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Abstract—The direction of target speech is a crucial clue for
multichannel speech enhancement. But its real-time estimation is
usually very challenging, especially when the source is moving and
in far-field reverb environments. Instead of directly estimating
the direction, we propose a direction-guided spatial attention
to automatically focus on the target source and incorporate
it into masking neural beamformers for speech enhancement.
Neural beamformers are trained to learn to preserve signals
from the look direction areas and suppress signals from other
direction areas as much as possible. Spatial attention is guided
by an extra classification objective of the target direction to
focus on the target direction area and select an appropriate
neural beamformer to listen to the direction area of target speech.
Systematic experiments demonstrate that the proposed approach
improves the performances of both speech enhancement and
far-field speech recognition against prior methods.1

I. INTRODUCTION

Multichannel speech enhancement has been demonstrated to
significantly improve the perceptual quality and intelligibility
of speech [1]–[3] and be very beneficial for far-field speech
recognition[3]. However the target speech enhancement are
still very challenging when the direction is unknown or the
target source is moving. Although there are many methods
that do not need to know the direction of target speech in
advance, such as the minimum variance distortionless response
(MVDR) and the parameterized multichannel non-causal Wiener
filter (PMWF)[1], their performances rely heavily on complex
covariance matrix estimation and its inverse operation for each
frequency[4], which is very difficult in far-field environments
and time-consuming.

The direction of target speech is a crucial clue that can be ex-
ploited to significantly improve the performance of multichannel
speech enhancement. On the one hand, directional beamforming
technology is capable of enhancing signals from the target
direction and suppressing signals from other directions[5]. And
it has been demonstrated to effectively avoid speech distortion
and benefits for far-field speech recognition[6]. On the other
hand, when the taget direction is known, many directional
information can be exploited for speech enhancement, such
as directional feature[7], directional power ratio (DPR) and
directional signal-to-noise ratio (DSNR)[8], which have been
widely leveraged for deep learning-based mask prediction and
significantly improve the performance of speech enhancement.

1Corresponding Author: Yaran Chen

Therefore, the direction of arrival (DOA) estimation is usually
regarded as an indispensable component in many speech
enhancement systems. These systems usually use a clip of
signals to estimate the DOA of target speech before speech
enhancement, such as the audio clip of wake-up word. But the
real-time estimation of DOA is very difficult, especially when
the source is moving and in a far-field noisy environment, and
the estimation errors may significantly degrade the performance
of speech enhancement.

Attention mechanism is a promising scheme to automatically
focus on the target direction where the direction is unknown
or the target source is moving. In previous works[9], spatial
attention was lack of guidance, resulting in attention instability.
In this paper, we propose a direction-guided spatial attention
mechanism to exploit direction information of target speech.
Spatial attention is guided by a classification objective between
attention weights and labeled target direction areas and also
considers its temporal correlation. An encoder-decoder masking
neural beamformers is further proposed for speech enhancement.
The features extracted from each predefined direction area are
firstly fed into the shared encoder for high-level feature repre-
sentations. The high-level feature representations of multiple di-
rection areas are aggregated into a vector by the target direction-
guided spatial attention. The aggregated vector is then fed into
a decoder for mask estimation. Following the decoder, several
neural beamformers directing to the predefined directional areas
are constructed by complex block affine layers to perform
beamforming operations. According to attention weights, the
neural beamformer directing to the target direction area is
selected to perform beamforming on the multichannel observed
signals. Finally, the estimated mask and the beamformed signal
are fed into a elementwise multiplication operator to obtain the
final enhanced signal. Through data-driven supervised training,
spatial attention, encoder-decoder mask prediction network and
neural beamformer are jointly optimized by the spectrum and
waveform approximation objective in an end-to-end manner.

II. PROPOSED ARCHITECTURE

Fig 1 illustrates a block diagram of the proposed spatial
attention-based masking neural beamformer, which is composed
of feature extractor, spatial attention-based encoder-decoder
mask prediction network and neural beamformer. The multi-
channel time-domain signals are firstly windowed and then fed
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into short-time Fourier transform (STFT) layer to obtain their
time-frequency (T-F) representations. For a linear microphone
array, we uniformly divide the whole area into 5 direction areas
with center angles of Ω = {0o, 45o, 90o, 135o, 180o}. For each
direction area θ ∈ Ω, the feature extractor extracts the spectral
and spatial features using directional beamformers desinged
in advance. The spectral and spatial features are concatenated
into the shared TDNN encoder to further refine and encode
the high-level feature representation of each direction area,
respectively. Spatial attention aggregates the high-level feature
representations of multiple direction areas into a feature vector
that is then fed into LSTM-based decoder for mask prediction.
Neural beamformers directing to different direction areas
follows the decoder. The neural beamformer corresponding
to the maximum attention weight is selected to listen to the
directional areas of target speech. Neural beamformers are
implemented by complex block affine layers to enhance the
signal from target directional areas by performing beamforming
operation on the multichannel observed signals. Finally, the
estimated mask and the beamformed signal are fed into a
elementwise multiplication operator to obtain the final enhanced
signal. Both mask prediction network and neural beamformers
are learnable and jointly optimized by the spectrum and
waveform approximation objective in an end-to-end manner. In
addition, we also explore a cross-entropy classification objective
with the target direction to guide spatial attention to better focus
on the target source.

