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Abstract—Recently, frequency domain all-neural beamforming
methods have achieved remarkable progress for multichannel
speech separation. In parallel, the integration of time domain
network structure and beamforming also gains significant at-
tention. This study proposes a novel all-neural beamforming
method in time domain and makes an attempt to unify the all-
neural beamforming pipelines for time domain and frequency
domain multichannel speech separation. The proposed model
consists of two modules: separation and beamforming. Both
modules perform temporal-spectral-spatial modeling and are
trained from end-to-end using a joint loss function. The novelty
of this study lies in two folds. Firstly, a time domain directional
feature conditioned on the direction of the target speaker is
proposed, which can be jointly optimized within the time domain
architecture to enhance target signal estimation. Secondly, an
all-neural beamforming network in time domain is designed to
refine the pre-separated results. This module features with para-
metric time-variant beamforming coefficient estimation, without
explicitly following the derivation of optimal filters that may
lead to an upper bound. The proposed method is evaluated on
simulated reverberant overlapped speech data derived from the
AISHELL-1 corpus. Experimental results demonstrate significant
performance improvements over frequency domain state-of-the-
arts, ideal magnitude masks and existing time domain neural
beamforming methods.

Index Terms—Multichannel speech separation, all-neural
beamforming, neural beamforming, time domain, end-to-end

I. INTRODUCTION

THE rise of deep learning technology has enabled sig-
nificant progress in the study of close-talk speech sepa-

ration, but the performance of far-field speech separation in
the presence of interfering speech, reverberation and noise
is still far from satisfactory. To this end, microphone array
based multichannel speech separation (MC-SS) models, which
leverage spatial information to distinguish spatially distributed
sources [1], are more favorable in the current state-of-the-art
distant-talking enhancement and recognition systems [2]–[4].

Mainstream MC-SS methods formulate speech separation as
a supervised learning problem in time-frequency (T-F) domain
or time domain. For T-F domain approaches, the raw mixture
is transformed to complex-valued T-F representations using
short-time Fourier transform (STFT). The final objective is
to approach the target speech spectrogram with T-F mask
estimation. The spatial information can be injected into the
separation process, either via the feature formulation [5]–[7]
or network structures designed to operate across microphone
channels [8], [9]. For time domain approaches, the raw mixture
is directly input to the separation network, aiming to learn a
mapping from the mixture signal to the target signal.

To fully utilize the spatial information in the multichannel
signal, beamforming techniques are extensively adopted for

multichannel signal processing. In early works [10]–[13],
beamforming is integrated with the neural network based mask
estimator, the process of which is irrelevant to the training of
the mask estimator. Recently, the beamforming algorithm is
implemented as a fully differentiable network and optimized
jointly with the mask estimation neural network [14]–[17],
referred as neural beamforming. This neural beamforming
framework has demonstrated superior performance over the
previous two-stage framework [18]. More recently, the idea
of all-neural beamforming in T-F domain is explored [19],
[20]. Compared to neural beamforming that implements well-
designed beamforming algorithms with network layers and
operations, all-neural beamforming methods do not adopt the
closed-form solutions derived from certain optimization crite-
ria (such as MMSE and Max-SNR) and constraints. Instead,
the solution of all-neural beamforming is learned completely
data-driven towards the target signal.

Despite the success achieved by the all-neural beamforming
in T-F domain, there are still some limitations that have not
been addressed. As analyzed and experimentally reported in
[21], the complex nature of STFT, as well as the limited time
resolution of computed spectrograms, causes an obvious upper
bound to the separation performance. Motivated by recent
explorations of neural beamforming in time domain [22], this
study proposes to establish an all-neural beamforming network
in time domain for multichannel speech separation.

The contributions of this work are as followed:
• We propose a novel directional feature in time do-

main that explicitly conditions on the direction-of-arrival
(DOA) of the target speaker. This feature can be simply
yet efficiently integrated into other advanced time domain
MC-SS methods as a target DOA cue to further enhance
the separation performance. To the best of our knowledge,
this is the first work to perform target speech separation
in time domain based on DOA information.

• We propose an all-neural beamforming network in time
domain, which leverages the pre-separated waveforms to
learn parametric filter-and-sum beamforming coefficient
estimation directly in time domain. The learned filters are
response-invariant for broadband speech processing and
yield the same beam pattern for different frequencies for
preventing potential signal distortion.

• We make an attempt to unify the all-neural beamforming
framework for time and frequency domain multichannel
target speech separation. The proposed methods, as well
as the aforementioned popular methods, both in frequency
and time domain, are contrastively compared and ana-
lyzed on a simulated reverberant dataset derived from the
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AISHELL-1 corpus.
The rest of the paper is organized as follows. Section II

reviews the related works. Section III presents the overall
framework of the proposed MC-SS method, which consists of
two stages, respectively elaborated in Section IV and Section
V. Section VI and Section VII describe the experimental setup
and analyze the results. Section VIII concludes the paper.

II. RELATED WORKS

This section reviews related works among three aspects of
MC-SS: temporal-spectral-spatial feature formulation, neural
beamforming in frequency domain and time domain.

A. Temporal-spectral-spatial feature formulation

Many efforts have been made to leverage the temporal-
spectral-spatial information contained in multichannel signals
[5], [6], [23]–[26]. From the input feature perspective, in-
teraural phase difference (IPD) is well defined in the T-
F domain based on STFT [27], which manifests the time
delay conditioned on the DOA. When the target DOA is
given, which can be estimated via speaker localization tech-
niques, a type of directional feature [28]–[30] is empirically
designed in T-F domain. This type of directional feature
indicates T-F bins that are more likely to be dominated by
the target speech by comparing the similarity of the observed
IPDs with theoretical target IPDs (T-IPDs) conditioned on
target DOA. The abovementioned spatial features are hand-
crafted and computed based on STFT. The complex nature
of STFT brings an extra burden for the model to learn the
correlations between magnitude and phase components [31].
Another potential limitation is that to meet the short-time
stationary hypothesis of STFT, a window length of 25-32ms
is usually adopted, which constrains the time resolution of
the spectrogram and is therefore hard to satisfy the W-disjoint
orthogonality hypothesis [32].

Owing to the abovementioned limitations of STFT, a recent
trend is to extract spatial information via time domain architec-
tures in an end-to-end optimization manner [5], [6], [8], [26],
[33], [34]. Inspired by the state-of-the-art single-channel Conv-
TasNet [31], which replaces STFT and inverse STFT (iSTFT)
with an encoder-decoder structure, [5] proposes to use multiple
sets of learnable filters to transform the multichannel mixture
into multichannel feature maps with convolution operation.
Based on this architecture, [5], [33] derive interchannel convo-
lution difference (ICD) features that implicitly characterize the
spatial difference between sources. Similarly, decorrelation on
two channels of feature maps has been performed to capture
the interchannel differential spatial information [6]. Apart from
pairwise processing, a transform-average-concatenate (TAC)
module, which aggregates the transformed features of all
channels to make global decisions, is proposed in [8].

Although learning spatial features with time domain net-
work architectures has shown promising results, it is difficult
to leverage the DOA information within these architectures.
The reason lies in the fact that the learnable filters do not
hold the clear physical definition as STFT, thereby causing
difficulty in computing the theoretical values conditioned

on the target DOA. Also, the aforementioned methods all
follow the reference-channel mask estimation framework to
perform speech separation, which potentially brings nonlinear
distortion and causes performance degradation.

B. Neural beamforming in frequency domain

As the potential nonlinear distortion brought by masking
based separation methods, also, to better utilize the multichan-
nel signals at the output side, beamforming is more favorable
in mainstream MC-SS methods [11], [13]. Owing to better
generalization ability and computation efficiency, frequency
domain beamforming is more frequently used in these works.

MC-SS methods that combine deep neural network (DNN)
with well-studied beamforming techniques can be mainly
divided into three categories:
• T-F masking based beamforming [10]–[13]. In these

methods, the DNN is served as a target mask or signal
estimator, trained to produce a more precise estimation
to the supervision signal. The estimated mask is then
used to calculate the signal statistics for subsequent
beamforming algorithms based on different optimization
criteria. Since the beamforming stage is irrelevant to the
mask estimation stage, this kind of two-stage framework
may cause sub-optimal performance.

• Neural beamforming [14]–[18], [35]. This method for-
malizes the closed-form solution of the beamforming
algorithm as a fully differentiable network, and jointly
optimized with the mask estimation network with a
unified objective towards the target signal. Through joint
optimization, the mask estimation is optimized for the
beamforming purpose. However, the beamforming solu-
tion still follows specific statistical optimization criterion,
which brings an obvious performance upper bound.

