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Abstract
In this paper, we provide description of our submitted systems
to the Short Duration Speaker Verification (SdSV) Challenge
2021 Task 2. The challenge provides a difficult set of cross-
language text-independent speaker verification trials. Our sub-
missions employ ResNet-based embedding networks which are
trained using various strategies exploiting both in-domain and
out-of-domain datasets. The results show that using the recently
proposed joint factor embedding (JFE) scheme can enhance
the performance by disentangling the language-dependent in-
formation from the speaker embedding. However, upon ana-
lyzing the speaker embeddings, it was found that there exists
a clear discrepancy between the in-domain and out-of-domain
datasets. Therefore, among our submitted systems, the best per-
formance was achieved by pre-training the embedding system
using out-of-domain dataset and fine-tuning it with only the in-
domain data, which resulted in a MinDCF of 0.142716 on the
SdSV2021 evaluation set.
Index Terms: speaker recognition, speech representation learn-
ing, SdSV 2021 Challenge

1. Introduction
In recent years, various methods have been proposed uti-
lizing deep learning architectures for extracting speaker em-
bedding vectors and have shown state-of-the-art performance
when a large amount of in-domain training data is available
[1, 2, 3, 4, 5, 6, 7]. However, despite their success in well-
matched conditions, the deep learning-based embedding meth-
ods are vulnerable to the performance degradation caused by
mismatched conditions [8].

Recently, many attempts have been made to extract an em-
bedding vectors robust to non-speaker variability [8, 9, 10, 11].
Especially in our recent research [11], a joint factor embedding
(JFE) technique is proposed where the embedding network is
trained maximize the speaker-dependent information within the
embedding while simultaneously maximizing the uncertainty
on unwanted attributes (e.g., channel, emotion).

The SdSV Challenge provides a standard benchmark for
evaluating speaker verification systems on various mismatched
conditions [12]. Especially in Task 2, which consists of text-
dependent speaker verification trials, the following problems
should be considered:

• Only a small amount of in-domain data (i.e., Deep-
Mine Task 2 Train Partition) is provided for training the
speaker verification system.

• Task 2 consists of cross-language trials where the enroll-
ment utterances are in Farsi and test utterances are in
English.

More details about the SdSV Challenge can be found in the
evaluation plan [12].

In order to solve these problems, we experimented with
several training strategies including two-stage training [13] and
JFE for disentangling the non-speaker information [11]. From
the results, it could be seen that using the JFE scheme for lan-
guage disentanglement was able to enhance the speaker verifi-
cation performance. However, our analysis on the speaker em-
beddings showed that there exists a evident mismatch between
the in-domain and out-of-domain datasets. Thus, among our
experimented systems, the best performance was achieved via
a two-stage optimization strategy: the network was pre-training
with a large amount of out-of-domain Dataset (i.e., VoxCeleb
2) and fine-tuned with a in-domain dataset.

The contributions of this paper are as follows:
• We compare various ways to employ out-of-domain

datasets (e.g., JFE, two-stage training) for the SdSV
Challenge Task 2.

• We analyze the domain discrepancy between different
datasets used for the SdSV Challenge Task 2.

• From the best of our knowledge, this is the first attempt
on using the JFE scheme for cross-language speaker ver-
ification task.

The rest of this paper is organized as follows: The datasets
used for training our systems are described in Section 2. In
Section 3, detailed information on the submitted systems is de-
picted. Section 4 presents the results of the submitted systems
and Section 5 concludes the paper.

2. Dataset
The SdSV 2021 Task 2 systems can only use a fixed training set
which includes:

• VoxCeleb1 [14]: The VoxCeleb1 dataset consists of
148,642 multi-language utterances collected from 1,211
speakers.

• VoxCeleb2 [15]: The VoxCeleb2 dataset consists of
1,092,009 multi-language utterances collected from
5,994 speakers.

• LibriSpeech [16]: The LibriSpeech dataset consists of
292,367 English utterances collected from 2,484 speak-
ers.

• Mozilla Common Voice Farsi (Mozilla) [17]: The
Mozilla Common Voice Farsi dataset consists of 298,673
Farsi utterances collected from 3,654 speakers.

• DeepMine (Task 2 Train Partition) [18]: A portion of the
DeepMine dataset is released as an in-domain trainingi
set, which consists of Farsi utterances from 588 speakers.
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Table 1: Architecture for ResNetSE34, where L is the input se-
quence length and ASP is the attentive statistics pooling layer.