Attention Loss Spectral Loss SI-SDR Loss

Fig. 1. Spatial attention-based masking neural beamformer.

A. Feature extraction

When multiple microphones are available, both spectral
and spatial features are available to provide complementary
discriminations for speech enhancement. Fixed beamformers are
well known to have good spatial enhancement and directional
discrimination capacity, which can be used to exploit spectral
and spatial features. We use the logarithm power spectrum
(LPS) of beamformed signal as the spectral feature and
explore several spatial features based on fixed beamforming,
including DPR[8], DSNR[8] and directional coherence features
(DCF)[10]. DPR and DSNR use the output power of multi-look

fixed beamformers to design spatial features with directional
discriminations. DCF is inspired by coherent-to-diffuse ratio
(CDR)[11] and uses a pair of complementary beamformers with
the spatial separation capacity to exploit spatial features. One
beamformer focuses on suppressing the diffuse noise, while
the other is expected to suppress the directive interference with
a null direction, but both of them preserve the target signals
coming from the given target direction. In addition, cosIPD
and sinIPD[12] are also taken as the spatial features.

B. Spatial attention-based encoder-decoder network

Figure 1 illustrates an overview of the spatial attention-based
encoder-decoder mask prediction network, which consists of
an encoder network, a spatial attention and a decoder network.
The encoder network maps the spatial and spectral features
extracted from each predefined direction area into a higher-
level feature representation. The spatial attention automatically
aggregates the feature representations of multiple predefined
direction areas into a vector. The decoder network predicts the
T-F mask of desired speech using the aggregated vector.

Let’s define otθ as the feature vector concatenated by the
spectral and spatial features for the direction area θ at the time
step t. The outputs of encoder and spatial attention are defined
as htθ and ct, respectively. The mask predicted by decoder
network is defined as mt. They are calculated as follows,

htθ = Encoder(otθ), (1)

ct = Attention({ht}θ∈Ω, st−1), (2)

mt = Decoder(ct), (3)

where st−1 denotes the decoding state of the decoder network
at time step t− 1.

The spatial attention calculates the attention weight of each
direction area in Ω, which is used as a weighted summation
coefficient to aggregate the encoded vector htθ. Due to the
temporal correlation of speech, the current attention should
depend on the previous decoding state. Therefore, the spatial
attention is formulated as follows,

etθ = wT tanh(Ust−1 +Vhtθ + b), (4)

αtθ = exp(βetθ)

/∑

θ∈Ω

exp(βetθ), (5)

ct =
∑

θ∈Ω

αtθhtθ, (6)

θ̂s = argmax(
θ

αtθ), (7)

where U and V are the parameter matrices, and w and b
are the parameter vectors. αtθ is the attention weight for the
direction area θ at time step t, which suggests the direction
of target speech. We take the direction corresponding to the
maximum attention weight as the estimated target direction θ̂s,
as shown in Eq. (7), which determines a neural beamformer to
enhance the desired speech.
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C. Neural beamformer

In frequency domain, beamforming operation is formulated
as

ybf (f, θs) = wH
θs(f)x(f), (8)

where H is the conjugate transpose operator, and wθs(f) is
the complex weight vector of the beamformer for θs direction.
The complex vector multiplication can be converted to the
real-valued matrix multiplication:

Re(y(f, θs)) = Re(wH
θs(f))Re(x(f))− Im(wH

θs(f))Im(x(f))

Im(y(f, θs)) = Re(wH
θs(f))Im(x(f)) + Im(wH

θs(f))Re(x(f)),
(9)

where Re(·) and Im(·) denote the real-part and imaginary-part
operators, respectively. Obviously, we can readily incorporate
the beamforming operation into neural network as a learnable
layer, and train it’s filtering coefficients by supervised learning
to preserve signals from θs and suppress signals from other
directions as much as possible. Considering that the existing
beamformers does not utilize historical information, we are
inspired by Weighted Prediction Error minimization (WPE)[13]
and introduce an additional filter gθs(f) that models historical
signals to further reduce the residual reverberation and noise.

ybf (t, f, θs) = wH
θs(f)x(t, f)− gH

θs(f)x(t− 1, f), (10)

Although the filtering coefficients of beamformer are closely
related to the direction, it is not necessary to construct the beam-
former for each direction. For linear microphone arrays, we
build 5 neural beamformers directing to 5 predefined direction
areas with center angles of Ω = {0o, 45o, 90o, 135o, 180o},
which can be initialized with superdirective beamformers
designed in advance.

