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Abstract

In this paper, we develop a system that integrates multi-
ple ideas and techniques inspired by the convolutional block
and feature aggregation methods. We begin with the state-
of-the-art speaker-embedding model for speaker recognition,
namely the model of Emphasized Channel Attention, Propaga-
tion, and Aggregation in Time Delay Neural Network, and then
gradually experiment with the proposed network modules, in-
cluding bottleneck residual blocks, attention mechanisms, and
feature aggregation methods. In our final model, we replace
the Res2Block with SC-Block and we use a hierarchical ar-
chitecture for feature aggregation. We evaluate the perfor-
mance of our model on the VoxCeleb1 test set and the 2020
VoxCeleb Speaker Recognition Challenge (VoxSRC20) vali-
dation set. The relative improvement of the proposed mod-
els over ECAPA-TDNN is 22.8% on VoxCeleb1 and 18.2% on
VoxSRC20.
Index Terms: speaker recognition, speaker verification,
TDNN, ResNet, channel attention, feature aggregation.

1. Introduction
Integration of deep learning leads to breakthroughs in speaker
recognition research. Specifically, X-vectors/Time Delay Neu-
ral Network (TDNN) [1] includes a deep neural network as
front-end speaker embedding extractor and Probabilistic Linear
Discriminant Analysis (PLDA) [2] or cosine similarity as back-
end scorer. One of the active fields of research is to improve
the TDNN. As TDNN is equivalent to 1-D Convolution Neural
Network (CNN), researchers have also experimented with 2-D
CNN, such as ResNet [3].

Recently, the state-of-the-art Emphasized Channel Atten-
tion, Propagation and Aggregation in Time Delay Neural Net-
work (ECAPA-TDNN) [4] proposes to incorporate the elements
of Res2Net [5] with TDNN. To model the interdependencies
between the channels, ECAPA-TDNN applies the channel at-
tention mechanisms of Squeeze-and-Excitation (SE) [6]. More-
over, the outputs of different dilation rates are concatenated to
process expressive features.

In this work, we implement the ECAPA-TDNN as our base-
line and propose further improvements to this basic architec-
ture. Our experiments and analysis focus on bottleneck residual
blocks, attention mechanisms, and feature aggregation methods.
First, we adopted different bottleneck residual blocks to replace
the Res2Block in ECAPA-TDNN, then substituted the SE with
Efficient Channel Attention (ECA) [7] and Convolutional Block
Attention Module (CBAM) [8], respectively. We also extend
the feature aggregation method from multi-layer to hierarchi-

cal. Our final model, which includes SC-Block [9], SE, and hi-
erarchical feature aggregation, achieves better performance than
baseline on the Voxceleb1 [10] test set and VoxSRC20 [11] val-
idation set.

This paper is organized as follows: Section 2 describes
the different frame-level architectures. Section 3 introduces the
experimental setup including training dataset, acoustic feature,
training protocol, and evaluation protocol. Section 4 focuses on
the results and analysis. Section 5 summarizes this work.

2. Network Architecture
In this section, we refer to ECAPA-TDNN [4, 12] to implement
our baseline system and focus on the experiment of the frame-
level architecture. The architecture of baseline is shown in Ta-
ble 1. Conv1D means the 1-D convolution. BN stands for Batch
Normalization and the ReLU is the non-linearity. FC(Emb.) de-
notes the fully connected layer where the speaker embedding is
extracted. We fix the attentive statistics pooling [13] layer. Then
we take the various residual blocks and attention mechanisms
as a plug-and-play block to upgrade the baseline architecture.
Also, we examine different feature aggregation methods. All
the 2-D convolution in the residual blocks and attention mech-
anisms for the computer vision task is rescaled to TDNN layer

Table 1: Baseline architecture. Layer denotes the network con-
nection type. Structure describes the detail setting in layers. For
example, ”5,512” means 1-D convolution with a kernel size of
5 and 512 output channels, ”fc, [64, 512]” indicates the output
dimension of the two fully connected layers in an SE module,
”D = 2” specifies the dilation rate of the TDNN layer in the
second layer of Res2Block.

