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Abstract
Recognizing speakers from a distance using far-field micro-
phones is difficult because of the environmental noise and re-
verberation distortion. In this work, we tackle these problems
by strengthening the frame-level processing and feature aggre-
gation of x-vector networks. Specifically, we restructure the
dilated convolutional layers into Res2Net blocks to generate
multi-scale frame-level features. To exploit the relationship be-
tween the channels, we introduce squeeze-and-excitation (SE)
units to rescale the channels’ activations and investigate the best
places to put these SE units in the Res2Net blocks. Based on the
hypothesis that layers at different depth contain speaker infor-
mation at different granularity levels, multi-block feature aggre-
gation is introduced to propagate and aggregate the features at
various depths. To optimally weight the channels and frames
during feature aggregation, we propose a channel-dependent at-
tention mechanism. Combining all of these enhancements leads
to a network architecture called channel-interdependence en-
hanced Res2Net (CE-Res2Net). Results show that the proposed
network achieves a relative improvement of about 16% in EER
and 17% in minDCF on the VOiCES 2019 Challenge’s evalua-
tion set.
Index Terms: Far-field speaker verification; speaker embed-
ding; Res2Net; Squeeze-and-excitation; channel-dependent at-
tention

1. Introduction
Speaker verification (SV) using far-field microphones has long
been a challenging problem because of the environmental noise
and uncontrollable reverberation [1]. Due to the difference in
microphone characteristics, there exists a domain mismatch be-
tween near-field microphone speech and far-field microphone
speech. The mismatch could cause SV systems that are trained
on near-field microphone speech to perform poorly on far-field
microphone speech. Therefore, it is essential to develop a re-
silient speaker-embedding method to overcome this kind of do-
main mismatch.

Recently, the use of DNNs to create a speaker embedding
space that captures most of the speaker characteristics has be-
come an active research area [2, 3]. A promising approach to
creating speaker embedding is to train a time-delay neural net-
work (TDNN) to capture the frame-level features, followed by
a statistics pooling process to aggregate the frame-level features
to obtain the utterance-level features (embeddings). Speaker
verification is then accomplished by comparing the embed-
dings of two utterances to determine whether they are spoken
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by the same speaker or not. The approach is known as x-
vector [4], which consistently achieves state-of-the-art perfor-
mance in speaker recognition evaluations [5, 6, 7].

It has been shown that adding residual connections between
the frame-level layers enhances speaker embeddings [8, 9].
Leveraged on the idea of x-vector, a recent trend in speaker
embedding is to enhance the capability of the frame-level pro-
cessing by replacing the TDNN with ResNet [10, 11] and
DenseNet [12, 13]. In [14], it was found that enhancing the
multi-scale temporal features at a granular level by the Res2Net
blocks [15] and recalibrating the channel-wise feature responses
by the squeeze-and-excitation (SE) units [16] can improve per-
formance. However, there is a lack of study on the impact of the
variants of SE and integration strategy, i.e., the best placement
of the SE units in the Res2Net blocks. Considering that multi-
scale representations can be obtained from a Res2Net block, we
argue that the placement of SE units has an impact on the chan-
nel interdependence.

This work aims to fill this gap by performing an ablation
study to access the influence of the SE unit’s placement on
speaker embeddings. Also, an SE variant is proposed. This
new SE unit incorporates a statistics pooling mechanism into
the squeeze operation, which is expected to generate better
channel-wise statistics. Motivated by the merits of SE-based
Res2Net blocks (SE-Res2blocks) and multi-block feature ag-
gregation, we propose the channel-interdependence enhanced
Res2Net (CE-Res2Net) for tackling the far-field SV problem.
In addition to the enhancement in network architecture, we also
investigate a channel-dependent attentive pooling mechanism,
which weights individual frames based on the channel attention
scores. We compare different network designs and demonstrate
the effectiveness of our CE-Res2Net system on the VOiCES
Challenge 2019 dataset [17], or Voices19 for short.

2. Channel-Interdependence Enhanced
Embedding

This section details the main components of the proposed CE-
Res2Net for enhancing the TDNN architecture and the attentive
pooling layer. The configuration of the CE-Res2Net is shown
in Fig. 1.