III. OPTIMIZATION OBJECTIVES

Although beamformer has the ability to suppress noise
and reverberation, there is usually a lot of residual noise in
the beamformed signal. Masking technology can significantly
eliminate additive noise and is usually used as the post-
processing step of speech enhancement. We apply the predicted
mask m(t, f) to the beamformed signal to obtain the final
enhanced speech signal.

ŷ(t, f) = m(t, f)⊗ ybf (t, f), (11)

where ⊗ denotes an elementwise multiplication. The enhanced
speech waveform ŝ is obtained by the inverse STFT. The MSE
loss on the power-law compressed STFT spectrogram and scale-
invariant signal-to-distortion ratio (SI-SDR)[14] between the
enhanced and target speech signals are used as optimization
objectives to jointly train the whole network. Notice that we
take the beamformed signal on noise-free multichannel signals
through the fixed beamformer as the target signal. The STFT
coefficients and the waveform of target speech are denotes as
y∗
bf and s∗, respectively.

LMSE =
1

T

T∑

t=0

F∑

f=0

(∣∣y∗
bf (t, f)

∣∣0.3 − |ŷ(t, f)|0.3
)2

, (12)

TABLE I
THE CONFIGURES OF SIMULATION FOR DUAL-MICROPHONE.

Room size [L,W,H] (m) [3.0, 2.5, 2.5] ∼ [9.0, 6.5, 4.0]
T60(s) 0.2 ∼ 0.6

Speech distance(m) 0.5 ∼ 5.5
Interference distance(m) 1.0 ∼ 7.0

Num of interferences 1 ∼ 3
Angle Difference(o) 30 ∼ 180

SIR(db) −5.0 ∼ 15.0
SNR(db) 0.0 ∼ 20

LSI-SDR = −SI-SDR = −10log10




∥∥∥ ŝT s∗

∥s∗∥2 s∗
∥∥∥
2

∥∥∥ ŝT s∗

∥s∗∥2 s∗ − ŝ
∥∥∥
2


 , (13)

In addition, we also consider using the direction of target
speech to supervise spatial attention to focus on the target
source further in training phase. According to the pre-defined
direction areas Ω, the direction areas of target speech can be
tagged with a label y ∈ {0, 1, 2, 3, 4}. A cross-entropy-based
classification loss between attention weights and the direction
labels is introduced into the optimization objective.

LCE = −
T∑

t=0

ln(αt[y]), (14)

where αt is a vector consisting of αtθ. Enhance, the final
optimization objective function is written by

L = LMSE + LSI-SDR + LCE, (15)

IV. EXPERIMENTS

A. Dataset and simulation

We apply the proposed method to dual-channel speech
enhancement and systematically evaluate its performances
on a large-scale simulated dual-channel dataset. The inner
distance of the dual-microphone is 4.0 cm. AISHELL-2[15]
and AudioSet[16] are used as clean speech and interference sets,
respectively. AISHELL-2 is a 1000-hour Mandarin Chinese
Speech Corpus, and AudioSet consists of 632 audio event
classes and 2,084,320 human-labeled 10-second sound clips
drawn from YouTube videos. In addition to background noise,
AudioSet also contains music, which can evaluate the ability to
suppress music interferences. To simulate the realistic applica-
tion scenario, we consider multiple interference sources and dif-
fuse noise at the same time. 20,000 dual-channel nonstationary
diffuse noise utterances are randomly simulated with NOISEX-
92[17] through ANF-Generator[18]. Clean speech, interference
and diffuse noises are randomly chosen to generate 520,000
dual-channel far-field noisy utterances by Pyroomacoustics2,
including 500,000 utterances for training, 10,000 utterances for
testing and 10,000 utterances for development. For each far-
field noisy utterances, its simulation parameters are randomly
chosen from Table 1.