• All-neural beamforming [15], [18], [36]–[39]. This
method directly estimates the beamforming weights with
DNNs. Xiao et al. [36] have firstly attempted to estimate
the complex-valued filter-and-sum beamformer. Further,
[15] explores time-variant filter estimation for better
adapting to the dynamic acoustic environment. Very re-
cently, Zhang et. al. [18] propose an all-neural beam-
forming method, which integrates mask estimation and
beamforming weight estimation into a unified network
that can be trained from end-to-end. The beamforming
coefficient estimation is parametric and no longer follows
the closed-form solutions of the traditional beamformers,
only optimized with the final speech separation objective.

Except for T-F masking, the integration of complex spec-
tral mapping and adaptive beamforming has also shown its
effectiveness [4]. Besides the aforementioned methods that
are fully formulated in T-F domain, motivated by the superior
performance of single-channel time domain speech separation
network (e.g., TasNet [31]), methods that combine single-
channel TasNet with frequency domain beamforming have also
been explored [40], [41]. In this way, more accurate signal
statistics are produced by TasNet for the beamforming algo-
rithm to approach the performance upper bound of frequency
domain beamforming.
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Despite the great progress achieved with all-neural beam-
forming (AN-BF) methods in T-F domain, the aforementioned
limitations of STFT may still hinder the separation perfor-
mance, including the balance between time and frequency
resolution and difficulty for real-valued DNNs to deal with
complex-valued features and operations.

C. Neural beamforming in time domain

Considering the limitations of separation in frequency do-
main, and motivated by the recent single-channel speech
separation state-of-the-arts in time domain [31], [42], [43],
a recent research trend formulates MC-SS in time domain or
latent domain, where the latent domain is formed by a set of
learnable filters [5].

As an early trial for robust automatic speech recognition
(ASR), [44], [45] propose a unified architecture to model the
fine time structure from the raw waveforms. The network
architecture is featured with time domain learnable filters
spanning across the microphone channels. Recently, [7] pro-
poses a filter-and-sum network (FaSNet) for learning adaptive
time domain beamforming weights from normalized cross-
correlation features. More lately, [25] alternates the filter-and-
sum beamforming operation in the latent domain formulated
by the learnable filters. Very recently, [22] proposes an iterative
framework that performs sequential latent domain speech
separation and time domain multichannel Wiener filtering.

Motivated by the great potentials demonstrated by neural
beamforming in time domain, this work develops a fully time
domain all-neural beamforming (AN-BF) network for MC-
SS. To process the broadband speech, existing AN-BF in
T-F domain performs sub-band decomposition and derives
narrowband beamformers independently at each frequency
[18], [20], [46]. As an alternative, we propose to learn a
response-invariant broadband finite-impulse response (FIR)
filter directly in time domain for yielding the same beam
pattern for different frequencies. This property prevents the
potential signal distortion [47], [48] for the downstream ASR
task.

III. MULTICHANNEL TARGET SPEECH SEPARATION

This paper aims to extract the target speech s at the
reference channel from M -channel mixture signal y, utilizing
the given DOA θ of the target speaker to facilitate MC-SS.

As shown in Fig. 1, the proposed MC-SS framework is
consist of two stages. The first stage is separation, which
utilizes a DNN to estimate the complex spectrogram of the
target speech Ŝsep or time domain target speech ŝsep. The

Whole framework
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target direction θ
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s
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(eq. 1)

Fig. 1. The proposed multichannel target speech separation framework, which
is consist of separation stage and beamforming stage.

predicted spectrograms or signals at the separation stage can be
viewed as a coarse estimation of the target signal, which will
be refined by the following beamforming stage. Based on the
pre-separated results, the beamforming stage aims to estimate
beamforming coefficients for capturing the speech coming
from the target direction, while suppressing the interference
from other directions. The final output of the proposed MC-
SS model is ŝBF.

The entire framework is trained from end-to-end under the
supervised learning paradigm, using target speech s as the
supervision signal. Following the common practice [49], scale-
invariant signal-to-distortion ratio (SI-SDR) [50] is adopted as
the loss function:

starget := 〈ŝBF,s〉s
‖s‖22

enoise := ŝBF − starget

SI-SDR := 10 log10
‖starget‖22
‖enoise‖22

(1)

SI-SDR is a loss function defined in the logarithmic time
domain that measures the ratio between the target signal
and the error signal, which also has a close relation to the
logarithmic mean square error (MSE) criterion [21].

IV. SEPARATION STAGE

This section will firstly describe the separation stage in
frequency domain in Section IV-A, the design of which is
built upon our previous work [30]. Then, the separation stage
in time domain is presented in Section IV-B, where we propose
a method for jointly learning temporal-spectral-spatial features
from time domain mixture signals.

A. Speech separation in frequency domain

1) Overview: As shown in Figure 2 (a), the separation stage
in frequency domain consists of 3 modules: 1) STFT, which
decomposes the multichannel mixture signal on a set of fixed
complex filters; 2) Feature extraction, which aims to fully
leverage the temporal-spectral-spatial information to extract
effective cues for mask estimation; 3) T-F mask estimator,
aiming to estimate a complex ratio mask (cRM) [51] for the
target speech at the reference channel based on the extracted
features, as well as for the interfering speech. The output of the
separation stage is the estimated multichannel spectrograms
for the target speech Ŝsep and residual sound N̂sep, and the
complex spectrogram Y of the multichannel mixture.

2) Feature extraction with STFT: The STFT operation can
be viewed as convolving the signal with FIR exponential
filters windowed by w[n], as shown in Figure 3 (a). These
exponential filters can be combined as a complex convolution
kernel F ∈ CN×F that is parameterized by:

Fnf = w[n]e−j
2π
N nf (2)

where n denotes the sample index within the window with
length N , f denotes the frequency band index, F is the
number of total frequency bands. Define the f -th filter as
Ff = [F1f , ...,FNf ]T, and define the segmentation of time
domain signal with window length N and hop size H as
y(t) = [y(tH), ...,y(tH +N − 1)]

T ∈ RM×N , then the
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Fig. 2. The separation stage in frequency domain and time domain for multichannel speech separation methods. The separation stage consists of 3 modules:
encoder, feature extraction and mask estimation.

STFT of the m-th channel of the mixture signal is calculated
by convolving ym with F:

Ym(t, f) = ym(t) ~ Ff =

N−1∑
n=0

ym(tH + n)Fnf (3)

where ~ denotes the convolution operation, Y is the multi-
channel mixture spectrogram, t is the frame index. Towards
the learning target of the cRM, the input features are designed
to manifest the differences between simultaneous speech both
in the spectral and spatial domains. First, the logarithm power
spectra (LPS) of the mixture signal at the reference channel
is calculated as the spectral feature:

LPSt,f = 20 lg
(∣∣yref(t) ~ Ff

∣∣) (4)

where ‘ref’ is the reference microphone index. Except for
spectro-temporal properties, spatial diversity is a significant
cue for separating spatially distributed speech sources. There-
fore, IPD between each microphone pair p is extracted to
manifest the spatial difference between sources:

IPD(p)
t,f = ∠(yp1(t) ~ Ff )− ∠(yp2(t) ~ Ff ) (5)

IPDs can be viewed as observed values that contain both
target and interference components. To extract components
that only relate to the target speech, we employ the target
DOA information to construct the theoretical IPD between
each microphone pair. Target IPD (T-IPD) is calculated by
the phase difference that a unit impulse coming from θ will
experience at the p-th microphone pair:

T-IPD(p)
f (θ) = ∠(δ[n] ~ Ff )− ∠(δ[n− τ (p)(θ)] ~ Ff ) (6)

where δ[n] is the unit impulse function, and τ (p)(θ) =
d(p) cos θfs/c is the pure delay experienced by the planar
wave impinging from θ at the p-th microphone pair, where
d(p) is the distance between the p-th microphone pair, c is

the sound velocity, fs is the sampling rate. Notably, the T-
IPD is commonly computed by T-IPD(p)

f (θ) = 2πfτ (p)(θ).
To determine the dominance of the target speech from θ, the
cosine similarity between the observed IPDs and theoretical
T-IPDs is measured at each T-F bin [52], named as frequency
domain directional feature (FD-DF):

FD-DFt,f (θ) =
∑

p

〈
IPD(p)

t,f ,T-IPD(p)
f (θ)

〉
(7)

3) Mask Estimation: The calculated LPS, IPDs between
multiple microphone pairs and FD-DF are concatenated along
the frequency axis to form a joint feature as the input to the
T-F mask estimator. Conv-TasNet is served as the backbone
structure of the T-F mask estimator, and it can be replaced
by other state-of-the-art network structures, such as DPRNN
[42], SepFormer [43], DUNet [53], etc. The output layers of
the separation network are two point-wise convolution layers,
respectively produce the estimated cRMs of the target speech
and the interfering speech, i.e., M̂s ∈ CT×F and M̂n ∈ CT×F .
The estimated masks are then used to compute the separated
spectrograms Ŝsep = M̂s ◦Y ∈ CM×T×F and N̂sep = M̂n ◦
Y ∈ CM×T×F . Note that the mask is shared across all the
signal channels to apply to Y.

