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Abstract
In this paper we present an effective deep embedding learn-

ing architecture for speaker verification task. Compared with
the widely used residual neural network (ResNet) and time-
delay neural network (TDNN) based architectures, two main
improvements are proposed: 1) We use densely connected con-
volutional network (DenseNet) to encode the short term context
information of the speaker. 2) A bidirectional attentive pooling
strategy is proposed to further model the long term temporal
context and aggregate the important frames which reflect the
speaker identity. We evaluate the proposed architecture on the
task of text-dependent speaker verification in the Interspeech
2020 Far Field Speaker Verification Challenge (FFSVC2020).
Result shows that the proposed algorithm outperforms the offi-
cial baseline of FFSVC2020 with 8.06%, 19.70% minDCFs and
9.26%, 16.16% EERs relative reductions on the evaluation set
of Task 1 and Task 3 respectively.
Index Terms: speaker verification, dense connections, bidirec-
tional attentive pooling

1. Introduction
The goal of speaker verification (SV) is to verify the speaker
identity associated with the enrolled target speaker from the dig-
ital audio signal level [1]. For different applications, two cate-
gories can be defined for speaker verification, namely the text-
dependent speaker verification (TD-SV) and text-independent
speaker verification (TI-SV). In a TD-SV system, transcripts of
enrollment are constrained to a specific phrase, which is not the
case in TI-SV systems. Because of the constraint of the pho-
netic variability, TD-SV systems usually achieve robust verifi-
cation results with very short enrollment utterances. With in-
telligent speech assistants such as Alexa, Google Home, Siri
and Cortana being used in smart speakers and smart phones,
human–machine interactions through voice command are be-
coming widespread. A common application requirement is to
wake up the smart device via a specific keyword by a certain
speaker for personalized service and unauthorized usage pre-
vention. So, the TD-SV is essential in this scenario.

In speaker recognition field, i-vectors [2] with Probabilis-
tic Linear Discriminative Analysis (PLDA) as backend [3] is
the most popular method. The standard approach consists of a
universal background model (UBM), and a large projection ma-
trix T that are learned in an unsupervised way to maximize the
data likelihood. The projection maps high-dimensional statis-
tics from the UBM into a low-dimensional representation.

Recently, with the development of deep neural networks
(DNN) and inspired by the great success of incorporating deep
neural networks into speech recognition, researchers in the
speaker recognition community also investigated the applica-
tion of DNN for speaker modeling. More attention has been
drawn to the use of DNNs to generate discriminative speaker

embedding representations [4, 5, 6, 7, 8, 9, 10], i.e. time-delay
neural network (TDNN) [6, 9], convolutional neural network
(CNN) [4, 11], or long short-term memory network (LSTM)
[5]. Deep learning based methods have been dominating to ob-
tain utterance-level representation aka deep speaker embedding
or embedding for short, which contains essential information to
discriminate among speakers. Pooling layer is an essential com-
ponent to capture speaker characteristic for speaker recognition
systems, average pooling, max pooling [8], statistic pooling [7],
and attentive pooling [10] are popular choices.

Comparing with traditional i-vector systems, deep embed-
ding learning benefits from the discriminative ability of DNNs,
and the span of acoustic features for exploiting time-frequency
context information. It has been demonstrated that the effec-
tiveness of embedding learning can be improved by exploiting
information from multiple layers [11], or by introducing an at-
tention mechanism [10, 12]. Okabe et al. [13] proposed a para-
metric based attentive pooling to give different weights for each
frame feature. Zhu et al. [10] further extended it to multiple
head to generate utterance representation from different views.
Tang et al. [14] proposed a pooling strategy which collects
speaker information from both TDNN and LSTM layers. How-
ever, these methods mainly focus on local feature aggregation
not temporal context information.

In this paper, we propose an effective deep embedding
learning architecture for speaker verification. Motivated by
the recent success of densely connected convolutional network
(DenseNet) in image classification [15], music source sepa-
ration [16], speaker separation [17] and speaker recognition
[18], we employ the DenseNet as frame-level feature extrac-
tor which concatenates feature-maps learned by different lay-
ers to increase variation in the input of subsequent layers and
also training efficiency. Conceptually, each dense block acts
as a small CNN system. The difference is that the outputs of
layers are densely connected in a feed-forward manner, imple-
mented by concatenation of outputs in the channel dimension.
Furthermore, we design a bidirectional attentive pooling layer
for further modeling the temporal context to improve the repre-
sentational power of utterance-level features. We combine the
bidirectional gated recurrent unit (BGRU) layer and attentive
pooling into one unified architecture. The BGRU layer model
long range, context information, then using the attentive pool-
ing to compute attentive weight for better temporal aggregation
over the bidirectional encoded sequences. We evaluate the deep
embedding learning architecture on FFSVC2020 dataset. Our
proposed model significantly outperforms the official baseline
with 8.06%, 19.70% minDCFs and 9.26%, 16.16% relative re-
ductions on the evaluation set of Task 1 and Task 3 respectively.