2https://github.com/LCAV/pyroomacoustics
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B. Evaluation metrics

We take the shorttime objective intelligibility (STOI)[19]
and perceptual evaluation of speech quality (PESQ)[20] as
evaluation metrics. We also evaluate the ASR performance of
the enhanced speech. The used ASR system uses the TDNN
chain model as acoustic model that is trained on multiple
condition. The chain model is built and trained according to
AISHELL-2[15] recipe. 4071-hour clean speech consisting of
several open-source Mandarin Chinese Speech Corpuses[15],
[21]–[23] and about 6000-hour simulated far-field noisy speech
by Pyroomacoustics are used to train the acoustic model.
Character error rate(CER) are used as the evaluation metrics.
Higher values mean the better performances for SI-SDR and
STOI which are the weighted means of all testing clips weighted
by their lengths.

C. Baseline

We compare the proposed approaches with two baseline
systems. The baseline models use the same encoder-decoder
structure and features as the proposed methods. For each
direction, the extracted BFLPS, DCF, DPR, DSNR, cosIPD and
sinIPD features are concatenated into the TDNN encoder. The
proposed methods use a spatial attention module to aggregate
the encoded outputs of the multiple directions into a feature
vector, and the first baseline system uses a concatenation module
to concatenate the encoded outputs of the multiple directions
into a feature vector. The feature vectors are then fed into
LSTM-based decoder for mask prediction. The second baseline
system use the same spatial attention as the proposed methods,
but in contrast to the proposed methods, it uses the multi-tap
MVDR[4] as the spatial filter. The L-tap in the multi-tap MVDR
is empirically set to 48. For fair comparison, we use sigmoid
real-valued mask to calculate the covariance matrix of speech
and noise rather than the complex mask used in the original
paper[4]. This experiment is used to verify the performance of
the proposed neural beamformers.

D. Network and training configurations

All models use the same network architecture containing
a shared encoder and a decoder. We take two TDNN layers,
each with 512 nodes, as the shared encoder. The kernel size
of each tdnn layer is set to 3, and the stride, dilation and
padding are set to 1. The decoder is consists of two 512-node
LSTM layers, one 257-node fully-connected layer followed by
a sigmoid activation function. The inner product dimension of
the spatial attention is set to 128. All networks are trained from
a random initialization by the Adam optimizer. The learning
rate is adjusted according to warmup policy and the warmup
step is empirically set to 8000. The maximum epoch is set to 24
and the batchsize is set to 16. The input features is normalized
to have zero mean and unit variance over the training set. 512-
point STFT is applied to time-domain signals windowed by a
512-point Hamming window for time-domain decomposition.
The window size is 32 ms and the hop size is 16 ms.

E. Results and discussions

Table 2 reports the performances on the PESQ and STOI
for different systems and configurations. The ‘fixed BF’ means
that the fixed beamformer designed in advance is used as the
spatial filter and its weight coefficient are frozen during network
training. And the ‘neural BF’ means the filter is constructed
by Eq.(10), and its weight coefficients are randomly initialized
and trained by data-driven supervised learning. The ‘mtMVDR’
means that multi-tap MVDR[4] is used as spatial filter for
the multichannel speech enhancement. The ‘masking’ means
that we apply the estimated mask to the beamformed signal to
obtain the final enhanced speech signal.

1) Evaluation of spatial attention: We evaluate the ef-
fectiveness of the proposed spatial attention in a masking-
based MVDR framework. The spectral and spatial features are
extracted from each pre-defined direction area and concatenated
to fed into the shared encoder. The encoded high-level features
of 5 pre-defined look direction areas are concatenated by
concatenation operation or aggregated by spatial attention into
a vector for mask prediction. The 3-th and 4-th rows of Table
2 report their performances of speech enhancement. Compared
with concatenation operation, spatial attention significantly and
consistently improves the enhancement performance, which
suggests that spatial attention has the capacity to select and
focus on the features of right directions for mask prediction.
From 5 ∼ 8 rows in Table 2, we also observe that the cross-
entropy loss between attention weights and the target direction
can effectively supervise spatial attention to focus on the target
source and further improve the enhancement performance for
both fixed and neural beamforming. Figure 2 presents an
example of the spatial attention weights. We observed that
the spatial attention can track the target direction quickly and
stably when the target speech appears, which is due to the
target direction guidance and the consideration of the temporal
correlation in spatial attention.
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Fig. 2. An example of the spatial attention weights α. The speech is corrupted
by interference signals at SIR -0.6 dB and diffuse noise at SNR 10.8 dB. The
target speech is at 94o.

2) Evaluation of neural beamformers: We compare the
performances of fixed beamformer, neural beamformer and
mtMVDR as spatial filters. The far-field noisy signals are
firstly filtered by the spatial filters, and then the filtered
signal is masked to obtain the final speech enhancement
signal. The 5-th row VS 6-th row and the 7-th row VS
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TABLE II
THE SPEECH ENHANCEMENT PERFORMANCES OF DIFFERENT MODELS.

