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ABSTRACT

Fast and accurate estimation of the spatial covariance matri-
ces (SCMs) for speech and noise is crucial for spatial filtering
to enhance noisy speech when sound sources are moving.
Self-attention-based time-varying minimum variance distor-
tionless response (MVDR) filter (ATT-MVDR) was proposed
which aggregates frequency-wise instantaneous SCMs (IS-
CMs) across frames using attention weights for those frames.
While the idea of summarizing ISCMs for only relevant
frames was effective, the same weight is applied to all fre-
quency bands for each frame, although the local signal-to-
noise ratios can differ across frequencies. In this paper, we
propose a subband-wise attention-based neural MVDR filter,
which determines the attention weights for each subband sep-
arately to deal with the cases when the spatial information is
reliable in only a subset of subbands. We have also adopted a
multi-channel mask estimator based on the Embedding-based
Mask Network (EMNet) to exploit spatial information also
in the mask estimation stage. Experiments on moving-source
mixtures showed the proposed method achieved comparable
or better speech quality and automatic speech recognition
performance with a smaller number of parameters.

Index Terms— Speech enhancement, MVDR filter, spa-
tial covariance matrix, moving speech sources, self-attention

1. INTRODUCTION

One of the representative techniques to enhance noisy speech
signals from multiple microphones is beamforming, which
applies a linear spatial filter optimizing a certain criterion [1,
2]. Although linear spatial filtering such as the minimum vari-
ance distortionless response (MVDR) beamforming cannot
suppress the interference signals more than a certain level,
it does not introduce any nonlinear distortion to the desired
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speech and thus is useful for some applications such as auto-
matic speech recognition (ASR) [3, 4, 5]. The spatial filter is
often determined by spatial covariance matrices (SCMs) for
desired speech and noise. Recent approaches utilized deep
neural networks (DNNs) to estimate parameters for the spatial
filters or post-filters following them. Unlike the end-to-end
neural multi-channel speech enhancement (MCSE) which di-
rectly estimates clean speech from multi-channel noisy obser-
vations [6, 7, 8], DNN-based MCSE approaches with spatial
filters adopted the DNNs to estimate masks to obtain signals
necessary for the SCMs estimation [5, 9, 10, 11, 12], acoustic
or statistical parameters for the parameter estimation [13, 14,
15], or the beamformer coefficients directly [16, 17]. The esti-
mation of the SCMs inevitably involves a certain form of the
temporal aggregation of the statistics over multiple frames,
which may not be straightforward for moving source scenar-
ios. Conventional recursive or block-wise approaches esti-
mate time-varying SCMs using a predefined forgetting factor
or block size. In [18], the forgetting factor is estimated along
with the time-frequency masks, but still the statistics in the
distant frames with the same spatial location cannot be uti-
lized.

To address this limitation, an attention-based MVDR filter
(ATT-MVDR) [11] was proposed, which aggregates spatial
cues in the time frames with self-attention weights and thus
can deal with moving sources. However, the spectral masks
to estimate instantaneous SCM estimates (ISCMs) are based
on each individual microphone signals, and more importantly,
the same attention weight is applied to all frequency bins in
a certain frame although the signal-to-noise ratios (SNRs) in
the frequency bins can differ significantly. Because speech
and many of the interfering signals are sparse in the time-
frequency (TF) domain, the spatial information for a source
may be preserved in some frequency bins while it is deterio-
rated in other bins for the same time frame.

A few attempts have been made to improve the ATT-
MVDR. In [12], nonlinear attention-based MVDR filters
in which the SCMs (NL-ATT-MVDR) or the scaled in-
verse of the SCMs (IC-MVDR) are directly estimated by
the neural networks were compared with the ATT-MVDR.
ABIC-MVDR was proposed in [4] which adopts a single
network to estimate both the masks to compute ISCMs and



the frequency-wise attention weights from the complex short-
time Fourier transform (STFT) coefficients for multiple mi-
crophone signals. While it alleviates main drawbacks of the
ATT-MVDR, the attention weights are computed directly
from the multi-mic signals instead of ISCMs which may
make it difficult to put higher weights for the frames with
similar spatial characteristics.

