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Factorized MVDR Deep Beamforming for
Multi-Channel Speech Enhancement
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Abstract—Traditionally, adaptive beamformers such as the
minimum-variance distortionless response (MVDR) beamformer
and generalized eigenvalue beamformer have been widely used for
multi-channel speech enhancement with a single-channel postfilter.
Recently, several approaches have been proposed to enhance the
signals used to estimate speech and noise spatial covariance matri-
ces (SCMs) and process the outputs of the beamformers using deep
neural networks (DNNs). However, the preprocessing of the signals
for SCMs estimation may disrupt phase relations among input sig-
nals and the time-averages used to estimate speech and noise SCMs
may not be optimal for beamformer performance even though the
estimated signals are close to the ground truth. In this letter, we
propose a deep beamforming approach which estimates factors of
the MVDR beamformer using a DNN to circumvent the difficulty
of the speech and noise SCM estimation. We formulate the MVDR
beamformer as a factorized form related to two complex factors and
estimate them using a DNN with a cost function comparing beam-
formed signal and the original clean speech. Experimental results
showed that the proposed factorized MVDR beamformer could
mimic the characteristics of the MVDR beamformer with true rela-
tive transfer function and noise SCM and outperformed the MVDR
beamformer with deep learning-based pre- and post-processing in
terms of the perceptual evaluation of speech quality scores.

Index Terms—Multi-channel speech enhancement, deep
learning-based beamforming, factorized MVDR beamformer.

I. INTRODUCTION

S PEECH enhancement has been a crucial part of the speech
communication and speech recognition systems [1], [2],

[3]. Unlike single-channel speech enhancement which utilizes
spectro-temporal characteristics of the input signal to estimate
clean speech, multi-channel speech enhancement can also ex-
ploit spatial information from multiple microphones to achieve
better performance. One of the popular approaches to multi-
channel speech enhancement was the beamformer, such as the
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minimum-variance distortionless response (MVDR) and the
generalized eigenvalue (GEV) beamformers [4], [5], [6]. The
outputs of the beamformers are often further enhanced by single-
channel postfilters [3], [7], [8] [9], [10].

Deep learning approaches have shown impressive perfor-
mance for single-channel speech enhancement [11], [12], [13],
[14], [15], [16], [17], [18], [19], [20]. Inspired by this suc-
cess, there have been efforts to utilize deep learning techniques
for multi-channel speech enhancement including beamforming.
Deep learning-based beamforming may be classified into two
categories: the filter estimation approach [21], [22], [23], [24]
which uses a deep neural network (DNN) to estimate the beam-
former directly, and the parameter estimation approach [23],
[24], [25], [26], [27], [28], [29], [30], [31], [32], [33], [34],
[35], [36] which adopts a DNN to estimate the parameters of
a beamformer such as the speech and noise spatial covariance
matrices (SCMs). [23] and [24] compared these two approaches
experimentally and concluded that the latter could achieve
better speech quality. Several studies have applied the deep
learning-based parameter estimation approach to the MVDR
beamformer [25], [26], [27], [28], [29], [30], [31], [32], [33], [34]
and the GEV beamformer [34], [35], [36]. Early approaches [25],
[26], [27], [34], [35], [36] only take the magnitude spectrogram
as the input of DNNs, while [28] also takes the interchannel
phase differences to estimate spectral masks to be used for
SCMs estimation. The SCMs can also be estimated with the
signals enhanced by a DNN that estimates complex short-time
Fourier transform (STFT) coefficients of clean speech [29],
[30], [31], [32], [33]. This complex spectral mapping approach
outperformed the masking-based ones in [30], [31], and [33].