2.1. SE-based Res2block

To investigate the relationship between the channels, we intro-
duce a 1D-SE unit, which recalibrates the channel activations
based on channel dependence and the global information about
the channels. The squeeze operation in the SE unit uses global
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Figure 1: Illustration of the CE-Res2Net topology. k s denotes
the kernel size. ht (t = 1, . . . , T ) denotes the frame-level fea-
tures. ĥt denotes the last frame-level convolutional layer’s out-
put. T is the utterance length. Demb denotes the dimension of
speaker embeddings. Nspk is the number of training speakers.

average pooling to obtain the channel-wise statistics:

u =
1

T

T∑
t=1

ht, u ∈ RC , (1)

where ht (t = 1, . . . , T ) denote the frame-level features at the
last convolutional layer and C is the number of channels. After
that, the excitation operator uses the aggregated information u
to compute a set of channel weights:

s = S(W2f(W1u)), s ∈ RC , (2)

where S is a sigmoid function, f is a leaky ReLU function,
W1 ∈ R

C
r
×C , W2 ∈ RC×C

r , and r � C is a constant for
reducing the dimension of W1 and W2. In this work, r was
set to 2. For simplicity, all the bias terms are omitted. The
output h̃t of the unit is obtained by rescaling the features in
each channel with the weights in s:

h̃t = s� ht, (3)

where � represents the Hadamard product.
Based on the standard SE in [16], we propose a variant of

SE named statistics pooling-based SE (SPSE), which incorpo-
rates a statistics pooling [18] mechanism into the squeeze oper-
ator. In details, the statistics pooling calculates a mean vector u
as in Eq. 1 and a standard deviation vectorσ over ht as follows:

σ =

√√√√ 1

T

T∑
t=1

ht � ht − u� u. (4)

In addition to the mean vector u, we consider that the standard
deviationσ is also important for describing channel-wise statis-
tics because it contains information on temporal variability. The
u and σ are concatenated and passed to the excitation operation
in Eq. 2, i.e., replacing u by

[
uT,σT]T. To ensure that the SE

unit and the SPSE unit have the same number of parameters, the
value r forW1 andW2 in Eq. 2 was set to 4.

Res2block [15], a recently proposed architecture, uses hier-
archical residual-like connections within each residual block to

Figure 2: Variants of an SE-based Res2block.“SE” denotes the
standard SE unit or the statistics pooling based SE (SPSE) unit.
h̃t denotes the rescaled frame-level features by “SE”. In this ex-
ample, the channels after the “Conv 1D” are split into 8 channel
groups.

extract multi-scale features. Due to the evidence that integrat-
ing the SE units into the standard ResNet could improve per-
formance [16], we integrate the SE unit into the 1D Res2block.
The benefit of the integration will be demonstrated in Section 4.

To further explore the impact of the placement of the SE
unit within the Res2Net, three kinds of SE-Res2block are pro-
posed, as shown in Fig. 2. For simplicity, we use “SE” in this
figure to represent the standard SE unit or the SPSE unit. Sim-
ilar to [15, 16], the most straightforward way to integrate the
SE unit is putting it after all the convolutional operations (conv-
ops) in the Res2block, which is called standard SE (SE-ST) as
shown in “Case 1” of Fig. 2. In this block, the SE unit recali-
brates the channel activations based on the multi-scale features
obtained from the conv-ops in the Res2block. In scale-specific
SE (SE-SS), “Case 2” of Fig. 2, an SE unit is placed after each
scale-specific branch. In this case, each SE unit models the in-
terdependence within the channel group based on the global in-
formation of the scale-specific branch. In SE-Pre, “Case 3” of
Fig. 2, an SE unit is placed before the conv-ops. It first rescales
the channel activations and then passes them to the conv-ops to
learn multi-scale features. For comparison, the number of pa-
rameters in the three types of SE-Res2blocks is the same. The
performance of the SPSE unit and the impact of the placement
of the SE unit are revealed in Section 4.