B. Speech Separation in Time Domain

As discussed in the introduction, owing to the complex
nature of features extracted in the frequency domain, it is
difficult for a real-valued network without exquisite design to
model the relations between magnitude and phase parts [54].
In addition, the center frequency of STFT filters is distributed
with uniform intervals, which limits the model to learn from
a linear frequency domain. Furthermore, to meet the short-
time stationary hypothesis, the constraint on the window length
(about 25-32 ms) induces a relatively low time resolution of
the computed features, which could be a significant reason for
the limited separation performance analyzed in [21].
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(a) Frequency domain: STFT based encoder

(b) Time domain: learnable filter based encoder

Fig. 3. The illustration of transforming the t-th frame of multichannel mixture
y(t) with (a) STFT based encoder F ∈ CN×F ; (b) learnable filters based
encoder K ∈ RM×N×F ′

. N is the window length.

Inspired by recent advances on time domain neural ar-
chitectures for MC-SS [5], [8], [25], [26], we propose to
learn a real-valued feature space, which is formulated by
learnable filters, for better representing the temporal-spectral-
spatial characteristics of the multichannel mixture signal.

1) Overview: As shown in Figure 2 (b), the separation stage
in time domain consists of 4 modules: 1) Learnable filters are
served as the waveform encoder to transform the multichannel
mixture signals into a multichannel representation in latent
domain; 2) Feature learning, which extracts temporal-spectral-
spatial features in the latent space; 3) Mask estimator that
estimates the masks of the target and interfering speech in
the latent domain based on the computed features; 4) Decoder
that converts the masked mixture representation back to time
domain signal. The output of separation stage is the estimated
signals ŝsep, n̂sep, and the multichannel mixture signal y.

2) Feature learning with learnable filters: Instead of STFT,
we explore M sets of learnable nonorthogonal real-valued
filters K ∈ RM×N×F ′

to transform each short segment of
the multichannel mixture y(t) ∈ RM×N to a multichannel
representation Y(t) ∈ RM×F ′

, as shown in Figure 3 (b),
where F ′ is the number of filters, N is the frame size.
Following our previous work [5], to ensure mapping each
channel to the same feature space, each set of filters is
associated with a set of reference filters K0 ∈ RN×F ′

,
and varies with a learnable window function wm ∈ RN×1:
Km = wmK0. By shifting the window and integrating
M channels, a multichannel representation that contains rich
temporal-spectral-spatial information could be computed.

First, the mixture representation at the reference channel is

considered as the spectral feature [31], which is the convolu-
tion product between yref and the reference filter K0:

Rt,f ′ = σ(yref(t) ~K0
f ′) (8)

where σ is the activation function, f ′ is the filter index.
Inspired by the IPD formulation, the interchannel convolution
differences (ICDs) [5] between two channels of the feature
maps are computed, implicitly manifesting the spatial differ-
ence between sources:

ICD(p)
t,f ′ = (yp1(t) ~Kp1

f ′ )− (yp2(t) ~Kp2

f ′ ) (9)

From Eq. 9, ICD is defined in a feature space formulated by
learnable filters K, which are updated at every iteration and
do not hold the physical definition as STFT.

Conventionally, the DOA is used to form the steering vector
[13], determine the active T-F bins [55], compute the second-
order statistics of the target speech [56], etc. Most of these
usages are designed for frequency domain methods and are
difficult to integrate into the time domain approaches. To this
end, we propose to explicitly leverage the target DOA within
the time domain architecture for better extracting the target
speech. From a signal processing perspective, each set of filters
Km can be viewed as a linear time-invariant (LTI) system,
whose impulse response is defined as its output for a unit
impulse input. For a microphone pair (p1, p2), we input a
unit impulse to the system corresponding to p1, and a delayed
unit impulse to the system corresponding to p2. The expected
response difference conditioned on the target DOA θ, named
target ICD (T-ICD) is then defined as the output difference
between these two systems to capture the time delay:

T-ICD(p)
f ′ (θ) = δ[n] ~Kp1

f ′ − δ[n− τ (p)(θ)] ~Kp2

f ′ (10)

Comparing Eqs. 9 and 10, if (t, f ′) is dominated by the target
speech from θ, the similarity between ICD(p) and the target
location related T-ICD(p) will be large; otherwise, it will be
small. Following this concept, the directional feature in latent
domain (LD-DF) is defined as follows:

LD-DFt,f ′(θ) =
∑

p

〈
ICD(p)

t,f ′ ,T-ICD(p)
f ′ (θ)

〉
(11)

3) Mask Estimation: The computed R (Eq. 8), ICDs (Eq.
9) and LD-DF (Eq. 11) are concatenated along the feature
axis and input to the mask estimation network to estimate
the masks for the target and interfering speech. Finally, the
masked multichannel mixture representation will be converted
back to the time domain signal ŝsep and n̂sep by the decoder,
respectively. The decoder is a 1D deconvolution layer [31]
with the same kernel size and stride as the waveform encoder.

V. BEAMFORMING STAGE

This section will present the designs of the beamforming
stage in frequency and time domain, respectively. First, in Sec-
tion V-A, motivated by the impressive improvements achieved
by AN-MVDR [18], the beamforming stage in frequency
domain combines the AN-BF designs in [18] and [20], to
further enhance the separation performance while reducing
the nonlinear distortion brought by single-channel masking.
Also, the framework is extended with different beamforming
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formulations. Then, in Section V-B, inspired by the success
of AN-BF in frequency domain and recent explorations on
time domain neural beamforming [22], we design an AN-BF
network in time domain to establish a completely end-to-end
MC-SS framework.

A. All-neural beamforming in frequency domain

1) Method: As shown in Figure 4 (a), all-neural beamform-
ing leverages the estimated spectrograms to compute second-
order signal statistics for estimating the weights of a filter-
and-sum beamformer. To be specific, firstly, the target and in-
terference spatial correlation matrices (SCMs) are calculated:

Φss(t, f) = Ŝsep(t, f)ŜH
sep(t, f)

Φnn(t, f) = N̂sep(t, f)N̂H
sep(t, f)

(12)

where H denotes the conjugate transpose matrix. When using
batch-wise training, each complex SCM is with the shape
of B × T × F ×M ×M , where B is the batch size. AN-
MVDR follows the sub-band beamforming concept, where the
beamforming weights at each frequency band are separately
estimated and applied. Therefore, these two SCMs, Φss and
Φnn, are firstly reshaped to C ∈BF×T×M2

and then, their real
and imaginary parts are concatenated along the last dimension
to feed into a feedforward layer with input size of 4M2. Next,
two recurrent layers are followed to approximate to the matrix
inversion and PCA operation in the closed-form solution of the
time-invariant MVDR beamformer in frequency domain [48]:

wFD-eq-MVDR(f) =
Φ−1nn(f)v(f)

vH(f)Φ−1nn(f)v(f)
u (13)

where the target acoustic transfer function v(f) =
PCA(Φss(f)), Φnn(f) are summed over the whole input
sequence to obtain more stable statistics, u ∈ RM is a
one-hot vector that marks the reference channel. Instead of
calculating the beamforming weights using Eq.13, in the
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Fig. 4. The beamforming stage in frequency domain and time domain
for multichannel speech separation. The beamforming stage consists of 3
modules: signal statistic computation, beamforming weight estimation and
beamforming.

all-neural beamforming method, the solution of AN-MVDR
beamformer is derived by:

wFD-AN(t, f) = g (Φ(t, f),hFD-AN(t− 1, f))

Φ(t, f) = concat(Φss(t, f),Φnn(t, f))
(14)

where wFD-AN ∈ CB×T×F×M , hFD-AN(t− 1, f) is the hidden
state of the GRU at t-1 th time step, g(·) indicates the function
of recurrent neural network layers to compute the frame-
wise beamformer weights. Finally, the estimated filter-and-
sum coefficients are multiplied to the multichannel mixture
spectrogram to obtain the beamformed complex spectrogram:

ŜFD-BF(t, f) = wH
FD-AN(t, f)Y(t, f) (15)

The beamformed spectrogram is then converted back to the
estimated target speech ŝBF with iSTFT.