# Layer Structure Output shape Input layer

0 Input - 200× 80 -
1 Conv1D + ReLU + BN 5, 512 200× 512 0

2 SE-Res2Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 2 200× 512 1

3 SE-Res2Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 3 200× 512 2

4 SE-Res2Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 4 200× 512 3

5 SE-Res2Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 5 200× 512 4

6 Aggregation - 200× 2048 2,3,4,5
7 Conv1D + ReLU + BN 1, 1536 200× 1536 6
8 Attentive Stat Pooling - 3072 7
9 FC(Emb.) 3072× 192 192 8
10 AAM-Softmax 192×#spks #spks 9
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(a) Res2Block (b) SK-Block (c) SC-Block (d) HS-Block

Figure 1: The structures of experimental different bottleneck residual blocks. k : the kernel size of 1-D convolution. GAP : global
average pooling.

with different dilation rate or 1-D convolution for fewer param-
eters and larger receptive field to introduce these modules into
the speaker recognition task.

2.1. Residual Blocks

In recent years, many studies focus on enlarging the recep-
tive field of the convolutional layer on ResNet [3]. The first
technique integrates the ResNet with the concept of incep-
tion [14], and proposes a split-transform-merge strategy called
ResNext [15]. The cardinality is designed for processing dif-
ferent sizes of receptive fields to obtain multi-scale features.
Moreover, Res2Net [5] further increases multi-scale feature ex-
traction ability. The above concepts are similar to the TDNN,
which gets a wide range of time information through convolu-
tion with different dilation rates. In ECAPA-TDNN, it merges
the advantages of Res2Net and TDNN.

Therefore, we consider that different methods of obtaining
multi-scale features have an impact on the final representation.
In the following, we implement multiple approaches and search
for the best one to replace Res2Net.

2.1.1. Res2Net

The bottleneck residual block used in ECAPA-TDNN is
Res2Block which is shown in Figure 1(a). The characteristic
is that the original input split into multiple groups according to
channels. The output of one group is fed into the next group,
and so on. All segments are concatenated as the final result.

2.1.2. SKNet

In selective kernel network (SKNet) [16], the bottleneck resid-
ual block is called SK-Block, as Figure 1(b). Unlike Res2Net, it
does not split the input but uses different kernel sizes of convo-
lution to conduct two transformations. The different outputs are
fused via an element-wise summation. The soft attentions of
different scales features achieve by GAP-FC-Softmax. These
attentions estimate the importance of different outputs to get
weighted multi-scale features.

2.1.3. SCNet

The self-calibration network (SCNet) [9] has the bottleneck
residual block called SC-Block that integrates Res2Net and
SKNet, shown in Figure 1(c). According to the channels, it split
the input and use normal convolution and self-calibration. In
self-calibration, the split input further converts into two differ-

ent scale-spaces. One is the original space through convolution,
the other obtains a smaller latent space as the spatial reference
of the original space by average pooling (AvgPool), convolu-
tion, and FC. Finally, the weighted output passes to another
convolution and is concatenated with the normal convolution
output. Over the self-calibration calculation, it can exploit dif-
ferent portions of convolutional filters in a heterogeneous way,
integrate the different scale spaces. Thus, it allows the network
to learn the weighted multi-scale features and avoid certain un-
related information.

2.1.4. HSNet

The hierarchical-split network (HSNet) [17] is an extension of
Res2Net and its bottleneck residual block is called HS-Block
in Figure 1(d). Their difference is that the output would not be
completely fed into the next group. Half of the output of each
group is kept as the final result, the other half is concatenated
with the input of the next group instead of summation. The
concatenation prevents the feature representation from destroy-
ing. This approach improves the ability of multi-scale feature
expression.

2.2. Attention Mechanisms

The network applies the attention mechanisms to focus on rel-
ative important information by calculating channel and spatial
soft-attention. In many researches, it has been proven to effec-
tively improve the effect of CNN. Hence, we believe that differ-
ent attention mechanisms have an impact on the integration of
features. Next, we try various attention mechanisms to enhance
the ability to capture the important features.

2.2.1. SE

SE-Net [6] proposed an effective method to learn channel at-
tention. It is shown in Figure 2(a). ECAPA-TDNN integrates
the 1-D SE-block that rescales the frame-level features through
squeeze and excitation. In the squeeze stage, the GAP aver-
ages frame-level features along the time domain. The excitation
calculates channel-wise weights through two linear layers and
non-linearity and then multiplies with the original features.