In this paper, we propose a subband-wise attention-based
neural MVDR filter (SB-ATT-MVDR) in which the subband-
wise attention weights are estimated from the ISCMs obtained
using multichannel Embedding-based Mask Network (EM-
Net). Subband-wise attention enables band-selective atten-
tion to the TF bins in which spatio-spectral cues for the source
are retained and also reduces the number of parameters for the
SCM estimation, while the multichannel mask estimator can
exploit spatial diversity of source positions. Experimental re-
sults showed that the proposed SB-ATT-MVDR demonstrated
comparable or better speech quality and ASR performance
with only 2.7M parameters.

2. THE ATTENTION-BASED MVDR FILTER

We consider a dynamic acoustic environment in which the tar-
get source moves within an utterance. The noisy signals cap-
tured by C microphones in the TF domain, Y(t, f) ∈ CC×1,
are modeled as

Y(t, f) = H(t, f)S(t, f) +N(t, f), (1)

where H(t, f) ∈ CC×1 denotes time-varying acoustic trans-
fer functions (ATFs) from the position of the desired speaker
at time t to the microphones, and S(t, f) and N(t, f) repre-
sent the complex STFT coefficients of the clean speech and
noise including directional interferences, respectively. The
goal of the linear spatial filtering is to find a filter w(t, f) ∈
CC×1 which is applied to Y(t, f) to estimate S(t, f), i. e.,

Ŝ(t, f) = wH(t, f)Y(t, f). (2)

Souden et al. [19] proposed the MVDR filter given by

wMVDR(t, f) =
(ΦN(t, f))−1ΦS(t, f)

Tr[(ΦN(t, f))−1ΦS(t, f)]
u, (3)

where ΦS(t, f) ∈ CC×C and ΦN(t, f) ∈ CC×C represent
the SCMs of the desired signal and noise, respectively, and
u ∈ CC is a one-hot vector corresponding to the reference
microphone, which is equivalent to the MVDR beamformer
when ΦS(t, f) is of rank one. Mask-based MVDR filters [9,
10, 20, 11, 12] utilize DNNs to estimate TF masks required
to obtain signal and noise SCMs. The ISCM Ψν(t, f) for
the source ν, which is either desired speech or noise, can be
expressed as

Ψν(t, f) = mν(t, f)Y(t, f)Y(t, f)H, (4)

where mν(t, f) is the mask for the source ν estimated by a
DNN. Then, the SCM for the source ν, Φν(t, f), can be ob-
tained as a weighted summation of the ISCMs:

Φν(t, f) =

T∑
t′=1

Aν
f (t, t

′)Ψν(t′, f), (5)

in which Aν
f (t, t

′) denotes the contribution of the ISCM for
the frame t′ to the SCM estimate at the frame t and the fre-
quency bin f .

Unlike conventional schemes that predetermineAν
f (t, t

′) =
Aν(t, t′) so that (5) becomes recursive smoothing or moving
average, ATT-MVDR [11] computes frame-wise weights ap-
plied to all frequencies as a function of the input data using
the attention mechanism. The ISCMs Ψν(t, f) ∈ CC×C

in all F frequencies are first flattened to form a 2FC2 di-
mensional real-valued vector ψν(t) which is then squeezed
into a D-dimensional vector Eν,0(t) by a single linear layer.
Eν,0 = {Eν,0(t)}Tt=1 ∈ RT×D is then processed by I Trans-
former encoder layers.

ψν(t) = Flatten({Ψν(t, f)}Ff=1) ∈ R2FC2

, (6)

Eν,0(t) = Linear(ψν(t)) ∈ RD. (7)

The encoder outputs are then passed to an attention module;
we denote the whole mapping by NN(· ;Λν) with trainable
parameters Λν , yielding the temporal attention matrix Aν =
NN({ψν(t)}Tt=1;Λ

ν) ∈ RT×T ; its weights are applied in (5)
to obtain the speech and noise SCMs, from which the ATT-
MVDR filter follows via (3).