The remainder of this paper is organized as follows: Section
2 introduces the proposed method. The experimental setup is
presented in Section 3. The results are presented and discussed
in Section 4. Finally, we conclude the whole work in Section 5.
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Figure 1: A schematic of the proposed deep architecture. For the frame-level stage, each DenseBlock is made up of 5 convolution
layers (Conv2D), exponential linear units (ELU) and instance normalizations (IN). The tensor shape after each DenseBlock is in the
format: featureMaps × timeSteps × frequencyChannels. Each Conv2D and Conv2D+IN+ELU is specified in the format: kernelSize-
Time × kernelSizeFreq, (stridesTime, stridesFreq), (paddingsTime, paddingsFreq), featureMaps. Each DenseBlock(g) contains five
Conv2D+IN+ELU blocks with growth rate g. For the utterance-level stage, numbers denote the channel of output feature maps or
embedding dimensions in our implementaion.

2. Methods
Our proposed deep embedding learning architecture as shown
in Figure 1, which consists of three parts. Firstly, we introduce
DenseNet as the frame-level feature extractor, which includes
four dense blocks (DenseBlock) that each has five CNN lay-
ers. After frame-level feature extraction, the bidirectional at-
tentive pooling layer is used to convert frame-level features into
fixed-dimensional vectors, and followed by two fully-connected
hidden layers to form utterance-level features. The output is a
softmax classifier layer, and each node corresponds to a speaker
ID.

2.1. DenseBlock

The main idea of the DenseBlock architecture first presented
in [15] is to introduce direct connection from each layer to all
subsequent layers in a network building block of a CNN, which
designed to capture long time-frequency context information in
an efficient way. For a DenseBlock as shown in the dashed box
in Figure 1, Hl(·) denotes a general transformation of the l-th
layer. x1, x2, ... , xl−1 are the outputs of the preceding layers,
and x0 is the input of this DenseBlock. All convolutional layers
in the same DenseBlock can be designed to output feature maps
with matching time and frequency dimensions. That is, xl ∈
RC×T×F , where C, T and F are channel, time and frequency
dimensions of the output feature maps. The general convolution
operation for the layer l is xl = Hl(xl−1), but here it acts on
the concatenation of x1, x2, ... , xl−1 as

xl = Hl([x0, x1, x2, ..., xl−1]), (1)

where [·] is concatenation in the channel dimension. The l-th
convolutional layer takes feature maps of size C× (l−1)+C0

as input, where C0 is the channel dimension of feature maps
corresponding to the DenseBlock’s input x0. As can be ob-
served, each layer is connected to all following layers directly
via feature map concatenation. Such a connectivity pattern is
designed to yield a better gradient flow between layers during
training and to capture temporal context information by giving
each layer access to all feature representations of earlier layers.

Figure 2: A schematic of the bidirectional attentive pooling
(BAP). hi stands for i-th vector of the BAP input, wf and wb

stands for the forward and backward hidden state of BGRU,
respectively.

−→
U and

←−
U are the bidirectional outputs from the

BGRU layers.

2.2. Bidirectional Attentive Pooling

After obtaining the frame-level features, an aggregation algo-
rithm is needed to combine these representations into utterance
wise speaker embedding. A simple temporal average pooling is
generally shown effective. However, not all frame-level repre-
sentations provide equal clues to infer speaker identity. Instead
of averaging, the attention mechanism [10, 12] is a better alter-
native to actively select the hidden representations and empha-
size speaker discriminative informations.

Suppose a speech segment of duration T produces a se-
quence of T outputs vectors, {h1, h2, ..., hT }. The attentive
pooling method can be formulated as follows:

αt = softmax(vT g(WT ht + b)), (2)

U =

T

t=1

αtht, (3)

where we project ht into a subspace through a fully connected
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layer with parameters W and b, measuring its similarity with
v, and get a normalized attention weight αt using softmax.
g(·) is some activation function and Tanh is chosen here. The
softmax(·) is performed column-wise.

To get more discriminative fixed-dimensional utterance-
level representation and capture long term sequence informa-
tion, Cai et al. [19] proposed an attention-based CNN-BLSTM
framework, which combine CNN-BLSTM model with a atten-
tive pooling layer together. Different from [19] directly con-
necting the BLSTM to the attentive pooling layer, we employ
the attentive pooling to capture the bidirectional temporal infor-
mation output by the bidirectional recurrent neural network, and
then concatenate the bidirectional utterance-level features. The
proposed pooling method called bidirectional attentive pooling
(BAP), which can be expressed as:

−→
U = AttendPool(

−→
H ), (4)

←−
U = AttendPool(

←−
H ), (5)

where AttendPool(·) is the operation of the attentive pooling,−→
H ,

←−
H are the bidirectional outputs from the BLTSM/BGRU

layers. Then the bidirectional utterance-level features
−→
U and←−

U are cross combined to form an utterance-level speaker em-
bedding as this following:

U = CrossCat(
−→
U ,

←−
U ), (6)

where the CrossCat(·) operation is the representations of each
dimension of

−→
U and

←−
U are cross concatenated, not directly

stitched. As we can be observed, the BAP layer takes advantage
of both bidirectional sequential modeling and attention mecha-
nism to capture long-term temporal context informations.

