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Abstract
In this paper, we propose a real-time multi-channel speech en-
hancement method for noise reduction and dereverberation in
far-field environments. The proposed method consists of two
components: differential beamforming and mask estimation
network. The differential beamforming is employed to sup-
press the interference signals from non-target directions such
that a relatively clean speech can be obtained. The mask es-
timation network with an attention model is developed to cap-
ture the signal correlation among different channels in the fea-
ture extraction stage and enhance the feature representation that
needs to be reconstructed into the target speech in the estima-
tion mask stage. In the inference phase, the spectrum after
differential beamforming is filtered by the estimated mask to
obtain the final output. The spectrum after differential beam-
forming can provide a higher signal-to-noise ratio (SNR) than
the original spectrum, so the estimated mask can more easily
filter out the noise. We conducted experiments on the Confer-
encingSpeech2021 challenge (INTERSPEECH 2021) dataset to
evaluate the proposed method. With only 2.9M parameters, the
proposed method achieved competitive performance.
Index Terms: real-time, multi-channel speech enhancement,
beamforming, deep neural network

1. Introduction
With the advancement of video conferencing technology, we
can communicate face-to-face with people from all over the
world at any time. However, in a video conference, the speech
quality will be dramatically degraded by the noise and rever-
beration in the speaker’s environment. In addition, video con-
ference also faces the problems of far-field and complex con-
ference room environment. Therefore, it is necessary to design
a real-time and effective speech enhancement algorithm to im-
prove the speech quality and intelligibility in the video confer-
ence.

Recently, the performance of speech enhancement methods
based on deep neural networks has been significantly improved
compared to methods based on conventional signal processing.
The speech enhancement method based on deep neural net-
work can be regarded as a supervised learning problem. Given
the clean speech and background noise, the speech enhance-
ment method takes the simulated noisy speech as input and the
clean speech as the target. Although many speech enhancement
methods based on deep neural networks have been proposed in
the time domain [1, 2, 3], more work is currently focused on
building speech enhancement methods in the time-frequency
domain through short-time Fourier transform (STFT). Since
time-frequency representations are easier to understand and an-
alyze, there are currently many time-frequency domain speech
enhancement methods that have achieved state-of-the-art per-
formance. Previous studies [4, 5] focused on enhancing the

amplitude spectrum by the neural network while reusing the
noise phase spectrum. Since phase and amplitude information
are both important to improve the quality and intelligibility of
speech, recent methods [6, 7] consider both estimated ampli-
tude and phase. More recently, speech enhancement methods
based on U-Net [8] and convolutional recurrent network (CRN)
[9] architecture combined with deep complex network (DCN)
[10] were proposed to simulate complex-valued operations and
achieved the best performance. Besides, Fullsubnet [11] pro-
posed a method of fusing full-band and sub-band models to fur-
ther improve speech quality and intelligibility.

Although the above methods have achieved the best per-
formance, they all only work in the single-channel signal input
method. However, in a noisy and reverberant far-field environ-
ment, the performance of monaural speech enhancement meth-
ods is limited. Recently, multi-channel speech enhancement
methods based on deep neural networks have been proposed,
one of which is called neural network beamformer [12, 13].
It first uses mono speech enhancement technology to estimate
the time-frequency mask, thereby calculating the second-order
statistics of speech and noise. Then beamformer applies the
statistics to linearly combine multi-channel noisy speech to pro-
duce clean speech. In essence, the neural network beamformer
still performs linear spatial filtering at each time-frequency bin,
so its performance is limited by the nature of beamforming. An-
other type of method [14, 15] uses spatial features and spec-
tral information to estimate the time-frequency mask. Although
these methods have achieved the best performance, it is difficult
to meet the requirements of real-time systems.

In this paper, we propose a real-time multi-channel speech
enhancement method combining beamforming and neural net-
work masking. The proposed method contains two major con-
tributions. The first contribution is that we propose a complex
attention model, which contains two modules: a complex chan-
nel attention module and a complex spectral attention module.
By combining the U-Net architecture and the complex attention
model, a complex-valued network that considers both ampli-
tude and phase information is designed to estimate the time-
frequency mask. Different from the previous complex attention
model [16, 17], the complex attention model we developed has
the following characteristics: 1) The proposed complex chan-
nel attention module and complex spectral attention module are
applied at different stages of the U-Net architecture. The com-
plex channel attention module is used in the multi-channel fea-
ture extraction stage to encode the correlation between multi-
channel features. The complex spectral attention module is used
in the stage of estimating the time-frequency mask to select the
time-frequency bin that needs to be reconstructed into the tar-
get speech. 2) A complex-valued attention operation is intro-
duced to achieve a balance between computation cost and per-
formance. The second contribution is that we propose a strategy
for combining beamforming and neural network masking. First,
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Figure 1: Illustration of the advantage of introducing beam-
forming technology.