2.2.2. ECA

ECA-Net [7] is an improvement of SE-Net in Figure 2(b). It
observes that dimension reduction operation in SE excitation
causes part of the information loss and reduces the performance.
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(a) SE (b) ECA (c) CBAM

Figure 2: The structures of experimental different attention mechanisms.

To address this problem, ECA replaces the two linear layers in
excitation with a 1-D convolution layer. It guarantees efficiency
and effectiveness by appropriately capturing local cross-channel
interaction.

2.2.3. CBAM

CBAM [8] is an extension of SE-Net which additionally calcu-
lates spatial attention. It is shown in Figure 2(c). After the chan-
nel attention, the spatial attention inputs the channel-refined fea-
tures and utilizes average pooling and max pooling along the
channel axis to generate two different spatial features. Finally,
the convolution is applied to form the spatial attention.

2.3. Feature Aggregation

[18, 19] demonstrate that integrating the different resolution
features can extract the expressive speaker embeddings. There-
fore, we implement the multi-layer approach in ECAPA-TDNN
and expand it into the hierarchical one.

2.3.1. Multi-layer

ECAPA-TDNN adopts the multi-layer feature aggregation
method to integrate the outputs of each SE-Res2Block. The
principle is that SE-Res2Block outputs of different dilation rates
are concatenated and pass the 1-D convolution to reduce the di-
mension.

2.3.2. Hierarchical

Inspired by DenseNet [20], we proposed the hierarchical tech-
nique as Figure 3. The outputs of all lower dilation rate SE-
Res2Blocks are concatenated and then integrated by the 1-D
convolution. Finally, they are fed into the higher dilation rate
SE-Res2Blocks. The network can process information of dif-
ferent resolutions hierarchically to learn sophisticated represen-
tations and generate discriminative speaker embeddings.

3. Experimental setup
3.1. Datasets

All systems use the development of VoxCeleb2 [21] as a train-
ing dataset, which contains 5994 speakers. To make the sys-
tem more robust, we randomly use 4 different data augmenta-
tion methods in every training step: select speech, music, noises
from the MUSAN [22] dataset to add noise, and artificially re-

verberated via convolution with simulated RIRs [23].

3.2. Acoustic Feature

During training, we randomly extract 2 seconds of the chunk
from the training files. Pre-emphasis is applied and then
encodes the audio samples into 80-dimensional log Mel-
filterbanks with a 25-ms frame window and a 10-ms frameshift.
Mean and variance normalization (MVN) is performed by ap-
plying instance normalization to the network input. There is no
Voice Activity Detector (VAD) applied.

3.3. Training protocol

Our implementation is adapted from Clova AI speaker recog-
nition code [24] with PyTorch framework. All models use an
initial learning rate of 0.001 and are reduced by 25% every 10
epoch with Adam optimizer. Except for the final model where
we change the optimizer to AdamP [25] to stabilize the train-
ing. We use AAM-softmax loss [26] with a margin of 0.2 and
softmax prescaling of 30, and train all models on GeForce GTX
1080ti for 100 epochs. The batch size is fixed at 256. A weight
decay 2e-5 is applied. Convolutional frame layers are all set
512. The scale dimension s in the Res2Block and HS-Block is
set to 8. The r for AvgPool in SC-Block is set to 8. The output
size of speaker embedding is 192.

Figure 3: Our hierarchical feature aggregation method.
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Table 2: Our final architecture. We compared to the baseline
architecture, replace the Res2Block with SC-Block. The hierar-
chical feature aggregation is also applied.

# Layer Structure Output shape Input layer

0 Input - 200× 80 -
1 Conv1D + ReLU + BN 5, 512 200× 512 0

2 SE-SC-Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 2 200× 512 1

3 Aggregation - 200× 512 2
4 Conv1D + ReLU + BN 1, 512 200× 512 3

5 SE-SC-Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 3 200× 512 4

6 Aggregation - 200× 1024 2,5
7 Conv1D + ReLU + BN 1, 512 200× 512 6

8 SE-SC-Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 4 200× 512 7

9 Aggregation - 200× 1536 2,5,8
10 Conv1D + ReLU + BN 1, 512 200× 512 9

11 SE-SC-Block

 1, 128
3, 128
1, 512

fc, [64, 512]