3. PROPOSED SUBBAND-WISE
ATTENTION-BASED MVDR BEAMFORMER

As discussed in Section I, ATT-MVDR has two key limita-
tions: single-channel mask estimation and frequency-agnostic
temporal attention weights. The latter is particularly limit-
ing because frequency-domain MVDR is a narrowband beam-
former, whereas ATT-MVDR applies a single temporal atten-
tion matrix to all frequency bins. Since local target-to-noise
dominance, and thus the temporal frames useful for SCM ag-
gregation, can vary across frequency regions, SCM estimation
benefits from frequency-dependent temporal weighting. We
therefore generalize attention-based SCM estimation by es-
timating temporal attention weights separately for subbands
while applying them to frequency-wise ISCMs, and instanti-
ate this framework as the subband-wise attention-based neural
MVDR filter (SB-ATT-MVDR). Furthermore, we propose the
Embedding-based Mask Network (EMNet), which extends
the single-channel mask estimation to multi-channel through
an embedding extraction module that captures inter-channel
spatial information. The effectiveness of the proposed SB-
ATT-MVDR is validated in Section IV.



Table 1: Objective evaluation results on the moving source dataset.

Model Param. (M) GMAC/s PESQ-nb PESQ-wb STOI SDR WER
Noisy - - 1.90 1.34 0.83 4.93 28.07

ConvTasNet 8.8 2.84 2.93 2.31 0.93 13.38 16.93
- ATT-MVDR 38.0 4.73 2.98 2.58 0.95 15.98 11.72
- NL-ATT-MVDR 40.6 4.87 3.15 2.63 0.95 15.45 13.96
- IC-MVDR 40.6 4.87 3.13 2.65 0.95 15.41 13.87
- SB-ATT-MVDR 10.2 5.01 3.17 2.73 0.96 16.17 12.03

ABIC-MVDR 0.35 4.01 3.20 2.78 0.97 16.68 8.21
EaBNet 2.83 7.35 3.28 2.86 0.97 16.31 7.94

EMNet 1.28 3.04 3.35 2.84 0.96 15.58 7.76
- ATT-MVDR 30.5 4.98 3.16 2.82 0.97 17.29 7.49
- NL-ATT-MVDR 33.1 5.11 3.42 2.96 0.97 17.22 7.97
- IC-MVDR 33.1 5.11 3.37 2.94 0.97 16.97 7.96
- SB-ATT-MVDR 2.7 5.25 3.34 2.97 0.97 17.43 7.69

3.1. The generalized attention-based SCM estimation

Let N denote the number of subbands and Gn the number
of frequency bins in subband n. With B0 = 0 and Bn =∑n

k=1Gk, Fn = {Bn−1+1, . . . , Bn} denotes the frequency
bins assigned to subband n, n = 1, . . . , N . Building upon
(5), we constrain the frequency-indexed weight to be shared
within each subband, Aν

f (t, t
′) = Aν

n(t, t
′) for f ∈ Fn, and

estimate one attention matrix per subband. The spatial em-
bedding of subband n at frame t is defined as:

ψν
n(t) = Flatten ({Ψν(t, f)}f∈Fn

) ∈ R2GnC
2

, (8)

Eν,0
n (t) = Linearn(ψ

ν
n(t)) ∈ RD (9)

This subband projection reduces the input dimension of
each linear layer from the full-band size 2FC2 in (7) to
2GnC

2. For each subband n, the same estimator produces
Aν

n ∈ RT×T :

Aν
n = NN

(
{ψν

n(t)}Tt=1;Λ
ν
)
∈ RT×T . (10)

Substituting the subband-sharing constraint into (5), the final
SCM is obtained as:

Φν(t, f) =

T∑
t′=1

Aν
n(t, t

′)Ψν(t′, f), f ∈ Fn. (11)

Setting N = 1 with F1 = {1, . . . , F} reduces this formula-
tion to the SCM estimator of ATT-MVDR.

3.2. Subband-wise Attention-based MVDR beamformer

SB-ATT-MVDR uses subband-specific temporal attention
weights to aggregate frequency-wise ISCMs before deriving
the MVDR beamforming weights. For 16 kHz sampled sig-
nals, the frequency bins are grouped into three ranges: low
(0–2 kHz, Gn = 8), mid (2–4 kHz, Gn = 16), and high (4–8
kHz, Gn = 32), resulting in N = 16+ 8+ 8 = 32 subbands.
This subband configuration reflects that local target-to-noise

dominance can vary across frequency regions. We there-
fore use smaller Gn values in lower frequency regions and
larger Gn values in higher frequency regions, yielding finer
subbands at low frequencies and coarser subbands at high
frequencies. Within each frequency range, subbands with the
same Gn share the corresponding linear projection layer. The
effectiveness of this configuration is validated in Section IV-
C.