2.2. Channel-dependent Self-attention

Self-attentive pooling [19, 20] assigns a weight or a scalar score
et for each frame-level feature vector through a trainable layer.
However, this kind of mechanism assumes that all channels are
of equal importance. To explore the importance of individual
channel, we introduce channel-dependent attention, which cal-
culates a scalar score et,c (c = 1, . . . , C) for each frame-level
vector ĥt at the last convolutional layer’s output in Fig. 1:

et,c = v
T
cf
(
Wĥt

)
, (5)

where W ∈ R
C
d
×C and vc ∈ R

C
d
×1 are parameters to calcu-

late the attention weights. d � C is set to reduce the number
of parameters and to avoid overfitting. In this work, d = 4.
All the bias terms are omitted for simplicity. The et,c is then



normalized channel-wise across time by a softmax layer:

wt,c =
exp (et,c)∑T
τ=1 exp (eτ,c)

. (6)

Given a set of channel-dependent weights wt,c, we can ob-
tain the weighted average of channel c:

µ̂c =

T∑
t=1

wt,cĥt,c. (7)

The weighted mean vector is µ̂ = [µ̂1, µ̂2, . . . , µ̂C ]
T. Similar

to the self-attentive pooling, the weighted standard deviation
vector σ̂ can be computed:

σ̂c =

√√√√ 1

T

T∑
t=1

wt,cĥ2
t,c − µ̂2

c , c = 1, . . . , C. (8)

By concatenating the weighted mean vector µ̂ and the weighted
standard deviation vector σ̂, the output of the channel-
dependent attention is obtained.

2.3. Multi-block Feature Aggregation

In the original x-vector framework, only the last frame-level
layer is connected to the statistics pooling layer. It is conjec-
tured that the speaker-specific information is more prominence
at the top TDNN layer than those near the input. However, there
is no in-depth investigation on the amount of speaker informa-
tion in different layers. It is suspected that the shallow features
(features near the input) could also contribute to speaker embed-
dings. To investigate the impact of shallow features, we intro-
duce a multi-block aggregation (MA) method that concatenates
the output feature maps of all the SE-Res2blocks, as shown in
Fig. 1. A dense layer is followed to aggregate the concatenated
information and then pass the features to the statistics pooling
layer. In this way, features from all stages of the blocks are
propagated into the dense layer, which will contribute directly
to the attentive pooling layer.

3. Experimental Setup
3.1. Data Preparation

We used the VOiCES Challenge 2019 (Voices19) for perfor-
mance evaluation. The dataset is based on the Voices Obscured
in Complex Environmental Settings (VOiCES) corpus [21].
The speech samples were recorded by 12 microphones placed
at different positions of four rooms with distinct reverberation
conditions and noise distractions. Distractor noises – includ-
ing babble, music, and television sound – were played in the
background. Voices19 includes a development (Dev) set and
an evaluation (Eval) set; each of them comprises an enrollment
subset and a test subset.

The training data consist of Speakers in the Wild
(SITW) [22], VoxCeleb1 [23], and VoxCeleb2 [24]. We fol-
lowed the data augmentation procedure in Kaldi to create the
augmented data, using the noise, babble, and music files in MU-
SAN [25] as the noise sources and the RIR dataset [26] as the
room impulse responses for producing the reverberant speech.
A random subset with one million augmented utterances was
combined with the original utterances to create an augmented
training set with around 2.2 million utterances. Utterances with
number of frames less than 400 and speakers with fewer than 8
utterances were excluded from this set.

3.2. Acoustic Features and Speaker Embedding

30-dimensional mel-frequency cepstral coefficients (MFCCs)
were extracted from 16-kHz audio signals using a 25-ms win-
dow with 10-ms frame shift. The mel-scale filter bank covers
frequency range 20–7600Hz. After that, cepstral mean nor-
malization (CMN) over a 3-second sliding window was ap-
plied. The Kaldi’s voice activity detector (VAD) was used to
remove non-speech. For Voices19 speech files, a dereverbera-
tion method called weighted prediction error (WPE) [27] was
applied to improve signal quality. No dereverberation was ap-
plied to VoxCeleb files.

The configuration of our system is illustrated in Fig. 1. The
dilation of the Conv1D layers is 2, 3, and 4 for the three SE-
Res2blocks, respectively. The dimension of speaker embed-
ding, Demb, is 192 and the number of training speakers, Nspk,
is 7602. Each of the convolutional layers in all systems is con-
nected to a leaky ReLU layer, followed by batch normalization.
Speaker embeddings were extracted from the affine layer’s out-
put after the statistics pooling layer.