Layer Kernel size Stride Output shape

Conv1 7×7× 16 2×1 L/2×64× 16
Res1 3×3× 16 1×1 L/2×64× 16
Res2 3×3× 32 2×2 L/4×32× 32
Res3 3×3× 64 2×2 L/8×16× 64
Res4 3×3× 128 1×1 L/8×16× 128
Flatten - -
ASP - - 4096
Linear 512 - 512

Table 2: Architecture for ResNetSE34V2, where L is the input
sequence length and ASP is the attentive statistics pooling layer.

Layer Kernel size Stride Output shape

Conv1 3×3× 32 1×1 L×64× 32
Res1 3×3× 32 1×1 L×64× 32
Res2 3×3× 64 2×2 L/2×32× 64
Res3 3×3× 128 2×2 L/2×16× 128
Res4 3×3× 256 2×2 L/2×8× 256
Flatten - -
ASP - - 4096
Linear 512 - 512

For training the submitted systems, we used the data augmenta-
tion strategy described in [7].

The trials for Task 2 is composed of two partitions. The
first partition consists of text-independent trials where the en-
rollment and test utterances are from the same language (Farsi).
The second partition consists of cross-language trials where the
enrollment utterances are in Farsi and the test utterances are in
English. For the SdSV Challenge, no cross-gender trials are
included.

3. System description
3.1. Backbone architecture

In our submissions, we adopted the following ResNet-34-based
architectures:

• ResNetSE34 [6]: The first architecture is the Fast
ResNet, which follows the same general structure with
the original ResNet with 34 layers (ResNet-34) with
squeeze-and-excitation, but only uses one-quarter of the
channels in each residual block to reduce computational
cost.

• ResNetSE34V2 [7]: The second architecture is the Half
ResNet, which also follows the same structure with the
ResNet-34 with squeeze-and-excitation, but uses half of
the channels in each residual block.

The detailed architecture for ResNetSE34 and ResNetSE34V2
are described in Table 1 and Table 2, respectively.

In all our submitted systems, 64-dimensional mel-
spectrogram acoustic features were extracted and used as in-
put. Moreover, attentive statistical pooling (ASP) [19] layer
was used to aggregate the frame-level representations, which
was followed by a linear layer to obtain a 512-dimensional em-
bedding vector.

Figure 1: General structure of the JFE framework.

3.2. Training objectives

3.2.1. Angular prototypical with softmax

The angular prototypical with softmax objective (Angular pro-
totypical + Softmax) focuses on maximizing the speaker dis-
criminability of the embedding [6]. As the name suggests, this
objective involves a softmax cross-entropy loss and an angu-
lar prototypical contrastive loss to optimize the performance in
terms of both speaker identification and verification. For this
objective, each mini-batch consisted of 2 utterances from N
speakers. When training, the embedding layer was followed by
a single softmax layer where each node corresponds to different
speakers in the training set. The softmax cross-entropy loss is
formulated as follows:

Ls = −
2N∑
i=1

log
e
WT

yi
ωi+byi∑C

j=1 e
WT

j ωi+bj
, (1)

where C is the number of training speakers, yi is the speaker
label of embedding ωi, and W and b are the weight and bias of
the last layer, respectively.

On the other hand, the angular prototypical loss is com-
puted as follows:

Lp = −
N∑
i=1

log
ecos(ωi,1,ωj,2)∑N
j=1 e

cos(ωi,1,ωj,2)
, (2)

where cos is the cosine similarity operation, ωi,1 and ωi,2 are
the first and second utterance of speaker i within the mini-batch,
respectively. Finally, the Angular prototypical + Softmax ob-
jective is formed by adding the cross-entropy and the angular
prototypical loss as,

Lsp = Ls + Lp. (3)

3.2.2. Joint factor embedding

The JFE scheme focuses on maximizing the speaker discrim-
inability and nuisance attribute uncertainty of the speaker em-
bedding vector [11]. The same ResNet-based backbones de-
scribed in Section 3.1 was used for the JFE framework. How-
ever, unlike the standard embedding network which only ex-
tracts a single embedding vector per utterance, the JFE frame-
work jointly extracts a speaker embedding ωspk and a nuisance
embedding vector ωnui as depicted in Figure 1. Therefore the
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ResNet backbone was followed by two sets of ASP and lin-
ear layers to extract two 512-dimensional embedding vectors.
When training, two classifiers were trained along with the em-
bedding network:

• Speaker classifier: A single softmax layer where each
node corresponds to different speakers within the train-
ing speaker where the weight and bias are Wspk and
bspk, respectively.