The speech and noise SCMs are usually estimated with time-
averages [23], [24], [25], [26], [27], [28], [29], [30], [31], [32],
[33], [34], [35], [36], which may not be optimal for beamformer
performance. Also, the complex spectral mapping [29], [30],
[31], [32] may distort the phase relation between microphone
signals, degrading performance without further postprocessing
as can be seen in [30], [32], and [33]. In this letter, we propose
a deep beamforming approach to circumvent the difficulty of
the SCM estimation by factorizing the MVDR beamformer and
estimating the factors using a DNN. Experimental results show
that the proposed deep learning-based beamformer behaved
in a similar way to the MVDR beamformer with the ground
truth relative transfer function (RTF) and the noise SCM, and
outperformed the MVDR beamformer with deep learning-based
pre- and post-processors.
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II. DEEP LEARNING-BASED MVDR BEAMFORMERS

When we assume that a target source does not move within
each utterance, noisy signals observed at P microphones can be
formulated in the STFT domain as:

y(m, k) = r(k)sq(m, k) + h(m, k) + u(m, k)

= s(m, k) + n(m, k) (1)

where sq(m, k) is the desired signal observed at the reference
microphone q for frame m and frequency k and r(k) is the RTF
for the direct-paths given by

r(k) =
d(k)

dq(k)
=

[
d1(k)

dq(k)
. . . 1

(
=

dq(k)

dq(k)

)
. . .

dP (k)

dq(k)

]T
(2)

in which d(k) is the acoustic transfer functions for the direct-
path signals from the target source to the microphones. y(m, k),
s(m, k) = r(k)sq(m, k), and n(m, k) = h(m, k) + u(m, k)
are the STFT vectors of the noisy, direct-path, and noise signals
which are the addition of the reverberation h and background
noise u. The purpose of beamformer w is to estimate sq from
the noisy STFT vector y as:

ŝq(m, k) = wH(k)y(m, k). (3)

One of the popular types of beamformer is the MVDR [25],
[26], [27], [28], [29], [30], [31], [32], [33], [34]. MVDR beam-
former is designed to minimize noise variance with a constraint
on distortionless response of the desired signal, i.e.,

wMVDR(k) = arg min
w(k)

wH(k)Φnn(k)w(k)

subject to wH(k)r(k) = 1, (4)

in which Φnn(k) is the noise SCM defined as

Φnn(k) = E[n(m, k)nH(m, k)]. (5)

The resulting beamformer is

wMVDR(k) =
Φ−1

nn (k)r(k)

rH(k)Φ−1
nn (k)r(k)

. (6)

To implement the MVDR beamformer, Φnn(k) and r(k) need
to be estimated. Φnn(k) and the speech SCM, Φss(k), can be
estimated using masking weights or estimated noise and speech.
With the masking weights λ̂n(m, k) obtained by using statistical
models [37] or DNN [34], Φnn(k) can be estimated as

Φnn(k) =

∑M
m=1 λ̂n(m, k)y(m, k)yH(m, k)∑M

m=1 λ̂n(m, k)
(7)

where M is the total number of frames in an utterance. Φss(k),
which is defined as

Φss(k) = E[s(m, k)sH(m, k)], (8)

can be estimated similarly, or simply by subtractingΦnn(k) from
Φyy(k) =

1
M

∑M
m=1 y(m, k)yH(m, k). An alternative way is to

obtain the enhanced signal ŝ(m, k) and n̂(m, k) = y(m, k)−
ŝ(m, k) first, and then estimate Φss(k) and Φnn(k) as

Φ̂ss(k) =
1

M

M∑
m=1

ŝ(m, k)ŝH(m, k) (9)

Φ̂nn(k) =
1

M

M∑
m=1

n̂(m, k)n̂H(m, k). (10)

Once the Φ̂ss(k) is obtained, r(k) can be estimated as [29], [30],
[31], [32], [33]

r̂(k) =
d̂(k)

d̂q(k)
(11)

d̂(k) = P{Φ̂ss(k)} (12)

where P{A} is the principal eigenvector of A. The signals
used for SCM estimation and output of the beamformers can
be enhanced by applying deep learning-based techniques [29].
In [29], the P signals used to estimate speech and noise SCMs
are enhanced separately or jointly using one or all microphone
signals, using single-input single-output (SISO), multi-input
single-output (MISO), or multi-input multi-output (MIMO)
DNNs. The output of the beamformer is further enhanced by
another DNN that takes the beamformer output and the signal
from a reference microphone (SISO) or the beamformer output
and microphone signals (MISO). Those networks are trained to
minimize the following cost function on the real and imaginary
parts and magnitude spectra:

L = ‖|ŝq| − |sq|‖1 + ‖Real(ŝq)− Real(sq)‖1
+ ‖Imag(ŝq)− Imag(sq)‖1. (13)

The speech and noise SCMs used in the beamformer are esti-
mated using (9) and (10) in which ŝ(m, k) is the output of the
SISO, MISO, or MIMO DNN.