3.3. Embedding-based mask estimator

A fundamental element of mask-based beamforming involves
the accurate estimation of speech and noise masks from
multi-channel observations, which facilitates the derivation
of reliable spatial statistics. Specifically, an all-neural causal
DNN-based beamformer introduced in [16] for multi-channel
speech enhancement has demonstrated robust performance
across diverse SNR conditions. This architecture incorporates
an Embedding Module (EM), which utilizes an ”Encoder-
TCN-Decoder” topology to encode multi-resolution features
into a 3D embedding tensor, along with a Beamforming Mod-
ule (BM) to compute framewise weights. In the proposed
framework, we leverage the EM, which is designed to encode
multi-channel spatial information, to transform multi-channel
noisy speech into low-dimensional 3D embeddings that cap-
ture essential target speech characteristics. Subsequently, the
target speech mask is estimated via the mask decoder archi-
tecture adapted from CMGAN [21], which has demonstrated
strong performance in single-channel SE. By processing
multi-channel inputs, EMNet captures inter-channel spatial
cues such as directional information of the source, producing
spatially informed masks that better reflect source movement
compared with single-channel mask estimators. Formally,
EMNet takes the multi-channel observation Y ∈ CC×T×F

as input and estimates the reference-channel speech mask
m̂ν(t, f) = EMNet(Y; Θ), where Θ denotes the trainable
parameters.



Table 2: Objective results for the moving datasets with causal
settings.

Model PESQ-nb PESQ-wb STOI SDR WER

Noisy 1.90 1.34 0.83 4.93 28.07

EaBNet 3.13 2.71 0.96 16.06 8.30
ABIC-MVDR 3.17 2.73 0.97 16.02 8.71
EMNet 3.27 2.75 0.96 15.32 8.53
- ATT-MVDR [11] 3.05 2.62 0.96 15.98 7.97
- NL-ATT-MVDR [12] 3.35 2.89 0.97 16.92 8.29
- IC-MVDR 3.29 2.85 0.97 16.63 8.32

- SB-ATT-MVDR 3.27 2.85 0.97 16.85 7.69

4. EXPERIMENTS

4.1. Baselines and model configuration

Following [11], the baseline mask estimator is a modified
ConvTasNet [22] using STFT/iSTFT [23] for mask esti-
mation. We employ Instance Normalization (IN) for the
experiments reported here. SB-ATT-MVDR uses I = 2
Transformer encoder layers with four attention heads; full
architectures, STFT settings, causal configurations, and cor-
responding results are provided on the demo page. ATT-
MVDR [11], NL-ATT-MVDR, and IC-MVDR [12] serve
as attention-based baselines. ABIC-MVDR [4] and EaBNet
[16] are included as lightweight attention-based and end-to-
end neural beamforming baselines, respectively.

4.2. Experimental configuration

Building upon [11, 12, 4], we simulated moving-source mix-
tures using gpuRIR [24] with WSJ0 speech [25] and a 5-
channel CHIME-3 microphone configuration [26]. Unlike
prior attention-based MVDR studies, we introduced a mov-
ing competing talker in addition to diffuse background noise,
with the target-to-interference-plus-noise ratio (SINR) rang-
ing from 0 to 10 dB and the interferer-to-diffuse-noise ratio
(INR) ranging from -10 to 10 dB. Following [11], all mod-
els except EaBNet minimized the scale-dependent SNR loss
[27] between the target and enhanced waveforms; EaBNet
instead used its original combined spectral-magnitude and
real–imaginary MSE loss [16]. All models were trained with
Adam and early stopping; detailed room geometry, source tra-
jectories, SINR and INR settings, and training configurations
are provided on the demo page.

4.3. Experimental results

To evaluate the proposed approach, we trained all models
on simulated moving source datasets, as summarized in Ta-
ble 1. We used Perceptual Evaluation of Speech Quality
(PESQ), Short-Time Objective Intelligibility (STOI), Signal-
to-Distortion Ratio (SDR), and Word Error Rate (WER) cal-
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Fig. 1: Attention weights and beampatterns of ATT-MVDR
and SB-ATT-MVDR at t = 4.67 s: (a) noisy spectrogram
with the analyzed time-frequency points, (b) local SINR,
target STFT magnitude, and speech/noise attention weight
maps, and (c) beampatterns at 2 and 3.5 kHz.

culated using Whisper-tiny [28] for evaluation, and compared
trainable parameters and GMACs for efficiency. Experimen-
tal results demonstrate that EMNet, as a standalone mask
estimator without beamforming, consistently outperforms the
ConvTasNet-based mask estimator across all objective mea-
sures with fewer parameters. While ConvTasNet struggles
to suppress interference from competing speech—leading to
a persistently high WER—EMNet suppresses the interfering
talker and background noise while preserving the moving
target speech under dynamic acoustic conditions.