• Nuisance classifier: A single softmax layer where each
node corresponds to different class of nuisance attribute
(e.g., for language disentanglement, each node corre-
sponds to different language) where the weight and bias
are Wnui and bnui, respectively.

In the JFE framework, each embedding is trained to per-
form well on their main-task, while maximizing the uncertainty
on their sub-task. For example, the speaker embedding vector is
trained to have maximum speaker discriminability and nuisance
attribute uncertainty. On the other hand, the nuisance embed-
ding vector is trained to have maximum nuisance discriminabil-
ity and speaker uncertainty.

For this objective, each mini-batch consisted of 1 utterance
from N speakers. In order to maximize the main-task discrim-
inability, the following cross-entropy loss functions were used:

Lspk = −
N∑
i=1

log
e
WT

spk,yi
ωspk,i+bspk,yi∑C

j=1 e
WT

spk,j
ωspk,i+bspk,j

, (4)

Lnui = −
N∑
i=1

log
e
WT

nui,li
ωnui,i+bnui,li∑K

j=1 e
WT

nui,jωnui,i+bnui,j
, (5)

where K is the number of nuisance classes, and li is the nui-
sance label of ωspk,i and ωnui,i.

On the other hand, to maximize the sub-task uncertainty,
the following entropy losses were considered:

Le−spk = −
N∑
i=1

C∑
m=1

fspk,m(ωnui,i)logfspk,m(ωnui,i), (6)

Le−nui = −
N∑
i=1

K∑
m=1

fnui,m(ωspk,i)logfnui,m(ωspk,i), (7)

where fspk,m and fnui,m are,

fspk,m(ω) =
eW

T
spk,mω+bspk,m∑C

j=1 e
WT

spk,j
ω+bspk,j

, (8)

fnui,m(ω) =
eW

T
nui,mω+bnui,m∑C

j=1 e
WT

nui,jω+bnui,j
. (9)

Finally, the JFE objective is formed by combining the cross-
entropy and entropy losses as follows:

LJFE = Lspk + Lnui − Le−spk − Le−nui. (10)

In our submissions, we considered disentangling two nui-
sance attributes:

• Domain disentanglement: here we attempt to disentan-
gle the domain (dataset)-specific information from the
speaker embedding by training a dataset classifier along
with the speaker classifier and embedding network,

Figure 2: T-SNE plot of the embeddings extracted using System
4. The blue, orange, green dots are the embeddings extracted
from the Mozilla Common Voice Farsi, DeepMine, LibriSpeech
datasets, respectively.

Figure 3: DET curve for System 6.

• Language disentanglement: here we attempt to dis-
entangle the language-dependent information from the
speaker embedding by training a language classifier
along with the speaker classifier and embedding net-
work.

For the domain disentanglement JFE, we train the system us-
ing all the available datasets (i.e., VoxCeleb1&2, LibriSpeech,
Mozilla Common Voice, DeepMine), where the nuisance clas-
sifier identifies which dataset the input speech is from. On the
other hand, in the language disentanglement JFE, we train the
system using the Farsi datasets (i.e., Mozilla Common Voice,
DeepMine) and English dataset (i.e., LibriSpeech), where the
nuisance classifier identifies which language the input speech is
uttering.

In all of our systems, we used ADAM optimizer to train the
networks, where the initial learning rate was set to 0.0001. Ex-
ponential learning rate decay was applied, where the decay rate
was 0.95. Also, each mini-batch during our training consisted
of 64 utterances.

3.3. Scoring

In all our submitted systems, we used cosine similarity scoring
as backend with no score normalization. Test-time augmenta-
tion (TTA) [15] was performed to extract 10 embedding vectors
per utterance.