3. Experiments
3.1. Datasets

FFSVC2020 has three tasks in a research competition under
well-defined conditions: 1) far-field TD-SV from a single mi-
crophone array; 2) far-field TI-SV from a single microphone ar-
ray; 3) far-field TD-SV from distributed microphone arrays. We
evaluate the proposed architecture on the TD-SV tasks (Task
1 and 3). Audio clips in FFSVC2020 are recorded by close-
talking microphone, a mobile phone placed at 25cm distance
from speaker and three circular microphone arrays simultane-
ously. The first 30 utterances are of fixed content: ‘ni hao mi
ya’ in Mandarin Chinese for TD-SV tasks. The remaining ut-
terances are text-independent. We trained our DNN on the first
30 utterances of FFSVC 2020 training dataset, and SLR85 HI-
MIA dataset. The SLR 85 HI-MIA from openslr.org is a
subset of the original HI-MIA database [20]. It contains one
close-talking microphone and three microphone arrays located
at 1m, 3m and 5m distance right in front of the speaker. In total,
training data sets have nearly 1,139,671 utterances and the total
duration approximately 950 hours with 374 speakers, there are
120 speakers from the FFSVC2020 dataset, and 254 speakers
from the HI-MIA dataset.

3.2. Implementation Details

• Input features. All audio clips are first downsampled to
16kHz. Mean normalization is applied using a moving win-
dow of 3 seconds speech segment. For each segment, 40-

dimensional Mel-filter bank features are generated with a 20-
ms window length and 10-ms offset.

• Online Data Augmentation. We use the Online data aug-
mentation strategy in [21] to make the speaker embeddings
more robust. The public MUSAN [22] and RIR NOISES
[23] are used as interfering noises. For each audio segment,
we randomly select a noise clip and mix it with the audio
segment at a signal-to-noise ratio (SNR) level. The SNR is
uniformly distributed between 0 and 20 dB.

• Loss function. We use additive margin softmax, proposed in
[24], as the loss function, which has good performance and
ease of implementation corresponding loss function is

L = − 1

n

n

i=1

log
escos(θyi−m)

escos(θyi−m) + j=yi
escosθj

, (7)

where cosθyi =wT
yi fi/ wyi fi , wyi is the weight vector

of class yi, and fi is the input to the layer for example i. Also,
s is an adjustable scale factor and m is the penalty margin. To
accelerate convergence, we follow the practice of fixing s to
a predefined value. Also, during training, we set s = 10, and
m is initially set to 0 and then to 0.35 after one epoch.

• Training and testing. The configuration of the neural net-
work is illustrated in Figure 1. Models are trained using Py-
Torch [25] and using the Adam optimizer with a batch size of
128. After some exploration, we observe that 100K training
steps are sufficient to train the networks. We also evaluate
different learning rate schedulers. The selected strategy uses
a starting learning rate of 0.1, keeps it constant for 30K steps,
and then it applies an exponential decay every 10K steps with
a rate of 1/2. The period of constant learning rate was impor-
tant for the networks trained with margin penalty. For test-
ing, one microphone array is used in Task 1; 2-4 microphone
arrays are randomly selected in Task 3. Different channels
from the microphone array(s) are equally weighted at the em-
bedding level before scoring. The performance metrics are
equal error rate (EER) and minimum detection cost function
(minDCF) with Ptarget = 0.01, and the minDCF as the pri-
mary metric.

• Scoring. We used both PLDA [2, 3] and cosine for scoring.
In the PLDA scoring, the PLDA of the system is trained using
embeddings of the whole training set. The post-processing
of the speaker embeddings are extracted from the embedding
layers, length normalization, centering, whitening and LDA
transformation for feature dimensionality reduction has been
applied to the embeddings in sequence, finally followed by
the PLDA training. Specifically, the PLDA scoring process
is based on the Kaldi toolkit [9]. In the cosine scoring, we
simply evaluate the pair-wise comparisons using the cosine
distance.

