and eval datasets. The optimal
weight for each QMF factor was estimated at the final stage of
a linear fusion [21].

3.6.1. Language penalty
To detect the language of a test utterance, we trained a small
subnetwork (300K parameters) over the ResNet-48mnw model
using the MCV (Farsi) and LibriSpeech datasets. We corrected
a score S with a penalty term as follows: S∗ = S + CLang ·
PLang/10, where S is a score before applying the penalty,
CLang is a penalizing constant calculating in section 3.7, and
PLang is a language probability from 0 (English) to 1 (Farsi).

3.6.2. Gender penalty
We trained a small subnetwork to detect the gender of an ut-
terance on the DeepMine train dataset in a similar fashion to
the language classifier. A positive bias was added to the female
trials as follow: S∗ = S + CGender · PGender/10

3.6.3. Testing file length penalty
Short-duration trials contain a proportionally smaller amount of
speech, hence the system output is less confident. To deal with
this problem we implemented an idea to penalize the scores of
such trials more comparing to long-duration files. The correct-
ing term was calculated as S∗ = S − CLen · L/100, where L
is a speech length of the testing file in seconds limited to 8.

3.6.4. Enrollment files amount penalty
Similarly to the testing file length, we used information about
the enrollment models. Instead of using the length of audio, we
counted the number of files for the enrollment model, which is
proportional to the speech length. We computed a correcting
term as follows: S∗ = S −CN ·N/100, where N is a number
of enrollment files.

3.7. Fusion

The final score-level fused verification score was a linear com-
bination of all cosine, PLDA, cosine-ASNorm, PLDA-ASNorm
and QMF outputs. We utilized the COBYLA engine [22] from
scikit-learn to estimate fusion weights, and optimized target
metrics on extended development set described in section 3.1.

3.8. Evaluation

For the evaluation of the system’s performance two metrics
were used:

• The minimum of detection cost function (minDCF) used
by the NIST SRE [24] with parameters CMiss = 10,
CFalseAlarm = 1, and PTarget = 0.01.
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Table 2: Results on the VoxCeleb1-test, SdSV-dev and SdSV-eval sets

Model Stage VoxCeleb1-test
EER [%]

SdSV dev
EER [%]

SdSV dev
minDCF

SdSV eval(LB)
EER [%]

SdSV eval(LB)
minDCF

X-Vector Baseline [23] - - - - 10.65 0.4318

ResNet-48mnw Pre-training
Fine-tune B

1.40
1.65

3.27
1.77

0.1171
0.0730

2.44
1.23

0.1139
0.0561

ResNet-56m
Pre-training
Fine-tune A
Subnetwork

1.39
1.48
2.47

3.21
1.71
1.77

0.1186
0.0623
0.0693

2.45
1.27
1.24

0.1143
0.0562
0.0530

ResNet-76mnw
Pre-training
Fine-tune A
Subnetwork

1.28
1.28
2.84

3.07
1.57
1.56

0.1099
0.0700
0.0727

2.27
1.26
1.18

0.1060
0.0580
0.0540

ResNet-82m
Pre-training
Fine-tune A
Subnetwork

1.24
1.32
2.06

2.59
1.29
1.45

0.1095
0.0695
0.0642

2.31
1.19
1.18

0.1063
0.0542
0.0502

ResNet-100m

Pre-training
Fine-tune A
Subnetwork
Fine-tune B

1.03
1.16
2.22
1.32

2.73
1.30
1.36
1.43

0.1155
0.0648
0.0698
0.0633

2.28
1.13
1.13
1.11

0.1055
0.0517
0.0506
0.0498

ResNet-100mnw Pre-training
Fine-tune A

1.04
1.11

2.86
1.85

0.1171
0.0758

2.28
1.34

0.1071
0.0634

ResNet-130m Pre-training
Fine-tune B

0.94
1.04

2.86
1.35

0.1174
0.0652

2.29
1.14

0.1058
0.0527

Fusion A: cosine only - - 0.89 0.0415 0.83 0.0372
Fusion B: A + plda + ASNorm - - 0.82 0.0386 0.79 0.0353
Final Fusion: B + QMF - - 0.67 0.0282 0.69 0.0319

Table 3: Detailed results of the final submission

Condition EER, % MinDCF
Overall Results 0.69 0.0319
Male 0.40 0.0240
Female 0.88 0.0360
English 0.65 0.0326
Farsi 0.72 0.0310
English-Male 0.41 0.0254
English-Female 0.79 0.0363
Farsi-Male 0.38 0.0230
Farsi-Female 0.94 0.0351

• The Equal Error Rate (EER), which corresponds to the
operating point of equal False Acceptance and False Re-
jection error rates.

4. Results
The testing results on the VoxCeleb1-test, SdSV-dev and SdSV-
eval datasets are presented in the Table 2. For single models,
we show the results of a cosine similarity backend as a scor-
ing function. The best performance on the validation dataset is
achieved by the fusion of 9 systems (stages highlighted in bold
in the Table 2), where the output verification score is a weighted
average of each system scores, followed by the score normaliza-
tion and a QMF refinement. The final metrics of our best fusion
on the evaluation set are 0.69% EER and 0.0319 minDCF.

This year’s challenge provides a detailed output for each
submission, and our final submission results are presented in the
Table 3 and on Figure 2. According to these results, our system
can perform well for both English and Farsi languages. There
is also a strong bias between male and female trials, which we
think is due to the predominance of female comparisons in the
evaluation protocol: trained gender detector showed that female
trials exceed male comparisons by a factor of 1.6.

Figure 2: DET plots of the final submission

The results in Table 2 show that a single ResNet-48mnw
(pre-training stage) with cosine backend outperforms the chal-
lenge baseline with PLDA backend by a factor of 4. We can
also see that proposed subnetwork training allowed to further
improve target metrics given a small amount of tuning data,
however we expect that whole neural network fine-tuning would
outperform this approach if a lot of data is given. Table 2 also
demonstrates that usage of multi-factor QMF calibration can
significantly reduce minDCF and EER of a system.

5. Conclusions
The proposed modification of the baseline ResNet-34 [4] ar-
chitecture allows to obtain a high-accurate single-model system
and achieve decent performance on the challenge evaluation
set using the weighted fusion of multiple frontend and back-
end models. Experiments with various depth and width of the
ResNet architecture have shown that the best performing archi-
tectures are the ones that have a higher number of filters in ear-
lier stages (ResBlocks). We also noted that deeper models can
provide more accurate results. Also, the fine-tuning on the chal-
lenge training data allowed us to significantly reduce EER and
minDCF on validation and evaluation sets.

2300



6. References
[1] H. Zeinali, K. A. Lee, J. Alam, and L. Burget, “Short-duration

speaker verification (sdsv) challenge 2020: the challenge evalua-
tion plan,” arXiv preprint arXiv:1912.06311, 2019.

[2] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning
for image recognition,” in Proceedings of the IEEE conference on
computer vision and pattern recognition, 2016, pp. 770–778.

[3] H. Zeinali, S. Wang, A. Silnova, P. Matějka, and O. Plchot,
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