2314



Table 3: MinDCF results on the evaluation set

System # Model Pretraining Objective Finetuning Objective Pretraining Dataset Finetuning Dataset MinDCF
System 1
(Baseline) TDNN Random

initialization Softmax - All 0.431800

System 2 ResNetSE34 Random
initialization

JFE
(domain
disentanglement)

- All 0.343693

System 3 ResNetSE34 Random
initialization

JFE
(language
disentanglement)

-
DeepMine,
LibriSpeech,
Mozilla

0.292892

System 4 ResNetSE34V2 Random
initialization

Angular prototypical
+ Softmax - VoxCeleb 2 0.309718

System 5 ResNetSE34V2
Angular
prototypical
+ Softmax

JFE
(language
disentanglement)

VoxCeleb 2
DeepMine,
LibriSpeech,
Mozilla

0.193648

System 6 ResNetSE34V2
Angular
prototypical
+ Softmax

Angular
prototypical
+ Softmax

VoxCeleb 2 DeepMine 0.142716

4. Results
4.1. Comparison between JFE systems

Table 3 shows the MinDCF results of our submitted systems on
the SdSV 2021 Task 2 evaluation set. System 1 is the x-vector
baseline result provided by the SdSV Challenge organizers. As
shown in System 2 and System 3, training the network using the
JFE framework showed reasonable performance, outperforming
the baseline with a relative improvement of 20.4% and 32.2%,
respectively.

It is also interesting to notice that the language disentan-
glement JFE (System 2) performs better than the domain disen-
tanglement JFE (System 3). This may be attributed to the ex-
treme speaker number difference between the VoxCeleb dataset
(7,205 speakers) and the in-domain dataset (i.e., DeepMine, 588
speakers).

4.2. Systems optimized with two-stage training

In order to alleviate the speaker number imbalance between
different datasets, we adopted a two-stage training strategy
[13], where the embedding network was first pre-trained using
only VoxCeleb2 dataset (System 4), and then fine-tuned with-
out VoxCeleb dataset (System 5, System 6). Fine-tuning the
pre-trained model via language disentanglement JFE (System
5) greatly improved the performance, achieving a relative im-
provement of 37.5% compared to System 4. Although the JFE
system showed promising performance, the best performance
was achieved by fine-tuning the pre-trained model with only
DeepMine dataset (System 6), which showed a relative im-
provement of 53.9%. This could be attributed to the domain-
mismatch caused by the out-of-domain datasets used for train-
ing the JFE system (i.e., LibriSpeech, Mozilla). Such discrep-
ancy between the in-domain and out-of-domain datasets can be
noticed in Figure 2, which shows the T-SNE plot [20] of the em-
beddings extracted from different datasets (i.e., Mozilla, Deep-
Mine, LibriSpeech). From Figure 2, it could be seen that there
exists a clear disparity between different datasets, even if they
are speaking the same language (e.g., DeepMine and Mozilla).
Due to the evident between-dataset variability, systems trained
on out-of-domain datasets (e.g., System 5) may not perform as
well as the system trained with only the in-domain dataset (e.g.,
System 6).

Figure 3 depicts the DET curves of different trials for Sys-
tem 6. From the DET curves, it could be seen that there exists a
significant performance difference between the male and female
trials. Moreover, there is a huge performance gap between the
Farsi and English trials. This may be attributed to the fact that
the in-domain dataset (DeepMine Task2 Train Partition) con-
tains only Farsi utterances.

5. Conclusions
In this paper, we described our submitted systems on the SdSV
2021 Challenge Task 2. The SdSV Challenge Task 2 consists
of cross-language trials where the enrollment utterances are in
Farsi and the test utterances are in English. Moreover, this chal-
lenge allows only a small portion of in-domain dataset for train-
ing the systems. In order to overcome these problems, we ex-
perimented with several training strategies including two-stage
training and JFE for disentangling the language-dependent in-
formation from the speaker embedding. Our experimental re-
sults showed that there is a noticeable variability between dif-
ferent datasets used for training the systems. Among the ex-
perimented methods, the best performance was achieved by
pre-training the system using a large amount of out-of-domain
dataset and fine-tuning it with only the in-domain datasaet, re-
sulting in MinDCF of 0.1427.

Although our submitted system showed great improvement
over the baseline system, the results show that our system falls
short for trials with English utterances. This may be attributed
to the fact that the in-domain training data we employed only
consists of only Farsi speech segments. In our future stud-
ies, we will focus on expanding the JFE framework to extract
a language-agnostic embedding with limited target-language
training set.
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