2) Different beamforming formulations: Different from the
MVDR beamformer that is deduced under target distortionless
constraint, multichannel Wiener filter (MCWF) is derived
without such constraint. Since the adopted loss function (Eq. 1)
is closely related to time domain MSE criterion, which is also
the optimization criterion for MCWF, we explore all-neural
MCWF beamforming within the framework. The closed-form
solution of MCWF in frequency domain is as follows [57]:

wFD-eq-MCWF(f) = Φ−1yy (f)Φys(f) (16)

where Φyy(f) and Φys(f) denote the self-correlation matrix
of mixture spectrogram and cross-correlation matrix between
the mixture and target spectrograms, respectively. Similar to
the all-neural MVDR formulation, the second-order statistics
in Eq. 14 can be substituted with:

Φ′(t, f) = concat(Φyy(t, f),Φys(t, f)) (17)

where the spatial correlation matrics are computed as:

Φyy(t, f) = Y(t, f)YH(t, f)

Φys(t, f) = Y(t, f)
(
M̂s(t, f) ◦Yref(t, f)

)H (18)

With the formulation of all-neural MCWF, only the mask of
target speech M̂s needs to be estimated at the separation stage.

B. All-neural beamforming in time domain

1) Method: As shown in Figure 4 (b), all-neural beam-
forming in time domain leverages the separated signals and
the multichannel mixture signal to compute second-order
signal statistics for estimating the weights of a time-variant
beamformer in time domain. Conventionally, the solution of
the MVDR beamformer in the time domain is derived by
minimizing the MSE of the residual interference and noise
with the constraint that the target signal is not distorted, as
follows [58]:

wTD-eq-MVDR =
R−1nnh

hTR−1nnh
u (19)

where h is the steering vector of the target direction, which
can be derived by applying PCA to the spatial self-correlation
matrix of the target speech Rss = E

[
s(k)sT(k)

]
, Rnn =

E
[
n(k)nT(k)

]
is the spatial self-correlation matrix of the



7

interference-plus-noise signal, E[·] denotes the mathematical
expectation and k is the discrete sampling stamp.

In our implementation, we take the output from the decoder
as the estimated target speech ŝsep to obtain the estimation for
Rss. The SCM of time domain signals are computed by:

Rss(t, n) = ŝsep(t, n)ŝ
T

sep(t, n)

Rnn(t, n) = n̂sep(t, n)n̂
T

sep(t, n)
(20)

where ŝsep(t, n) ∈ RM×1, n̂sep(t, n) ∈ RM×1 denote the n-
th sampling point in the t-th segmented frame of estimated
target speech and interfering speech, respectively. When using
batch-wise training, each SCM (Rss or Rnn) is with the shape
of B × T ×N ×M ×M . To fully leverage the intra-segment
relation, we aggregate the sequential and spatial information
within the t-th frame of these two SCMs. Specifically, Rss

and Rnn are reshaped to B × T ×NM2, where Rss(t) ∈
RB×NM2

and Rnn(t) ∈ RB×NM2

.
Following the AN-BF design in frequency domain, the

matrix inversion as well as the PCA operation in Eq.19 is
substituted with the recurrent neural network. These two SCMs
are then concatenated along the last dimension to feed into
a feedforward layer with input size of 2NM2. Next, two
recurrent layers are followed to implement the matrix inversion
and PCA operation in Eq. 19.

In summary, the proposed solution of AN-BF in time
domain is derived by:

wTD-AN(t) = g′ (R(t),hTD-AN(t− 1))

R(t) = concat (Rss(t),Rnn(t))
(21)

where g′(·) indicates the neural network layers to compute the
filter-and-sum beamforming weights in time domain. Finally,
the estimated filter-and-sum coefficients are multiplied to the
multichannel mixture signal to obtain the beamformed target
signal:

ŝTD-BF(t, n) = wT
TD-AN(t, n)y(t, n) (22)

The estimated target signal is then obtained using overlap-and-
add method.

2) Different beamforming formulations: The multichannel
Wiener filter can also be applied in time domain. According
to the minimum MSE (MMSE) criterion, the optimal Wiener
filter in time domain is deduced as follows:

wTD-eq-MCWF = R−1yy rys (23)

where Ryy is the spaital self-correlation matrix of the multi-
channel mixture, rys is the cross-correlation vector between
the mixture and the target speech. In our implementation, these
second-order statistics are computed as follows:

Ryy(t, n) = y(t, n)yT(t, n)

rys(t, n) = y(t, n)ŝsep(t, n)
(24)

where ŝsep(t) only takes the reference channel of the estimated
target speech. Therefore, the spatial correlation matrices of all-
neural beamforming with Wiener-like formulation in Eq. 21
can be rewritten as:

R′(t) = concat (Ryy(t), rys(t)) (25)

3) Multi-channel mask estimation for short window size:
In frequency domain approaches, the estimated mask at the
reference channel is shared across all microphone channels
for computing the SCM. This is because the window size
is typically set as 25-32 ms in frequency domain methods,
which is much longer than the maximum time delay for a
wave to travel across the microphone array, i.e., 2.35 ms
for an array with 80 cm diameter. Therefore, the spectral
magnitude diversity between channels can be neglected. How-
ever, for time domain approaches that have greatly benefited
from the high time resolution, the estimated mask at the
reference channel is no longer suitable for sharing across all
the microphone channels, since the window size of 2-2.5 ms
is quite close to the time delay between channels. Although
the formulation of conventional MCWF only involves the
target speech estimation at the reference channel (Eq. 23),
the spatial information of the target speech will be neglected
during the all-neural beamforming processing. Therefore, we
propose to estimate multichannel masks for the target and
interfering speech at the separation stage, for facilitating all-
neural beamforming in time domain. Take the MCWF case as
an example, the SCMs are then computed by:

R′′(t) = concat (Ryy(t),Rys(t))

Rys(t, n) = y(t, n)ŝ
T

sep(t, n)
(26)

where ŝsep(t, n) takes the n-th sampling point from the t-th
segmented frame of the estimated multi-channel target source
image signal. In the experiments, we will show the multi-
channel mask estimation strategy significantly improves the
speech separation performance.

C. Discussion on Unification

The unification of frequency- and time-domain pipelines
can be illustrated in Figure 5. All the components, including
feature design, mask estimation and beamforming operations,
have the same unified form. For example, the STFT (Eq.
2) in frequency domain can be viewed as a special case of
learnable filters K in Eq. 8 in time domain. Thus, all the
features in both domains such as spectral features (Eq. 4
→ Eq. 8), spatial features (Eq. 5 → Eq. 9) and directional
features (Eq. 7 → Eq. 11) can be unified via learnable filters.
Similarly, for frequency- and time-domain beamformings, the
beamforming statistics (Eq. 13→ Eq. 19 and Eq. 16→ Eq. 23)
and beamforming operations (Eq. 15 → Eq. 22), can also be
unified in the same form based on a certain Transform to the
raw wave. That certain Transform in frequency domain is the
Fourier Transform, and in time domain it becomes the identity
Transform.

VI. EXPERIMENTAL SETUP

A. Dataset

To evaluate and compare the MC-SS methods both in
frequency domain and time domain, we simulate a multi-
channel reverberant dataset based on AISHELL-1. The speech
sampling rate is 16 kHz. There are 360,000, 10,000 and 4,000
two-speaker mixtures (about 450 hours in total) for training,
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TABLE I
SI-SDR (DB), PESQ AND CER (%) RESULTS OF MC-SS MODELS AT SEPARATION STAGE IN FREQUENCY DOMAIN AND TIME DOMAIN.