To evaluate the effect of spatial filtering, the mask esti-
mator was alternated between ConvTasNet and EMNet under
identical beamforming backends (Table 1). The proposed
SB-ATT-MVDR integrated with EMNet achieves the highest
PESQ-wb and SDR with only 2.7M parameters, compared
with 30.5M for the EMNet-integrated ATT-MVDR. Although
its WER is slightly higher than that of EMNet-integrated
ATT-MVDR (7.69% vs. 7.49%), SB-ATT-MVDR preserves
robust enhancement with substantially higher parameter effi-
ciency.

We further evaluated the same attention-based beamform-
ing methods in causal settings, as shown in Table 2. For the
causal setting, the normalization in EMNet was changed to
cumulative layer normalization, and causal convolution was
applied. For attention-based MVDR beamforming methods, a
causal mask was applied to the weight coefficients to prevent
utilizing future information. EMNet alone achieves compet-
itive PESQ—surpassing the EMNet+ATT-MVDR combina-
tion in PESQ—demonstrating that the multi-channel mask
estimator effectively captures spatial cues without explicit
beamforming. In contrast, SB-ATT-MVDR improves all

https://sapl.gist.ac.kr/sb_att_mvdr/demo.html


metrics over ATT-MVDR while retaining the much smaller
parameter count reported in Table 1. Relative to NL-ATT-
MVDR, SB-ATT-MVDR gives slightly lower PESQ and
SDR, but achieves a lower WER.

Fig. 1 compares ATT-MVDR and SB-ATT-MVDR at two
representative time-frequency bins of the frame at t = 4.67 s.
Unlike ATT-MVDR, which applies a single temporal atten-
tion vector across all frequencies, SB-ATT-MVDR estimates
subband-specific weights. For example, in the speech-SCM
weight maps shown in panel (b), ATT-MVDR exhibits the
same temporal-weight pattern at 2 and 3.5 kHz, whereas
SB-ATT-MVDR exhibits distinct patterns for the correspond-
ing subbands. For SB-ATT-MVDR, the high local SINR
and large target-source STFT magnitude at 2 kHz coincide
with a pronounced speech-SCM attention peak at the se-
lected frame; at 3.5 kHz, where both quantities are lower,
the selected-frame weight is much smaller, and higher atten-
tion weights are assigned to other frames. Correspondingly,
at 2 kHz (local SINR: 28.8 dB), the two methods exhibit
similar beampatterns, with both showing a strong response
toward the target direction, while the proposed method shows
a slightly higher gain toward the interference direction. By
contrast, at 3.5 kHz (local SINR: -7.6 dB), ATT-MVDR
retains a higher response toward the target direction than
SB-ATT-MVDR. This contrast illustrates how subband-wise
attention allows the beamformer to adapt its spatial response
to frequency-dependent target dominance. The default sub-
band configuration, Gn = [8, 16, 32] over 0–2, 2–4, and
4–8 kHz ranges, was selected based on the demo page abla-
tion studies. The page also reports oracle-mask results across
the test set: target and noise gains by local SINR range, and
upper-bound performance. Temporal attention weights for
a source trajectory that revisits the same direction, where
distant frames share spatial characteristics, are also shown
there.

5. CONCLUSION

In this paper, we proposed SB-ATT-MVDR, which estimates
subband-specific temporal attention weights for SCM aggre-
gation. We also introduced EMNet, a multi-channel mask es-
timator that encodes multi-channel observations into compact
spatial embeddings. By avoiding a single full-band temporal
attention matrix, SB-ATT-MVDR applies subband-specific
temporal weights to frequency-wise ISCM aggregation while
reducing the parameter count of the SCM estimators. Ex-
perimental results on the moving source datasets show that
SB-ATT-MVDR with EMNet achieves strong PESQ, STOI,
and SDR scores while maintaining competitive word error
rates, using 2.7M trainable parameters with comparable com-
putational complexity.
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