design differential beamforming [18] to output a spectrum with
a higher SNR. Then use the estimated time-frequency mask to
recover the target speech on the spectrum output by the differen-
tial beamforming. The advantage of this strategy is that it allows
us to suppress noise as much as possible, as shown in Figure 1.
The proposed model is tested on Intel Core i5, 1.60GHz CPU
with a single thread, the result of real-time factors is 0.421. With
only 2.9M parameters, the model has higher computational effi-
ciency. Experiments on the ConferencingSpeech2021 challenge
dataset show that the proposed method has achieved competi-
tive performance.
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Figure 2: Diagram of complex attention model, (a) indicates
complex channel attention module and (b) indicates complex
spectral attention module. ’⊗’ represents complex multiplica-
tion

2. Method
2.1. Complex Attention Model

The mask attention model is based on previous work [16, 17],
and it contains two modules: complex channel attention module
and complex spectral attention module 1 The attention mecha-
nism consists of a squeeze operation and an excitation opera-

1For ease of understanding, spatial attention is named spectral atten-
tion.

tion. The squeeze operation is used for learning the effective
feature representation and aggregating it. The excitation opera-
tion uses the aggregated feature representations to generate at-
tention weights to determine which feature representations need
to be enhanced.

Denote the input complex-valued feature map as E =
Er + jEi ∈ CF×T×C , where F , T and C are the num-
ber of frequency bins, time frames and channel features, re-
spectively. For the complex channel attention module, in the
stage of extracting multi-channel input features, it is designed
to capture the correlation between multi-channel features and
enhance the multi-channel feature representation, as shown in
Figure 2(a). It first uses a complex-valued convolution oper-
ation and a 2-D max-pooling operation to encode the correla-
tion between channel features, which is regarded as a squeeze
operation. Denote the complex-valued convolution filter as
W = Wr + jWi ∈ CF×T×C , where Wr and Wi represent
the real and imaginary part of a complex convolution kernel, re-
spectively. The complex output P ∈ C1×1×C of the squeeze
operation can be obtained as:

Pr = MaxPool(Er ∗Wr − Ei ∗Wi)

Pi = MaxPool(Er ∗Wi + Ei ∗Wr)
(1)

where ’*’ represents real-valued convolutional operation. Af-
ter the squeeze operation, P is used to generate the attention
weight, and the attention weight is multiplied by the input fea-
ture to enhance the effective channel feature representation in
the input feature. Finally, the complex output Q ∈ CF×T×C of
the complex channel attention model can be obtained:

Qr = σ(Pr) ∗ Er − σ(Pi) ∗ Ei

Qi = σ(Pi) ∗ Er − σ(Pr) ∗ Ei

(2)

where σ(·) represents sigmoid function.
The complex spectral attention module is designed to fo-

cus on the time-frequency bins that need to be reconstructed
into the target speech at the spectrum level, as shown in Figure
2(b). Compared with the channel attention mechanism focus
on channel feature representation, spectral attention is focused
on the feature representation of the time-frequency bin. The
complex output G ∈ CF×T×2 of the squeeze operation in the
complex spectral attention module can be formulated as:

Gr = Er ∗ W̄r − Ei ∗ W̄i

Gi = Er ∗ W̄i + Ei ∗ W̄r

(3)

Where W̄ represents two complex convolution filters, and the
number of the filter are C/2, 2, respectively. Then the complex
output U ∈ CF×T×C of the complex spectral attention module
can be obtained as:

Ur = σ(Gr) ∗ Er − σ(Gi) ∗ Ei

Ui = σ(Gi) ∗ Er − σ(Gr) ∗ Ei

(4)

It is worth noting that the squeeze operation of the complex
channel attention module is implemented using the 2-D max-
pooling operation in the time and frequency dimensions, while
the squeeze operation of the complex spectral attention module
is implemented using the complex convolution operation in the
channel dimension. The more specific operation of the complex
attention model is shown in Figure 2.
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2.2. Mask Estimation Structure

The mask estimation network is based on Deep Complex Con-
volution Recurrent Network (DCCRN) [19] and the proposed
complex attention model, as shown in Figure 3. DCCRN is a
variant of the U-Net architecture, which consists of three com-
ponents: encoder, skip connection and decoder. For multi-
channel input, we combine the encoder and complex channel
attention module to learn the correlation between channel fea-
tures. For mask estimation, we insert the complex spectral
attention module into the skip connection and decoder to en-
hance the feature representation that needs to be reconstructed
into the target speech on the spectrum. Recent studies [17]
have shown that using the tanh activation function to make un-
bounded complex-valued masks bounded can smooth the train-
ing process. Therefore, we add the tanh function to estimate the
complex mask component. In order to make full use of the ad-
vantages of DCCRN, the mask estimation network only outputs
a single-channel complex-valued mask.