III. PROPOSED DEEP LEARNING-BASED FACTORIZED MVDR
BEAMFORMER

The most important information in the signals used to con-
struct the MVDR beamformer would be the phases, but complex
spectral mapping using SISO, MISO, or MIMO DNNs may
disrupt the phase information. Also, the speech and noise SCMs
estimated with time-averages in (9) and (10) would not be
optimal even when ŝ(m, k) is very close to s(m, k). It results in
sub-optimal performance of the MVDR beamformer, although
the postfiltering with a SISO or MISO DNN may relieve it to an
extent with an additional computational burden.

In this letter, we circumvent the difficulty of the speech and
noise SCMs estimation by factorizing the MVDR beamformer
and estimate two factors using a DNN. The MVDR beamformer
in (6) can be rewritten as

wMVDR(m, k)

=
Φ−1

nn (m, k)r(m, k)

rH(m, k)Φ−1
nn (m, k)r(m, k)

=
Φ−1

nn (m, k)d(m, k)

dH(m, k)Φ−1
nn (m, k)d(m, k)

d∗q(m, k)

=
(dH(m, k)Φ−1

nn (m, k)d(m, k))H

|dH(m, k)Φ−1
nn (m, k)d(m, k)|2 d∗q(m, k)

Φ−1
nn (m, k)d(m, k)

=
(Φ−1

nn (m, k)d(m, k))H

|dH(m, k)Φ−1
nn (m, k)d(m, k)|d(m, k)d∗q(m, k)·

Φ−1
nn (m, k)d(m, k)

|dH(m, k)Φ−1
nn (m, k)d(m, k)|

= wH
1 (m, k)w2(m, k)w1(m, k) (14)
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where

w1(m, k) =
η1(m, k)√|η2(m, k)|

Φ−1
nn (m, k)d(m, k)

|dH(m, k)Φ−1
nn (m, k)d(m, k)|

(15)

w2(m, k) =
|η2(m, k)|
|η1(m, k)|2d(m, k)d∗q(m, k), (16)

in which η1(m, k) and η2(m, k) are complex scalars, respec-
tively. We propose to use a deep learning model to estimate
w1(m, k) and w2(m, k) with a cost function in (13), in which
ŝq(m, k) is obtained by the factorized MVDR (FMVDR) beam-
former in (14) possibly with a MISO postfilter. It is noted
that η1(m, k) and η2(m, k) are introduced as there are no
constraints on the DNN outputs ŵ1(m, k) and ŵ2(m, k) and
thus an arbitrary scaling factor can be applied as long as
ŵH

1 (m, k)ŵ2(m, k)ŵ1(m, k) is the same. With two DNN out-
puts, the FMVDR beamformer becomes

ŵFMVDR(m, k) = ŵH
1 (m, k)ŵ2(m, k)ŵ1(m, k). (17)

In contrast to the conventional SISO/MISO preprocessors for
which the loss functions were on the signals or masks used for
SCMs estimation, we can train the FMVDR beamformer using
the loss function on the beamformer output because of the simple
form in (17) which does not involve a matrix inversion and eigen
decomposition in (6), (11) and (12).