Domain Approach Input Features SI-SDR (dB) PESQ CER (%)
<15◦ 15-45◦ 45-90◦ >90◦ Avg

- Mixture - -0.1 0.1 -0.3 0 -0.1 2.10 75.24
- Reverb. clean - ∞ ∞ ∞ ∞ ∞ 4.50 1.74

FD cRM LPS 8.97 8.97 8.99 9.07 8.99 2.83 26.55
FD cRM 8-ch Real+Imag 10.66 11.09 12.04 12.32 11.43 2.89 24.79
FD cRM LPS, IPD 9.08 9.58 10.07 10.02 9.64 3.01 18.58
FD cRM LPS, IPD, FD-DF 11.80 12.28 12.71 13.08 12.40 3.23 10.06
TD target speech R 9.72 9.71 9.81 9.86 9.75 2.94 22.49
TD target speech 8-ch R 6.88 8.99 12.46 14.39 10.18 2.92 23.73
TD target speech R, ICD 8.27 9.71 12.80 13.86 10.84 2.97 16.36
TD target speech R, ICD, LD-DF 13.34 13.89 15.08 15.86 14.40 3.26 8.68
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Fig. 5. The unified framework for frequency domain and time domain
multichannel speech separation.

validation and evaluation, respectively. We use an 8-element
(M=8) linear array, with spacings of 15-10-5-20-5-10-15 cm.
The multichannel speech signals are generated by convolving
single-channel clean signals with both simulated RIRs using
the image-source method [59]. The distance between each
speaker and the center of microphone array is in the range
of 0.5—6m. The reverberation time RT60 is sampled in the
range of 0.1s—0.7s. The speakers that appear in the test set do
not overlap with the training set, and all speakers are assumed
to not change their directions during speaking. The room size
ranged from 4×4×2.5 to 10×8×6 m3 (length×width×height).
The signal-to-interference rate ranged from -6 to 6 dB.

B. Features

For the STFT analysis, we use a 32 ms (N=512) square root
Hanning window with a hop size of 16 ms (H=256). IPDs and
T-IPDs are extracted among six microphone pairs, (1,8), (2,7),
(3,6), (4,5), (5,8), and (4,8), to sample different microphone
spacings. For the settings of learnable filters, we use a 2.5 ms
(N=40) short window and a 1.25 ms (H=20) hop size. ICDs
and T-ICDs are extracted using the same microphone pairs as
IPDs and T-IPDs. Only the target’s directional feature is used
in all the experiments, since we assume only the target DOA
is known. For the number of filters in each set, we set F ′=256
according to Conv-TasNet.

C. Network structure and Training configuration

For separation stage, Conv-TasNet [31] is adopted as
the backbone separation network. Conv-TasNet is consist
of stacked 1-dimensional convolution blocks to increase the
receptive field over the input sequence. The hyperparameters
of Conv-TasNet are coincident with those in [31].

For neural beamforming (eq-BF), after the second-order
statistic computation, the beamforming weights are computed
using corresponding criterion. In this case, the parameter
increment is very small.

For all-neural beamforming (AN-BF), the beamforming net-
work is the combinations of linear layers and GRU layers. For
AN-BF in frequency domain, the input and output dimension
of the first feedforward layer is 4× 82 and 180, respectively.
Then, the number of cells in two unidirectional GRU layers
are 90. The output dimension of the last linear layer are 8×2,
which outputs the the real and imaginary parts of the frame-
wise beamforming weights. For AN-BF in time domain, the
input and output dimension of the first feedforward layer is
2×82 and 32. Then, the number of cells in two unidirectional
GRU layers are 256. The output dimension of the last linear
layer is 8×40, which estimates the time domain beamforming
weights.

Batch normalization [60] is adopted to reduce the training
duration. The entire network is trained on 4-second mixture
chunks using the Adam optimizer [61] with early stopping.
The learning rate is initialized as 1e−3 and will be decayed
by 0.5 when the validation loss has no improvement for three
consecutive epochs.

D. Evaluation metrics

SI-SDR, PESQ and Chinese character error rate (CER)
are adopted as the evaluation metrics for the assessment of
separation accuracy and speech quality. The reverberant clean
target speech is used as reference for SI-SDR and PESQ
computation. The ASR model [62], [63] is trained on 60 k
hours large-scaled Mandarin speech data. It should be noted
that the adopted ASR model takes the logarithm Mel-scale
filter bank as the input feature, therefore the CER result would
not reflect the phase estimation accuracy, the same is true
of the PESQ. The separation performance is evaluated under
different azimuth difference ranges between speakers, where
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< 15◦, 15− 45◦, 45− 90◦ and > 90◦ account for 27%, 30%,
22% and 21%, respectively.

VII. RESULTS ANALYSIS

A. Performances of separation stage

To quantify the effects of STFT- and learnable filter-based
encoders, we conduct an ablation study for the designed
features in frequency domain and time domain, respectively.
The MC-SS results are summarized in Table I in terms of
SI-SDR, PESQ and CER. It should be noted that the CER
of reverberant clean speech is 1.74% and the state-of-the-art
result on AISHELL-1 test set is about 4.1% [62], [64]. This is
because the adopted ASR model is trained on 60 k hours data
and our simulated test set did not include original full test set
of AISHELL-1.

When only spectral feature is used (LPS v.s. R), the
formulation of learnable filters achieves better single-channel
speech separation performance over the STFT-based model,
as demonstrated in [31], [49]. The introduction of spatial
information in the frequency domain (+IPD) leads to SI-SDR
gain of 0.65 dB. Extracting spatial features based on learnable
filters (+ICD) or simply concatenating multichannel encodes
(8-ch R) further improves the separation performances, which
demonstrates the spatial feature formulation based on learnable
filters may have the potential to better capture the spatial
difference between speakers. When the target DOA is given,
target speech separation can be performed via associating
the output with the corresponding input direction. It can be
observed that MC-SS models significantly benefit from the
DOA information (+FD-DF or +LD-DF). Compared with the
STFT based MC-SS model in frequency domain, the proposed
learnable filter based MC-SS model in time domain improves
the SI-SDR by 16.1% and decreases CER by 13.7%, which
demonstrates a more powerful feature extraction capability of
the learnable filters. The high time resolution (short window
length and hop size) of the features, as well as the formulations
of learnable filters and features contributes to the performance
improvement.

It is also noted that, compared to single-channel Conv-
TasNet (R), our proposed MC-SS model (R, ICD, TD-DF)
only adds less than 0.1 million parameters, which come from
the increased dimension of the layer that processes the input
features. Also, the extra computation cost is relatively low
since only a few convolution operations are involved.

B. Performances of beamforming stage

To evaluate the proposed AN-BF method in time domain,
we compare the neural beamforming (eq-BF) and all-neural
beamforming (AN-BF) based MC-SS models in frequency
domain (FD) and time domain (TD). The input features
are LPS+IPD+FD-DF for frequency domain methods, and
R+ICD+LD-DF for time domain and latent domain methods.
The SI-SDR, PESQ and CER results, as well as the number
of parameters (#param.) and multiply–accumulate operations
per second (MACs), are listed in Table II. We also compare
two types of beamforming formulations: MVDR and MCWF,
referred to AN-MVDR and AN-MCWF in the result table.

Additionally, for the reference, we compute the performances
achieved by ideal masks and oracle frequency domain and time
domain beamformers. The ideal masks include ideal binary
mask (IBM), ideal ratio mask (IRM) and ideal phase-sensitive
mask (IPSM) [65]. The oracle frequency domain MCWF is
computed by Eq.16, where the ground truth target spectrogram
S is used to compute Φys. The oracle time domain MCWF is
derived by Eq.23, where the ground truth target speech s is
used to compute rys.

Firstly, for frequency domain beamforming, FD-eq-MVDR
and FD-eq-MCWF are performed using beamforming weights
calculated by Eqs. 13 and 16, respectively. Compared to
masking based models, the performances of FD-eq-MVDR
and FD-eq-MCWF are worse due to the time-invariant pro-
cessing. The AN-BF method significantly improves the SI-
SDR by 2.1 dB for FD-AN-MVDR [20]. Also, the CER is
relatively reduced by 30%. This improvement benefits from
the SCM modeling using recurrent network to automatically
accumulate and update the spatial information. Note that the
filter based processing and multi-tap setup in [18] are not
adopted for fair comparison with time domain methods. The
performance of FD-AN-MCWF is slightly worse than FD-
AN-MVDR, since FD-AN-MVDR explicitly follows the target
distortionless constraint. The extra AN-BF module brings
about 5x MACs (0.6G v.s. 3.2G) due to the per-frequency
processing.

Then, we conduct two neural beamforming experi-
ments in latent domain (LD): time-invariant MCWF (TI-
MCWF) and time-variant MCWF (TV-MCWF). The time-
invariant beamforming weights are calculated by Eq.
16, where Φyy(f) =

∑
t Y(t, f ′)YT(t, f ′), Φys(f) =∑

t Y(t, f ′)Ŝ(t, f ′), Y(t, f ′) is the real-valued mixture rep-
resentation, Ŝ(t, f ′) = M̂s(t, f

′) ◦Yref(t, f ′) is the estimated
target speech representation. The time-variant beamforming
weights are derived using SCMs without summing over t. We
can see these two formulations do not achieve better results
compared to latent domain masking, since the beamforming
derivation in latent domain remains unclear.