All models were trained using the Adam optimizer with an
initial learning rate of 0.001 and linearly reduced to 0.0001 for
3 epochs. Training samples were randomly shuffled before each
epoch. The mini-batch size is 64. Simple softmax was first used
to investigate the importance of individual components in the
proposed CE-Rese2Net. AM-softmax [28] with a scale factor
of 30 and a penalty margin of 0.2 was later used as the out-
put activation function for all models. To avoid overfitting, L2-
regularization with weight equals to 2 × 10−5 was applied.

3.3. Scoring and Evaluation

The PLDA model training and PLDA scoring were realized by
Kaldi. Before that, length normalization, centering, and LDA
were applied to reduce feature dimension and enhance speaker
discrimination. No PLDA adaptation was applied. Symmetric
score normalization (S-norm) [29] was performed to normal-
ize the scores of the Eval-test set, where the cohort was selected
from the embeddings of the Dev-test set. All systems were eval-
uated on the Dev-test set and Eval-test set. The performance
metrics consist of equal error rate (EER) and minimum detec-
tion cost function (minDCF), where Ptarget is 0.01.

3.4. Advanced Baseline Systems

Extended TDNN (E-TDNN) and ResNet-based systems [30,
31] were used as the two strong baselines for comparisons. An
enhanced attentive pooling mechanism, named multi-head self-
attention (MHA) [32], was incorporated into the two baselines
to produce better embeddings.

One of our baseline systems is the MHA-based E-TDNN
x-vector system (MHA-ETDNN). The architecture of E-TDNN
is introduced in [30] and described in great detail there. This
network includes four 1-dimensional (1D) dilated convolutional
layers with interleaving dense layers. After two dense layers, a
statistics pooling layer is added to calculate the mean and stan-
dard deviation over the last frame-level representations. Differ-
ent from the original E-TDNN, we used MHA in the statistics
pooling layer, which has shown to improve performance [32].
Before the softmax output layer, two dense layers were added
and the speaker embeddings were extracted from the linear
affine outputs in the first dense layer. We replaced the softmax
in [30] by the additive margin softmax (AM-softmax) [28].

Another baseline system, MHA-based ResNet (MHA-
ResNet), is a variant of the standard TDNN x-vector system [4].



Table 1: Importance of different components in the proposed
CE-Res2Net. Boldface values are the best results. SE-
Res2blocks employed here are all SE-ST blocks described in
Section 2.1 and shown in Fig. 2. Network outputs were nor-
malized by the softmax function. MA: multi-block aggregation.
MHA: multi-head attention. SE: squeeze-and-excitation. CE-
Res2Net: Fig. 1 with channel-dependent attention. CE-Res2Net
w/o SE: only removing SE units from CE-Res2Net. CE-Res2Net
w/o MA: only removing MA from CE-Res2Net. CE-Res2Net
w/ MHA: only replacing channel-dependent attention in CE-
Res2Net by MHA.

Systems Development set Evaluation set
EER(%) MinDCF EER(%) MinDCF

Kaldi x-vector 3.61 0.3785 7.78 0.5624
CE-ResNet 2.57 0.3072 6.54 0.5297
CE-Res2Net 2.31 0.2685 6.15 0.4918
CE-Res2Net w/o MA 2.50 0.2829 6.23 0.5206
CE-Res2Net w/o SE 2.52 0.2834 6.05 0.4943
CE-Res2Net w/ MHA 2.34 0.2670 6.52 0.5265

Table 2: Performance of the proposed CE-Res2Net with dif-
ferent variants of SE-Res2blocks on the Dev and Eval set of
Voices19. All the variants of SE-Res2blocks are described in
Section 2.1 and shown in Fig. 2. Network outputs were normal-
ized by the additive margin softmax (AM-softmax).

System Development set Evaluation set
EER(%) MinDCF EER(%) MinDCF

SE-ST 2.18 0.2281 5.96 0.4296
SE-SS 2.12 0.2792 6.06 0.4763
SE-Pre 2.02 0.2108 5.72 0.4225
SPSE-Pre 1.93 0.2165 5.77 0.4232

The second to the forth TDNN layers were replaced by three
residual blocks [10]. Each residual block consists of two 1D
convolutions with kernel size equal to 1 and one 1D dilated con-
volution with kernel size equal to 3. The dilation of the three
residual blocks was set to 2, 3 and 4, respectively. Same as the
MHA-TDNN, we used MHA as the statistics pooling module
to produce the fixed-length representation from variable-length
speech segments. After that, one dense layer together with an
AM-softmax layer were added. Speaker embeddings were ex-
tracted from the linear activations in the dense layer.