4. Results
We compare our algorithm with x-vector system [9] and
FFSVC2020 official baseline system [26]. The results are
shown in Table 1. Since the maximum number of evaluation
set submissions is only five, we list part of the score submission
results on the evaluation set. It should be mentioned that the
system 1 is actually the same as the x-vector system in Kaldi
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Table 1: Performance of different systems, Boldface values are the best results each in PLDA backend and cosine distance. DenseNet
system as described in Section 2.1 and shown in Figure 1. BAP pooling method is described in Section 2.2.

System Feature
extractor Pooling Scoring

Development Set Evaluation Set

Task 1 Task 3 Task 1 Task3

minDCF EER(%) minDCF EER(%) minDCF EER(%) minDCF EER(%)

1 (x-vector [9]) TDNN SP PLDA 0.60 6.04 0.63 5.47
cosine 0.59 6.21 0.61 5.63

2 TDNN BAP PLDA 0.58 5.95 0.59 5.35 0.60 6.06 0.63 6.21
cosine 0.59 6.07 0.57 5.56

3 (baseline [26]) ResNet SP PLDA 0.56 5.87 0.59 5.24
cosine 0.55 5.89 0.57 5.19

4 ResNet BAP PLDA 0.53 5.08 0.51 4.59 0.59 6.14 0.58 6.18
cosine 0.52 4.97 0.49 4.67

5 DenseNet SP PLDA 0.54 5.39 0.55 5.08
cosine 0.55 5.27 0.53 4.98

6 (proposed) DenseNet BAP
PLDA 0.49 4.57 0.45 4.12 0.57 5.78 0.53 6.02
cosine 0.48 4.60 0.46 4.27

FFSVC2020
Baseline [26] ResNet SP cosine 0.57 6.01 0.59 5.42 0.62 6.37 0.66 7.18

Fusion(2+4+6) 0.43 3.67 0.41 3.98 0.52 4.72 0.47 5.14

Table 2: EERs and minDCFs of the DenseNet-BAP models with
respect to the number of BLSTM/BGRU layers and the layer
size, Boldface value is the best result.

Recurrent Unit Layers Layer Size minDCF EER(%)

0 0 0 0.54 5.08

BLSTM

1 128 0.51 4.83
2 128 0.53 4.89
3 128 0.55 4.93
1 256 0.52 4.85

BGRU

1 128 0.52 4.63
2 128 0.49 4.57
3 128 0.53 4.66
2 256 0.50 4.61

[27], and system 3 is the re-implementation of the official base-
line system [26]. System 6 is our proposed method. Comparing
systems 1, 3, and 6, we observe that our proposed method out-
performs the x-vector and the official baseline on the develop-
ment set. Comparing with the FFSVC2020 baseline implemen-
tation results, our proposed method is significantly outperform
the FFSVC2020 baseline system and get the best performance
in PLDA scoring with 8.06%, 19.70% minDCFs and 9.26%,
16.16% EERs relative reductions on the evaluation set of Task
1 and Task 3 respectively.

DenseNet and BAP method are the most important com-
ponents in our proposed architecture. To further evaluate the
performance, as showed in Table 1, we replace the DenseNet
with TDNN and ResNet, and also replace the pooling method
from BAP to statistic pooling (SP). Comparing the systems 1,
3, 5, we observe that DenseNet performs better than TDNN and
ResNet. The main reason is that the DenseNet combines lots
of different aspects and scales of temporal information. These
results suggest that DenseNet is an efficient architecture for SV
tasks. Comparing systems 2, 4, and 6, we observe that BAP
outperforms SP under all three feature extractors. We further

explore the impact of bidirectional recurrent unit architecture
as shown in Table 2. It can yield a decent performance when
the BAP layer consists of 2 BGRU layers with 128 cells in each
direction.

For the best system, we use simple averaging method to
fuse the systems 2, 4 and 6 with PLDA as the backend, and
submit the average-fused system to the mid-term leaderboard
of FFSVC2020. Our fused system improves the minDCFs of
16.13%, 28.79% and the EERs of 25.90%, 28.41% over the
FFSVC2020 baseline, respectively in Task 1 and Task 3.

5. Conclusions
In this paper, we propose a deep embedding learning architec-
ture for text-dependent speaker verification. The architecture
consists of a stack of DenseBlocks to capture the speaker iden-
tity at frame level and a bidirectional attentive pooling struc-
ture to form speaker embedding at utterance level. By densely
concatenating the outputs of convolutional layers, a more mean-
ingful frame-level representation, with various aspects of time-
frequency context information, is generated. The bidirectional
attentive pooling layer further capture temporal context in-
formation from the bidirectional with the combination of the
BGRU layer and attentive pooling.

We conduct extensive experiments on the FFSVC2020
challenge. For our score submission in the FFSVC2020, our
proposed method achieves 0.52, 4.72% and 0.47, 5.14% in the
minDCFs and EERs for Task 1 and Task 3 on the evaluation
set, respectively. Also, the results demonstrate significant per-
formance gains over x-vector and ResNet baseline systems.
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