Next, for time domain beamforming, we compare neural
beamforming (TD-eq-MCWF) and proposed all-neural beam-
forming (TD-AN-MVDR and TD-AN-MCWF) methods. The
idea of time domain neural beamforming (TD-eq-MCWF)
using the coarse estimate from the separation stage is similar
to [22] and achieves improvement of 0.5 dB SI-SDR. We
extend the closed-form solution of MVDR and MCWF to
all-neural formulations, and achieve SI-SDR gains of 1.57
dB and 1.15 dB, respectively. The CER reduces by 22.3%
and 18.0% comparing to the separation stage, respectively.
Also, compared to FD-AN-BF methods, our proposed TD-
AN-MVDR outperforms FD-AN-MVDR by 2.1 dB of SI-
SDR and reduces relatively 4% of CER, while the proposed
TD-AN-MCWF outperforms FD-AN-MCWF by 2.3 dB. The
improvements demonstrate the effectiveness of our proposed
AN-BF method in time domain. Furthermore, as discussed
in Section V-B3, the proposed multichannel mask estimation
strategy further improves TD-AN-MVDR and TD-AN-MCWF
by 0.7 dB of SI-SDR and about 0.1 of PESQ. Also, the CER
of TD-AN-MVDR (mch mask) is relatively reduced by 11.7%
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TABLE II
SI-SDR (DB), PESQ AND CER (%) RESULTS OF MULTI-CHANNEL TARGET SPEECH SEPARATION MODELS IN FREQUENCY DOMAIN AND TIME DOMAIN.

NOTE THAT THE PHASE ESTIMATION ACCURACY CAN’T BE DEMONSTRATED BY PESQ AND CER METRICS.

Domain Approach #param. MACs SI-SDR (dB) PESQ CER (%)(G/s) <15◦ 15-45◦ 45-90◦ >90◦ Avg
- Mixture - - -0.1 0.1 -0.3 0 -0.1 2.10 75.24
- Reverb. clean - - ∞ ∞ ∞ ∞ ∞ 4.50 1.74

FD eq-MVDR 9.3M 0.57 10.73 11.33 12.90 13.85 12.02 3.20 17.66
FD eq-MCWF 9.2M 0.56 10.83 11.45 12.93 13.93 12.11 3.19 18.24
FD AN-MVDR 9.5M 3.26 13.26 13.95 15.33 16.41 14.52 3.51 7.02
FD AN-MCWF 9.4M 3.25 12.78 13.66 15.19 16.13 14.26 3.49 7.40
LD eq-TI-MCWF 9.2M 7.51 3.78 4.84 6.97 8.25 5.71 2.52 51.40
LD eq-TV-MCWF 9.2M 7.52 12.29 13.1 14.37 15.17 13.58 3.15 8.65
TD eq-MCWF 9.2M 7.52 13.92 14.47 15.56 16.32 14.94 3.29 8.72
TD AN-MVDR 10.4M 11.18 15.10 15.66 16.46 17.07 15.97 3.30 6.74
TD AN-MVDR (mch mask) 11.3M 11.75 15.56 16.23 17.31 17.92 16.63 3.43 6.20
TD AN-MCWF 10.3M 8.48 14.73 15.27 16.19 16.86 15.65 3.31 7.12
TD AN-MCWF (mch mask) 10.8M 10.02 15.35 15.96 16.96 17.61 16.35 3.39 6.61
FD Ideal Binary Mask - - 12.80 12.69 12.46 12.68 12.67 3.51 2.68
FD Ideal Ratio Mask - - 12.92 12.84 12.62 12.84 12.82 3.86 2.07
FD Ideal Phase-Sensitive Mask - - 16.96 16.85 16.64 16.83 16.83 4.05 2.05
FD oracle MCWF - - 12.88 13.46 15.97 17.26 14.62 3.34 14.87
TD oracle MCWF - - 49.84 50.26 49.95 50.23 50.07 4.46 2.06

TABLE III
SI-SDR (DB), PESQ AND CER (%) RESULTS OF FD-AN-MVDR AND
TD-AN-MVDR MODELS THAT FINETUNED (FT.) WITH L-MFB MSE

LOSS OR NOT.

Approach FT. SI-SDR (dB) PESQ CER (%)
FD-AN-MVDR % 14.52 3.51 7.02
FD-AN-MVDR ! 14.29 3.53 6.81
TD-AN-MVDR % 16.63 3.43 6.20
TD-AN-MVDR ! 16.42 3.49 5.67

compared to the best result achieved by FD-AN-MVDR. The
best SI-SDR performance achieved by our proposed TD-
AN-MVDR with multichannel mask estimation (16.63 dB)
surpasses the IBM (by 4.0 dB), IRM (by 3.8 dB), oracle
frequency domain MCWF (by 2.0 dB), and is comparable to
the IPSM. Note that the PESQ scores of time domain methods
fall behind frequency domain methods, because PESQ is
evaluated only using the magnitude of short-time Bark-scale
spectrum, which omits the phase [66]. Also, the ASR model
is not sensitive to the phase estimation error, which can be
obviously observed when compared IRM (SI-SDR of 12.82 dB
and CER of 2.07%) to IPSM (SI-SDR of 16.83 dB and CER of
2.05%). For magnitude enhancement purpose, the PESQ and
CER can be improved by alternating the loss function from
SI-SDR to magnitude based logarithm MSE [66].

Because of the short hop size, the MACs of all of the time
domain methods is relatively high. Compared to FD-AN-BF
methods, the proposed TD-AN-BF module only brings about
15%—50% extra MACs (7.5G v.s. 8.5—11.5G).

C. Finetuning with logarithm Mel-scaled filterbank MSE loss

To demonstrate that the PESQ and CER metrics of TD-
AN-MVDR can be improved by alternating with or adding a
magnitude-based loss, we finetune the FD-AN-MVDR and the

TABLE IV
SI-SDR (DB), PESQ AND CER (%) RESULTS OF MC-SS MODELS IN
FREQUENCY DOMAIN AND TIME DOMAIN, WITH DIFFERENT WINDOW

SIZES N AND HOP SIZES H .

Approach SI-SDR (dB) PESQ CER (%)
Frequency Domain (N=512, H=256, nFFT=512)

cRM 12.40 3.23 10.06
AN-MVDR 14.52 3.51 7.02
AN-MCWF 14.26 3.49 7.40

Frequency Domain (N=40, H=20, nFFT=64)
cRM 11.04 2.95 12.86
AN-MVDR 9.61 2.83 27.32
AN-MCWF 9.49 2.82 28.05

Time Domain (N=40, H=20)
Mask 14.40 3.26 8.68
AN-MVDR 15.97 3.30 6.74
AN-MVDR (mch mask) 16.63 3.43 6.20
AN-MCWF 15.65 3.31 7.12
AN-MCWF (mch mask) 16.35 3.39 6.61

Time Domain (N=512, H=256)
Mask 9.00 2.65 22.53
AN-MVDR 10.50 2.69 16.93
AN-MCWF 10.34 2.67 17.19

proposed TD-AN-MVDR models with a logarithm Mel-scaled
filterbank (L-MFB) MSE loss:

LL-MFB =
∣∣∣log((MFB(ŜBF))− log (MFB(S))

∣∣∣2 (27)

where ŜBF and S are spectrograms of the beamformed signal
and the target signal, MFB means to apply the Mel-scaled filter
bank to the spectrogram. The converged model trained with
SI-SDR loss is finetuned for extra 20 epochs using a initial
learning rate of 1e-4. The learning rate will be halved if the
validation loss does not improve for consecutive 3 epochs.

The updated performances are reported in Table III. After
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Fig. 6. An example of spatial beam patterns of beamformers derived by FD-eq-MVDR, FD-AN-MVDR and TD-AN-MVDR models. The speech sample
contains two speakers. The DOAs of the target and interference speaker are 22◦ and 120◦, respectively marked with red and green dotted lines.

the magnitude enhancement, the PESQ and CER results of
TD-AN-MVDR model achieves a more obvious improvement
over those of FD-AN-MVDR model. The CER drops from
6.20% to 5.67%, which further narrows the gap between the
proposed method and the reference speech.

D. Effects of window and hop size

As pointed by [21], the success of Conv-TasNet may benefit
from the high time resolution, i.e., small window size and hop
size, which is important to isolate feature bins dominated by
different speech. Therefore, we compare the AN-BF methods
in FD and TD using different window sizes and hop sizes.