IV. EXPERIMENTS

A. Experimental Setup

We have simulated different acoustic environment for each ut-
terance in the training and test sets using the image method [38].
The dimension of the room, Lx, Ly , and Lz , were randomly
selected from [5, 10] m, [5, 10] m, and [2, 4] m, respectively.
The reverberation time (RT60) was selected from [0.2, 1.2] s.
The microphone array was located at 〈Lx

2 + ax, Ly

2 + ay , az〉
in which ax, ay , and az were randomly selected from [−0.5,
0.5] m, [−0.5, 0.5] m, and [1, 2] m. The geometry of the
array was configured according to the 4 microphones out of
6 used for the CHiME-3 challenge [39] excluding the 3rd and
6th microphones, which resulted in a rectangular shaped array
with microphone distances of 10 cm, 19 cm, and 21.47 cm.
We used the top left microphone as the reference microphone.
The distance from the target speaker to the array was randomly
selected in [0.2, 2] m, while that from the competing talker was
set to be twice the distance for the target speaker. The azimuths
for the target and competing speakers were randomly configured
and the heights of them were the same as that for the array. It is
noted that the target speaker and the competing talkers were at
least 0.5 m away from the wall.

The training and validation sets were generated by ran-
domly selecting utterances from the training set of the TIMIT
database [40] and mixing each of them with a directional inter-
ference from the same database and/or diffuse noise generated
using the arbitrary noise field generator [41] from Buccaneer1,
Destroyer ops, Factory2, Hf channel, Leopard, M109, Machine
gun, Pink, Volvo, and White noises from the NOISEX-92 cor-
pus [42] and Airport, Babble, Restaurant, and Street noises from
the Aurora 2 database [43]. One third of the utterances were

TABLE I
CRNN ARCHITECTURE FOR THE FMVDR BEAMFORMER

mixed with diffuse noises, another one third were contaminated
by directional interferences, and the final one third were mixed
with both diffuse and directional noises. The test set was con-
structed by adding diffuse noises and/or one or four directional
competing talkers to the desired speech sampled from the core
test set of the TIMIT database. The diffuse noise signals were
generated from Buccaneer2 and Destroyer engine noises from
the NOISEX-92 corpus and F16, Factory1, Car, Exhibition,
Subway, and Train noises from the Aurora 2 database. The
SNR levels for the diffuse noises and each of the competing
talkers were randomly selected from [0, 25] dB and [5, 25] dB,
respectively, for all datasets. The training, validation, and test
sets consisted of 180,000, 20,000, and 20,000 utterances, respec-
tively. The sampling rate was 8 kHz. The 256 point STFT with a
Hann window was applied with the frame shift of 128 samples.

We used the convolutional recurrent neural network
(CRNN) [44], [45] as the deep learning model to estimate
w1(m, k) and w2(m, k). The architecture of the CRNN was
similar to CRN-a in [45] with some modifications as shown
in Table I. The Conv2d and the Deconv2d stand for the 2-
dimensional convolutional and deconvolutional layers, respec-
tively. The Input size and the Output size are specified as
featureMaps × Frames × frequencyChannels and the Hyperpa-
rameters are described as (kernelSize, strides, outChannels) in
which kernelSize of Conv2D is specified as (the number of
frames) × (the number of frequency channels) used for con-
volution. The skip connection was used in each Deconv2d layer.
The architectures of the MISO pre- and post-processors for
the baseline systems were the same as the proposed system
except for the output featureMaps, which was 2, and the input
featureMaps, which were 2P and 2(P+1) for the preprocessor
and the postfilter, respectively. All CRNN models were trained
using the Adam optimizer with a learning rate of 0.0002 during
100 epochs. The mini-batch size was set to 16 and lengths of
all utterances in one mini-batch were zero-padded to be the
same with that of the longest utterance. The models with best
performance for the validation set were used in the evaluation.

To evaluate the proposed method, the MVDR beamformers
using a deep learning-based MISO preprocessor with and with-
out a MISO postfilter were used as baselines [29]. It is noted that
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Fig. 1. wH(k)r(k) at 300 Hz to check distortionless response constraint for
the proposed FMVDR beamformer (top panel) and gains of the oracle MVDR
and FMVDR beamformers averaged over all frequencies (bottom panel).