Methods Filtering Connection Loss PESQ STOI
Far-field-cln fixed BF(reference) − − − −
Far-field-mix − − − 2.02 0.67

5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking mtMVDR concate LIRM MSE 2.60 0.80
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking mtMVDR attention LIRM MSE + LCE 2.68 0.81
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking fixed BF attention LMSE + LSI-SDR 2.50 0.80
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking neural BF attention LMSE + LSI-SDR 2.51 0.80
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking fixed BF attention LMSE + LSI-SDR + LCE 2.80 0.84
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking neural BF attention LMSE + LSI-SDR + LCE 2.84 0.85

TABLE III
THE ASR PERFORMANCE ACHIEVED BY DIFFERENT SPEECH ENHANCEMENT METHODS.

Methods Filtering Connection Loss CER(%)
Far-field-cln fixed BF(reference) − − 13.61
Far-field-mix − − − 43.13

5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking mtMVDR concate LIRM MSE 35.63
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking mtMVDR attention LIRM MSE + LCE 34.10
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking fixed BF attention LMSE + LSI-SDR 41.66
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking neural BF attention LMSE + LSI-SDR 42.43
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking fixed BF attention LMSE + LSI-SDR + LCE 33.22
5×(BFLPS+DCF+DPR+DSNR+cosIPD+sinIPD) masking neural BF attention LMSE + LSI-SDR + LCE 32.91

8-th row and in Table 2 show that neural beamformers
randomly initialized outperform the fixed beamformers, which
is suggested that the neural network can be fully competent for
the traditional beamformers through the supervised learning.
The fixed beamformers are usually desinged in advance under
certain sound field assumption, which is hard to be met in real-
world environments. And the data-driven neural beamformers
learn the spatial filter coefficients from supervised data under
the constraint of traditional beamformering operation and are
jointly optimized with mask prediction network in an end-to-end
manner. In addition, neural beamformers also utilize historical
information compared to fixed beamformers. Therefore, neural
beamformers show greater potentials for speech enhancement.
We also observed that neural beamformers outperform the
adaptive mtMVDR in masking-based multichannel speech
enhancement framework. It is very valuable for applications
on low-source devices because neural beamformers avoids the
complex covariance matrix estimation and its inverse operation
for each frequency.

Figure 3 shows the beampattern colormaps of neural beam-
formers learned from the supervised data. As expected, the
filters wθs(f) preserve the signal coming from the desired
directional areas and suppress the signal coming from other
directional areas, which suggestes that data-driven neural
beamformer has learned the expert knowledge of the hand-
designed beamformer. We also observe that the filters gθs(f)
further reduce the residual noise in the signals beamformered by
wθs(f), which achieves the expectation of Eq (10). Intuitively,
neural beamformers shows better noise reduction performance
compared with the fixed beamformers designed by experts in
advance.

3) ASR experiments: Speech enhancement is usually used as
an essential front-end module for speech recognition systems
to improve their ASR performance in far-field environments.
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Fig. 3. The beampatterns of neural beamformers. The top figures are the
beampatterns of the filters wθs (f) and the bottom figures are the beampatterns
of the filters gθs (f). A brighter color means a larger filter response.

In order to comprehensively evaluate the performance of the
proposed method, we conducted several ASR experiments.
The ASR model is trained on multiple condition. Its training
dataset contains clean speech and far-field noisy speech. The
ASR model was not fine-tuned by the enhanced speech data.
Table 3 reports the ASR performance of different speech
enhancement systems. All results show that multichannel speech
enhancement can significantly improve the ASR performance
in far-field environments. Compared with the baseline systems,
the proposed methods achieve lower CER, which indicates
the bigger improvement in recognition accuracy. The proposed
neural beamformer also outperforms the fixed beamformer and
mtMVDR in terms of the ASR performance, which suggestes
that neural beamformer have capability in reducing noise and
avoiding speech distortion.

V. CONCLUSIONS

In this paper, we leverage a spatial attention mechanism to
automatically focus on the target source and incorporate it into
masking neural beamformers for speech enhancement. Neural
beamformers considering historical signals are proposed and
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trained to enhance speech signal from the target direction. A
cross-entropy classification objective between attention weights
and target directions is explored to supervise spatial attention
to focus on the target source. Through data-driven supervised
training, spatial attention, mask prediction network and neural
beamformer are jointly optimized in an end-to-end manner.
Systematic experiments demonstrate that data-driven neural
beamformers have greater potentials for speech enhancement
and spatial attention has the capacity to focus on the direction
of target speech.
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