In Table IV, we evaluate two setups of FD methods. One is
the common setup, where the window size is 32 ms (N=512),
hop size is 16 ms (H=256), and the FFT size is 512. The other
setup refers to that of TD method, where the window size is
set as 2.5 ms (N=40) and the hop size is 1.25 ms (H=20).
The FFT size is set to the nearest exponential of 2 to 40, i.e.,
64. Compared these two setups, we can see that the shorten of
window size does not improve but deteriorate the separation
performance. The reason maybe that, when the window and
hop sizes are short, the corresponding frequency resolution
decreases as well, which is adverse to the separation process.

When applying the same window and hop size setups to TD
methods, contrary separation performances are observed. TD
methods prefer short window and hop sizes, while large hop
size severely hurts the performance. This observation is also
reported in [67], probably caused by the lack of anti-alising
filters to deal with the larger aliasing components brought by
longer hop size.

E. Comparison with advanced methods

This subsection compares the proposed method with some
advanced multichannel speech separation or enhancement
methods. Generally, these methods can be categorized into
frequency domain and end-to-end (time domain) methods.
FD methods basically follow the T-F masking based (neural)
beamforming scheme, while varying in the design of temporal-
spectral-spatial information processing [68]–[71], beamform-
ing derivation [46] and multi-stage filtering scheme [72], [73].
End-to-end methods perform signal estimation and beamform-
ing in latent domain or time domain in an end-to-end manner
[8], [22], [25].

In Table V, we repeat two advanced blind speech separa-
tion methods for comparison: NB-BLSTM [68] in frequency
domain and FaSNet-TAC [8] in time domain. To make fair
comparison, we also experiment with concatenating the DOA
features (FD-DF, LD-DF) with the input features as additional
target DOA cues to perform target speech separation. It is
noted that our implementation may not be the best way
to integrate DOA cues into these architectures. Therefore,
improved performance can be promising with more elaborate

TABLE V
PERFORMANCE COMPARISONS WITH ADVANCING MC-SS METHODS.

Approach #param. MACs SI-SDR (dB) PESQ CER (%)
NB-BLSTM [68] 1.5M 19.85G 12.78 3.35 8.88

+ FD-DF* 1.5M 19.91G 8.29 2.87 25.98
FaSNet-TAC [8] 2.6M 19.44G 12.94 2.93 13.56

+ LD-DF* 2.6M 19.46G 13.17 2.97 11.25
TD-AN-MVDR 10.4M 11.18G 15.97 3.30 6.74
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design.
NB-BLSTM performs blind speech separation indepen-

dently at each subband, where the narrow-band process-
ing concept is similar to AN-BF [18]. NB-BLSTM exhibits
impressive PESQ and CER results with fewer parameters.
However, the subband processing leads to high computation
cost. Also, although FD-DF informs the NB-BLSTM model of
the target DOA information, the separation performance is de-
graded. This may be caused by cross-frequency discontinuity
of the target information. FaSNet-TAC performs transform-
and-concatenate operation within each DPRNN block [74] to
integrate multichannel information, where DPRNN is a state-
of-the-art architecture for speech separation. LD-DF enables
FaSNet-TAC to perform target speech separation and also
slightly improves the performance, which demonstrates our
proposed directional feature can be integrated into time do-
main separation architectures for further advance.

F. Comparison of beam patterns

In order to further analyze the model capability of enhancing
the signal from target direction while suppressing interference
from other directions, Figure 6 visualizes the spatial beam
patterns of beamformers learned by different models, including
the time-invariant MVDR beamformer in frequency domain
(FD-eq-MVDR), the time-variant beamformer in frequency
domain (FD-AN-MVDR) and the proposed time-variant beam-
former in time domain (TD-AN-MVDR). We visualize the
beam patterns under 3 kinds of scenarios, including (a) both
speakers are silent; (b) only the target speaker is active and
(c) both speakers are simultaneously talking.

For FD-eq-MVDR, the beam patterns are time-invariant
and frequency-dependent. The gain at interference direction
(120◦) is relatively low to suppress the interfering speech.
However, the side lobe leakage may be serious. For FD-
AN-MVDR, the beam patterns of FD-AN-MVDR are time-
variant and frequency-dependent. We can observe an inter-
esting phenomenon that the beam pattern during silence and
single-speaker speech regions has no directivity. This can be
good, which better preserves the target signal without any
distortion. Although the beam pattern exhibits fair directivity
at lower frequency (1000 Hz), it is not desirable at higher
frequency (3000 Hz). The null points to nearly 90◦ rather
than 120◦, which brings potential distortion to the target signal
at higher frequencies. For TD-AN-MVDR, the beam patterns
are frequency-invariant. In three cases, the beamformer show
desirable patterns, which tends to suppress the interfering
signal from the range of 120◦ to 240◦ and enhance the signal
from opposite directions.

VIII. CONCLUSION

In this work, we develops a fully time domain all-neural
beamforming network, which features with temporal-spectral-
spatial feature learning and parametric beamforming coef-
ficient estimation in time domain for better target signal
estimation. The proposed feature learning method can be
integrated into popular time domain network architectures,
with few parameters and computation cost increased, to enable

target speech separation. Also, the all-neural beamforming
method can be combined with state-of-the-art mask estimation
methods to further enhance the separation accuracy. Experi-
mental results demonstrate that the proposed methods achieve
good results in terms of objective evaluation metrics and ASR
accuracy, and outperform frequency domain state-of-the-arts
as well as time domain neural beamforming methods.

In addition, we make an attempt to unify the all-neural
beamforming pipelines for time domain and frequency do-
main multichannel speech separation. The waveform encoder,
feature formulation, mask estimation, as well as the all-
neural beamforming designs in time and frequency domain
are described, analyzed and evaluated in a comparable way.

We will work in the following directions to extend this
study in the future. Firstly, as shown in Table II and III, the
PESQ results of time domain methods still fall behind fre-
quency domain methods. We will further explore approaches
to enhance the magnitude part estimation, which will also be
beneficial for the popular ASR models that receive logarithm
MFB or MFCC features as input. Secondly, we will evaluate
the framework on more large-scale and realistic datasets,
with different overlap ratios, more speakers, etc. Lastly, we
will extend the all-neural beamforming framework for joint
separation and dereverberation tasks.
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[33] J. Zhang, C. Zorilă, R. Doddipatla, and J. Barker, “On end-to-end multi-
channel time domain speech separation in reverberant environments,”
in IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2020, pp. 6389–6393.

[34] ——, “Time-domain speech extraction with spatial information and
multi speaker conditioning mechanism,” in IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP). IEEE,
2021, pp. 6084–6088.

[35] Z.-Q. Wang, H. Erdogan, S. Wisdom, K. Wilson, D. Raj, S. Watanabe,
Z. Chen, and J. R. Hershey, “Sequential multi-frame neural beamforming
for speech separation and enhancement,” in 2021 IEEE Spoken Lan-
guage Technology Workshop (SLT). IEEE, 2021, pp. 905–911.

[36] X. Xiao, S. Watanabe, H. Erdogan, L. Lu, J. Hershey, M. L. Seltzer,
G. Chen, Y. Zhang, M. Mandel, and D. Yu, “Deep beamforming net-
works for multi-channel speech recognition,” in 2016 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2016, pp. 5745–5749.

[37] Z. Meng, S. Watanabe, J. R. Hershey, and H. Erdogan, “Deep long
short-term memory adaptive beamforming networks for multichannel
robust speech recognition,” in 2017 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2017, pp.
271–275.

[38] W. He, L. Lu, B. Zhang, J. Mahadeokar, K. Kalgaonkar, and C. Fuegen,
“Spatial attention for far-field speech recognition with deep beam-
forming neural networks,” in 2020 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2020, pp.
7499–7503.

[39] Z. Zhang, T. Yoshioka, N. Kanda, Z. Chen, X. Wang, D. Wang, and S. E.
Eskimez, “All-neural beamformer for continuous speech separation,” in
2022 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2022, pp. 6032–6036.

[40] T. Ochiai, M. Delcroix, R. Ikeshita, K. Kinoshita, T. Nakatani, and
S. Araki, “Beam-tasnet: Time-domain audio separation network meets
frequency-domain beamformer,” in 2020 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2020,
pp. 6384–6388.

[41] H. Chen and P. Zhang, “Beam-guided tasnet: An iterative speech
separation framework with multi-channel output,” arXiv preprint
arXiv:2102.02998, 2021.

[42] Y. Luo, Z. Chen, and T. Yoshioka, “Dual-path rnn: efficient long
sequence modeling for time-domain single-channel speech separation,”
in IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2020, pp. 46–50.