4. Results
The impacts of individual components in the proposed CE-
Res2Net are given in Table 1. The results demonstrate that the
CE-Res2Net significantly outperforms the Kaldi x-vector base-
line [4]. To demonstrate the importance of aggregating all the
SE-Res2blocks, we removed the multi-block aggregation (MA)
and used the output of the last frame-level dense layer for the
attentive pooling operation. Compared with the results of CE-
Res2Net without MA, aggregation could obtain improvement
of about 8% in EER and 5% in minDCF on the Dev set and 6%
in minDCF on the Eval set. To explore the impact of channel-
dependent attention, we used multi-head attention (MHA) to
replace it. The results (CE-Res2Net w/ MHA) demonstrate the
superiority of channel-dependent attention, which is about 6%
better in EER and 7% better in minDCF on the Eval set. Com-

Table 3: Performance of CE-Res2Net and baseline systems
(Section 3.4) on the Dev and Eval set of Voices19. SE-
Res2blocks employed in the CE-Res2Net are SE-Pre blocks de-
scribed in Section 2.1. Network outputs were normalized by the
additive margin softmax (AM-softmax).

Systems Params Development set Evaluation set
EER (%) MinDCF EER (%) MinDCF

MHA-ETDNN 11.4M 2.67 0.3028 6.81 0.5084
MHA-ResNet 10.2M 2.10 0.2628 6.11 0.4565
CE-Res2Net 9.5M 2.02 0.2108 5.72 0.4225

pared with CE-Res2Net without any SE units, incorporating the
SE units could reduce the EER by 8% and reduce the minDCF
by 5% on the Dev set. The results confirm the advantage of
rescaling the channel activations by the SE units. In the CE-
ResNet in Table 1, the Res2blocks are replaced by the standard
ResNet blocks, which degrades the performance by about 9% in
EER and 12% in minDCF on the Dev set and degrades the per-
formance by about 6% in EER and 7% in minDCF on the Eval
set. Results in Table 1 confirm that the CE-Res2Net can bene-
fit from the SE units, channel-dependent attention, Res2blocks,
and MA.

The performance of the standard SE (SE-ST) block and its
variants introduced in Section 2.1 are reported in Table 2. The
SE-SS block, where each split convolutional operation is fol-
lowed by an SE unit, leads to performance drop in both Dev
and Eval sets. The SE-Pre block, in which the SE unit is placed
before the conv-ops, results in relative reduction of 5% in EER
and 8% in minDCF on the Dev set and 4% reduction in EER and
2% reduction in minDCF on the Eval set. SPSE-Pre, in which
statistics pooling is introduced in the SE-Pre block, achieves
performance comparable to SE-Pre. These results clearly con-
firm that the placements of SE units have influence on perfor-
mance. In particular, SE-Pre and SPSE-Pre, i.e., placing the SE
unit before conv-ops in a Res2Net block, lead to better perfor-
mance.

The results of the proposed CE-Res2Net and the two base-
lines described in Section 3.4 are summarized in Table 3. SE-
Pre blocks are employed in the CE-Res2Net in this table be-
cause of their good performance. It is obvious that the proposed
CE-Res2Net significantly improves the performance. Also, it
has the least number of parameters compared with the two base-
lines. In detail, compared with MHA-ResNet, the CE-Res2Net
obtains a relatively improvement of about 4% in EER and 20%
in minDCF on the Dev set and 6% in EER and 7% in minDCF
on the Eval set; compared with MHA-ETDNN, the CE-Res2Net
obtains a relatively improvement of about 24% in EER and 30%
in minDCF on the Dev set and 16% in EER and 17% in minDCF
on the Eval set.

5. Conclusions
In this paper, we presented a novel speaker embedding extrac-
tor, CE-Res2Net, for speaker verification. Unlike the original
TDNN in x-vector networks, we focused on the interdepen-
dence between channels by introducing SE units and channel-
dependent attention into the network. We investigated different
placements of the SE block and found that it is better to put it
before the Res2Net block. With the Res2blocks, multi-block
feature aggregation, and channel-dependent attentive pooling,
the CE-Res2Net can significantly improves the performance of
far-field speaker verification.
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