2.3. The Full Speech Enhancement Method

The proposed multi-channel speech enhancement method is il-
lustrated in Figure 4. It consists of two components: differ-
ential beamforming and mask estimation network. The noisy
speech signal received by microphone c at discrete time n can
be recorded as:

yc(n) = gcs(n) ∗ s(n) + gcd(n) ∗ d(n) (5)

where y(n) = [y1(n), ..., yC(n)] ∈ RN×C , c ∈ {1, ..., C},
gcs(n) and gcd(n) respectively represent the room impulse re-
sponse of the target sound source and noise source to the c-
th microphone, s(n) and d(n) represent the clean speech and
noise, respectively. The goal of the multi-channel speech en-
hancement method is to estimate s(n) from y(n). Let Y ∈
CF×T×C , S ∈ CF×T denote the STFT representation of
y(n) and s(n), respectively. We select the signal received
by the first microphone as the reference signal, denoted as
Y ref ∈ CF×T , and denote the estimated complex-valued mask
as M̂ = M̂r + jM̂i ∈ CF×T . In the training phase, the esti-
mated clean speech spectrum Ŝ ∈ CF×T can be obtained as
follows:

Ŝ = (Y ref
r ·M̂r−Y ref

i ·M̂i)+j(Y ref
r ·M̂i+Y

ref
i ·M̂r) (6)

The estimated clean speech ŝ(n) in the time domain can be
obtained by applying inverse STFT on Ŝ(t, f). The complex
ratio masking (CRM) [7] method is designed to estimate the
complex-valued mask M = Mr + jMi ∈ CF×T , so that the
clean speech S = M ⊗ Y ref can be obtained, where ’⊗’ rep-
resents complex multiplication. The ground-truth CRM can be
obtained as follows:

M =
Y ref
r · Sr + Y ref

i · Si

(Y ref
r )2 + (Y ref

i )2
+ j

Y ref
r · Si − Y ref

i · Sr

(Y ref
r )2 + (Y ref

i )2
(7)

In the training phase, we expect the estimated mask to retain
the speech component while filtering out the noise component.
In addition, we also expect to minimize the difference between
the output speech and the target speech. Therefore, we use the
MSE loss function to force the estimated mask to approximate
the ground-truth mask. The mask loss function is defined as
follows:

LMask(M, M̂) =
∑
t,f

[(M̂r −Mr)2 + (M̂i −Mi)
2] (8)

Spectral attention

Channel attention

⋯ tanh

Complex-valued Encoder Complex-valued Decoder

𝑬𝒓

𝑬𝒊

Mask Estimation

𝑴𝒓

𝑴𝒊

Figure 3: Illustration of the mask estimation network.
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Figure 4: Illustration of the multi-channel speech enhancement
method combining differential beamforming and neural net-
work masking. The red arrow and the green arrow respectively
represent the data flow that only exists in the training phase and
the data flow that only exists in the inference phase.

For the estimated speech, the SI-SNR loss function [19] is used
to approximate the target speech in the time domain. The SI-
SNR loss function is defined as:

LSI-SNR(y, ŷ) = 10log10(
||ytarget||22
||vnoise||22

)

ytarget = (< ŷ, y > ·y)/||y||22
vnoise = ŷ − ytarget

(9)

where < ·, · > denotes dot product and || · ||2 is L2 norm. Fi-
nally, the total loss of the model in the training phase is defined
as:

L = λLMask + (1− λ)LSI-SNR (10)

where λ is a balance factor and λ = 0.5.
In the inference phase, we propose to use differential beam-

forming technology to do beamforming in multiple directions,
and select the beamforming output with the highest SNR as
Y ref . Compared with selecting the spectrum of the first chan-
nel as a reference in the training phase, using the spectrum
output by the differential beamforming technology can further
improve the speech quality and intelligibility.Since differential
beamforming technology is essentially a linear filter, its opera-
tion is very efficient and meets real-time requirements.