 , D = 5 200× 512 10

12 Aggregation - 200× 2048 2,5,8,11
13 Conv1D + ReLU + BN 1, 1536 200× 1536 12
14 Attentive Stat Pooling - 3072 13
15 FC(Emb.) 3072× 192 192 14
16 AAM-Softmax 192×#spks #spks 15

3.4. Evaluation protocol

We evaluate our models on the Voxceleb1 [10] test set and
VoxSRC20 [11] validation set, and report the performance met-
ric: the Equal Error Rate (EER). The scoring of trials is us-
ing Euclidean distance between embeddings. We don’t use any
score calibration or normalization.

4. Result
Section 4.1 to 4.3 will conduct experiments on the various ar-
chitectures and methods mentioned in Section 2. In Section 4.4,
we combine improved methods into the final architecture. The
first line of all result tables is the baseline setting.

4.1. Residual Blocks

We use different residual blocks to replace the original
Res2Block in the baseline. The results are summarized in Table
3, which shows the improvement of SC-Block and HS-Block,
especially SC-Block. It has relative improvements of 3.4% on
VoxCeleb1 and 5.2% on VoxSRC20. SC-Block uses the calcu-
lation of self-calibration while enlarging the receptive field and
gets the spatial attention of the context to avoid redundant in-
formation in the features. It can be considered as a frame and
channel selective convolution method. Among the four meth-
ods, SK-Block has the worst effect. It uses different kernel size
convolutions to achieve different transformations of the original
input instead of split inputs by the channel. Part of the original
representation is not retained and loses low-resolution features.

4.2. Attention Mechanisms

The baseline system uses SE to get channel interdependencies
of contexts. Here we select two variants of attention mecha-
nisms to replace SE. As shown in Table 4, the model with SE
is still the best. We think that the 1-D convolution in ECA and
CBAM conflicts with TDNN, resulting in redundant informa-
tion.

Table 3: EER of different residual blocks.

Residual block VoxCeleb1 VoxSRC20

Res2Block 1.49 4.46
SK-Block 1.70 4.64
SC-Block 1.44 4.23
HS-Block 1.45 4.26

Table 4: EER of different attention mechanisms.

Attention mechanism VoxCeleb1 VoxSRC20

SE 1.49 4.46
ECA 1.74 4.65

CBAM 1.58 4.60

Table 5: EER of different feature aggregation.

Feature aggregation VoxCeleb1 VoxSRC20

Multi-layer 1.49 4.46
Hierarchical 1.41 4.18

Table 6: EER of our final architecture.

Architecture VoxCeleb1 VoxSRC20

Baseline 1.49 4.46
Ours(C = 512) 1.28 4.04

Ours(C = 2048) 1.15 3.65

4.3. Feature Aggregation

We use the hierarchical feature aggregation compare to the
multi-layer. Table 5 presents that the hierarchical method has
relative improvements of 5.4 % on VoxCeleb1 and 6.3 % on
VoxSRC20. It further confirms the idea of [18, 19] that con-
catenating and extracting multiple temporal scale features can
enhance discriminability of speaker embeddings.

4.4. Final Architecture

Based on the former experiments, we design the final archi-
tecture which consists the residual block: SC-Block, attention
mechanism: SE, and feature aggregation: hierarchical. We use
two different convolution channel size settings are C = 512
and C = 2048, respectively. The final architecture is shown
in Table 2 and the results are summarized in Table 6. We can
see that our architecture can significantly boost the performance
compared to the baseline. With C = 512, it has 14.1% relative
improvements on VoxCeleb1, and 9.4% on VoxSRC20. With
C = 2048, it relatively improves 22.8 % on VoxCeleb1, and
18.2% on VoxSRC20. The results also demonstrate that simply
increasing the convolution channel size can improve the perfor-
mance on VoxSRC20.

5. Conclusion
In this study, we adapt the frame-level layer architecture contain
residual blocks, attention mechanisms, and feature aggregation
based on the state-of-the-art ECAPA-TDNN model of speaker
recognition. We replace the Res2Block with SC-Block and pro-
pose the hierarchical feature aggregation method to build our
final model. It relatively improves 22.8% on VoxCeleb1 test set
and 18.2% on VoxSRC20 validation set compared to our base-
line.
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