Fig. 2. Beampatterns of the oracle MVDR and proposed FMVDR beamform-
ers steered to azimuth 270◦ for 1 kHz (left) and 2 kHz (right), respectively.

we did not use the MIMO preprocessor for beamforming because
its performance was comparable to that of MISO, despite of
much more parameters [29]. We have tested the MVDR beam-
former with the SISO pre- and post-processors which have the
same structures with the MISO ones except the input and output
featureMaps, but the performance was worse than the one with
MISO pre- and post-processors. We used the perceptual evalua-
tion of speech quality (PESQ) scores [46] as evaluation metrics.

B. Experimental Results

Firstly, We have investigated whether the FMVDR
beamformer could mimic the characteristics of the oracle
MVDR beamformer. The oracle MVDR beamformer was
constructed by (6) with the ground truth RTF r(k) and Φnn(k)
estimated by temporal smoothing of the true noise signal.
wH(k)r(k) = 1 is the distortionless response constraint
of the MVDR beamformer, and Fig. 1 demonstrates that
wH

FMVDR(k)r(k) ≈ 1 when speech was present. We can also see
that the average gains for the oracle MVDR and the FMVDR
beamformers were almost identical from the bottom panel of
Fig. 1. Fig. 2 illustrates the beampatterns of the oracle MVDR
and the FMVDR beamformers for 1 kHz and 2 kHz, which were
also very similar. From these figures, we may conclude that the
proposed FMVDR beamformer behaved in a similar way to the
MVDR beamformer with true RTF and noise covariance matrix
although the cost function to train the FMVDR beamformer
was only for the output signals as in (13).

Next, we compared the average PESQ scores of the
MVDR beamformers with deep learning-based pre- and post-
processing, and the proposed FMVDR beamformer with and

TABLE II
AVERAGE PESQ SCORES FOR THE MVDR BEAMFORMER WITH DEEP

LEARNING-BASED PRE-AND POST-PROCESSING AND THE PROPOSED FMVDR
BEAMFORMER WITH AND WITHOUT POSTPROCESSING FOR VARIOUS NOISE

CONDITIONS

without a postfilter. Table II summarizes the results for various
noise conditions including diffuse noises only (D), one and
four competing talkers only (C1 and C4), and both diffuse and
competing talkers (D+C1 and D+C4), along with the perfor-
mance of the deep learning-based enhancement module without
the beamformer and the oracle MVDR beamformer with the
ground truth r(k) and Φnn(k). The number of parameters for
each of the MISO spectral mapping, pre- and post-processors,
and FMVDR is about the same as 29.36 M. Without postfil-
tering, the MVDR beamformer with MISO deep learning-based
preprocessing showed inferior performance to the deep learning-
based spectral mapping without beamformer for all test sets,
and similar results were reported in [30], [32], and [33]. It
may be due to the phase distortion incurred by deep learning-
based preprocessors or inaccurate SCM estimation. Another
reason may be that MISO spectral mapping could represent
nonlinear relation, while beamformers with deep learning-based
preprocessors essentially performed linear filtering. The MVDR
beamformer with MISO pre- and post-processors showed bet-
ter performance than MISO spectral mapping. The proposed
FMVDR beamformer outperformed the MVDR beamformer
with MISO pre-and post-processors although it applied linear
filtering and has fewer parameters. It exhibited further improved
performance with a MISO postfilter, although still there was a
room for improvement to reach the performance of the oracle
MVDR beamformer. We have also applied the proposed and
competing methods to the real recorded data in the CHiME-3
challenge test dataset [39] and obtained improved results in an
informal subjective test. Some of the resulting samples, along
with samples for simulated data, block diagrams, and the short-
time objective intelligibility (STOI) [47] for the test data, are
available on the demo page (https://sapl.gist.ac.kr/fmvdr_demo/
fmvdr_demo.html).

V. CONCLUSION

In this letter, we propose a deep learning-based beamforming
approach to circumvent the difficulty of the speech and noise
SCMs estimation without introducing phase distortion in the
beamformer input. We have factorized the MVDR beamformer
and estimated two factors using a DNN. Experimental results
demonstrated that the proposed FMVDR beamformer behaved
in a similar way to the MVDR beamformer with true RTF and
noise SCM, and outperformed the MVDR beamformer with
deep learning-based MISO pre- and post-processing in terms
of PESQ scores.
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