[43] C. Subakan, M. Ravanelli, S. Cornell, M. Bronzi, and J. Zhong,
“Attention is all you need in speech separation,” in IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2021, pp. 21–25.

[44] B. Li, T. N. Sainath, R. J. Weiss, K. W. Wilson, and M. Bacchiani, “Neu-
ral Network Adaptive Beamforming for Robust Multichannel Speech
Recognition,” in Proc. Interspeech, 2016, pp. 1976–1980.

[45] T. N. Sainath, R. J. Weiss, K. W. Wilson, B. Li, A. Narayanan, E. Variani,
M. Bacchiani, I. Shafran, A. Senior, K. Chin et al., “Multichannel signal
processing with deep neural networks for automatic speech recognition,”
IEEE/ACM Transactions on Audio, Speech, and Language Processing
(TASLP), vol. 25, no. 5, pp. 965–979, 2017.

[46] A. Li, G. Yu, C. Zheng, and X. Li, “Taylorbeamformer: Learning all-
neural multi-channel speech enhancement from taylor’s approximation
theory,” arXiv preprint arXiv:2203.07195, 2022.

[47] J. Benesty, J. Chen, and Y. Huang, “A minimum speech distortion
multichannel algorithm for noise reduction,” in 2008 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2008, pp. 321–324.

[48] B. Jacob, C. Jingdong, and H. Yiteng, Microphone Array Signal Pro-
cessing. Springer, 2008.

[49] F. Bahmaninezhad, J. Wu, R. Gu, S.-X. Zhang, Y. Xu, M. Yu, and D. Yu,
“A comprehensive study of speech separation: spectrogram vs waveform
separation,” in Proc. Interspeech, 2019, pp. 4574–4578.

[50] J. Le Roux, S. Wisdom, H. Erdogan, and J. R. Hershey, “Sdr–half-baked
or well done?” in IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP). IEEE, 2019, pp. 626–630.



14

[51] D. S. Williamson, Y. Wang, and D. Wang, “Complex ratio masking for
monaural speech separation,” IEEE/ACM transactions on audio, speech,
and language processing (TASLP), vol. 24, no. 3, pp. 483–492, 2015.

[52] Z. Chen, X. Xiao, T. Yoshioka, H. Erdogan, J. Li, and Y. Gong, “Multi-
channel overlapped speech recognition with location guided speech
extraction network,” in IEEE Spoken Language Technology Workshop
(SLT), 2018, pp. 558–565.

[53] Y. Hu, Y. Liu, S. Lv, M. Xing, S. Zhang, Y. Fu, J. Wu, B. Zhang, and
L. Xie, “Dccrn: Deep complex convolution recurrent network for phase-
aware speech enhancement,” in Proc. Interspeech, 2020, pp. 2472–2476.

[54] D. Yin, C. Luo, Z. Xiong, and W. Zeng, “Phasen: A phase-and-
harmonics-aware speech enhancement network.” in AAAI, 2020, pp.
9458–9465.

[55] S. Araki, H. Sawada, and S. Makino, “Blind speech separation in
a meeting situation with maximum snr beamformers,” in 2007 IEEE
International Conference on Acoustics, Speech and Signal Processing,
vol. 1. IEEE, 2007, pp. I–41.

[56] O. Thiergart and E. A. Habets, “An informed lcmv filter based on
multiple instantaneous direction-of-arrival estimates,” in 2013 IEEE
International Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2013, pp. 659–663.

[57] M. Souden, J. Benesty, and S. Affes, “On optimal frequency-domain
multichannel linear filtering for noise reduction,” IEEE Transactions on
audio, speech, and language processing (TASLP), vol. 18, no. 2, pp.
260–276, 2009.

[58] M. R. Bai, J.-G. Ih, and J. Benesty, Acoustic Array Systems: Theory,
Implementation, and Application, 2013, ch. Time-Domain MVDR Array
Filter for Speech Enhancement, pp. 287–314.

[59] E. Lehmann and A. Johansson, “Prediction of energy decay in room
impulse responses simulated with an image-source model,” The Journal
of the Acoustical Society of America, vol. 124, no. 1, pp. 269–277, 2008.

[60] S. Ioffe and C. Szegedy, “Batch normalization: Accelerating deep
network training by reducing internal covariate shift,” in International
conference on machine learning (ICML). PMLR, 2015, pp. 448–456.

[61] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
in International Conference on Learning Representation (ICLR), 2015.

[62] J. Tian, J. Yu, C. Weng, Y. Zou, and D. Yu, “Integrating lattice-free mmi
into end-to-end speech recognition,” IEEE/ACM Transactions on Audio,
Speech, and Language Processing, pp. 1–14, 2022.

[63] J. Tian, J. Yu, C. Weng, S.-X. Zhang, D. Su, D. Yu, and Y. Zou,
“Consistent training and decoding for end-to-end speech recognition
using lattice-free mmi,” in 2022 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), 2022, pp. 7782–
7786.

[64] X. Ren, H. Zhu, L. Wei, M. Wu, and J. Hao, “Improving mandarin
speech recogntion with block-augmented transformer,” arXiv preprint
arXiv:2207.11697, 2022.

[65] D. Wang and J. Chen, “Supervised speech separation based on deep
learning: An overview,” IEEE/ACM Transactions on Audio, Speech, and
Language Processing, vol. 26, no. 10, pp. 1702–1726, 2018.

[66] Z.-Q. Wang, G. Wichern, and J. Le Roux, “On the compensation between
magnitude and phase in speech separation,” IEEE Signal Processing
Letters, vol. 28, pp. 2018–2022, 2021.

[67] M. Kolbæk, Z.-H. Tan, S. H. Jensen, and J. Jensen, “On tasnet
for low-latency single-speaker speech enhancement,” arXiv preprint
arXiv:2103.14882, 2021.

[68] C. Quan and X. Li, “Multi-channel narrow-band deep speech sepa-
ration with full-band permutation invariant training,” in 2022 IEEE
International Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2022, pp. 541–545.

[69] M. M. Halimeh and W. Kellermann, “Complex-valued spatial au-
toencoders for multichannel speech enhancement,” in 2022 IEEE In-
ternational Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2022, pp. 261–265.

[70] X. Ren, X. Zhang, L. Chen, X. Zheng, C. Zhang, L. Guo, and B. Yu,
“A causal u-net based neural beamforming network for real-time multi-
channel speech enhancement.” in Proc. Interspeech, 2021, pp. 1832–
1836.

[71] C. Quan and X. Li, “Multichannel Speech Separation with Narrow-band
Conformer,” in Proc. Interspeech, 2022, pp. 5378–5382.

[72] K. Tesch and T. Gerkmann, “Nonlinear spatial filtering in multichannel
speech enhancement,” IEEE/ACM Transactions on Audio, Speech, and
Language Processing, vol. 29, pp. 1795–1805, 2021.

[73] ——, “Insights into deep non-linear filters for improved multi-channel
speech enhancement,” arXiv preprint arXiv:2206.13310, 2022.

[74] Y. Luo, Z. Chen, and T. Yoshioka, “Dual-path rnn: efficient long
sequence modeling for time-domain single-channel speech separation,”
in 2020 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2020, pp. 46–50.


	I Introduction
	II Related Works
	II-A Temporal-spectral-spatial feature formulation
	II-B Neural beamforming in frequency domain
	II-C Neural beamforming in time domain

	III Multichannel Target Speech Separation
	IV Separation Stage
	IV-A Speech separation in frequency domain
	IV-A1 Overview
	IV-A2 Feature extraction with STFT
	IV-A3 Mask Estimation

	IV-B Speech Separation in Time Domain
	IV-B1 Overview
	IV-B2 Feature learning with learnable filters
	IV-B3 Mask Estimation


	V Beamforming Stage
	V-A All-neural beamforming in frequency domain
	V-A1 Method
	V-A2 Different beamforming formulations

	V-B All-neural beamforming in time domain
	V-B1 Method
	V-B2 Different beamforming formulations
	V-B3 Multi-channel mask estimation for short window size

	V-C Discussion on Unification

	VI Experimental Setup
	VI-A Dataset
	VI-B Features
	VI-C Network structure and Training configuration
	VI-D Evaluation metrics

	VII Results analysis
	VII-A Performances of separation stage
	VII-B Performances of beamforming stage
	VII-C Finetuning with logarithm Mel-scaled filterbank MSE loss
	VII-D Effects of window and hop size
	VII-E Comparison with advanced methods
	VII-F Comparison of beam patterns

	VIII Conclusion
	References