3. Experiments
3.1. Datasets

We use the dataset provided by the ConferencingSpeech2021
challenge for model training and performance evaluation. The
provided data is divided into three parts: training set, develop-
ment test set, and evaluation test set. The data of the training set
is simulated by using the specified clean speech, noise set, and
Room Impulse Responses (RIR), and the training data can be
generated through the official script 2. The clean training speech
is collected in 4 open-source speech datasets: AISHELL-1

2https://github.com/ConferencingSpeech/ConferencingSpeech2021
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[20], AISHELL-3 [21], VCTK [22], Librispeech(train-clean-
360) [23], and only the speech utterances with SNR larger than
15dB are selected for training. The total duration of clean train-
ing speech is around 550 hours. The noise set consists of two
parts: one part is collected from the open-source speech datasets
MUSAN [24] and Audioset [25], and the other part is from real
recordings. The duration of the noise set is around 120 hours.
The RIR is simulated by the Image method, and there are about
20,000 RIRs in total. The development test set and evaluation
test set are used to evaluate the performance of the proposed
method. For more details on these two test sets, please refer to
[26]. All audio files are resampled to 16k Hz.

3.2. Training setup

For the proposed method, the window length and hop size are
20ms and 10ms, and the FFT length is 512. Following [19], the
STFT and inverse STFT operations are implemented by using
1-dimensional convolution and deconvolution layers. For the
DCCRN built in the mask estimation network, we use 4 com-
plex convolutional layers in the encoder and 4 complex decon-
volutional layers in the decoder. The number of output channels
for the 4 complex convolution operations is set to 32, 64, 128,
and 128. The number of output channels for the 4 complex de-
convolution operations is set to 128, 128, 64, and 32 in turn.
Both the convolution filter size and the deconvolution filter size
are set to 5×2, and the stride size is set to 2×1. For the param-
eter settings of the complex attention model, please refer to the
settings in Figure 2. We use Pytorch to train the neural network
and use the Adam optimizer. The initial learning rate is set to
0.001, and it decays by 0.5 when the validation score does not
increase.

Table 1: The result of objective evaluation on development test
set. Para. represents the size of model parameters.

Method Para.(M) PESQ

Noisy - 1.97

Fullsubnet 5.6 2.09
The proposed 2.9 2.15

Table 2: The result of subjective evaluation on evaluation test
set. ∆ represents the performance gain of the proposed method.

Method MOS S-MOS N-MOS

Noisy 2.56 2.93 3.03
The challenge baseline 3.43 3.55 3.55

The proposed 3.56 3.59 3.63

∆ 1.00 0.66 0.60

3.3. Results

To evaluate the performance of the proposed method on the de-
velopment test set, we use PESQ3 [27] to evaluate the proposed
method. We choose the current best single-channel speech en-
hancement method Fullsubnet [11] as the baseline. To make
a fair comparison, we re-trained the open-source code pro-
vided by Fullsubnet on the ConferencingSpeech2021 challenge

3https://ecs.utdallas.edu/loizou/speech/software.htm

dataset with the same hyperparameters and tested it in online
mode. Table 1 shows the results of the objective measurement
evaluation on the development test set. It can be seen from the
results that the performance of the proposed method is better
than that of Fullsubnet, which shows that the proposed method
can effectively use the multi-channel feature to enhance the
speech quality. Besides, it should be noted that the parame-
ter amount of the proposed method is about half of Fullsubnet,
which also reflects the high efficiency of the proposed method.

To evaluate the proposed method’s performance on the eval-
uation test set, the organizers of the challenge use Absolute
Category Ratings (ACR) to estimate the Mean Opinion Score
(MOS) through the Tencent Media Subjective Evaluation plat-
form to evaluate the proposed method. The performance of the
proposed method on the evaluation test set is shown in Table
2. MOS, S-MOS, and N-MOS respectively represent a global
subjective evaluation metric, a subjective evaluation metric that
only focuses on speech signals, and a subjective evaluation met-
ric that only focuses on noise signals. The above experimental
results all show that the proposed method has achieved compet-
itive performance.

To intuitively compare the speech involved in the experi-
ment, in Figure 5, the spectrum of the original speech, the spec-
trum output by the differential beamforming, the spectrum out-
put by the Fullsubnet, and the spectrum output by the proposed
method are sequentially visualized. It can be seen from Figure
5 that the spectrum of the proposed method is clearer than other
spectrums, especially in the place marked by the green box in
the figure, the noise is obviously suppressed.

Raw wav

Beamforming

6

Fullsubnet

The proposed

Figure 5: Visualization of the spectrum involved in experiments.

4. Conclusions
In this paper, we propose a real-time multi-channel speech
enhancement method combining differential beamforming and
mask estimation network. The estimated time-frequency mask
is used to reconstruct the target speech on the high SNR time-
frequency spectrum output by the differential beamforming. For
mask estimation, a complex attention model was developed to
enhance the feature representation of multi-channel signals and
to enhance the ability of the mask to recover the target speech.
The results of our experiments show that the proposed method
is not only lightweight but also efficient.
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