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Abstract
Multichannel speech enhancement is widely used as
a front-end in microphone array processing systems.
While most existing approaches produce a single
enhanced signal, direction-preserving multiple-input
multiple-output (MIMO) methods instead aim to pro-
vide enhanced multichannel signals that retain di-
rectional properties, enabling downstream applica-
tions such as beamforming, binaural rendering, and
direction-of-arrival estimation. In this work, we pro-
pose a fully blind, direction-preserving MIMO speech
enhancement method based on neural estimation of
the spatial noise covariance matrix. A lightweight On-
lineSpatialNet estimates a scale-normalized Cholesky
factor of the frequency-domain noise covariance, which
is combined with a direction-preserving MIMO Wiener
filter to enhance speech while preserving the spatial
characteristics of both target and residual noise. In
contrast to prior approaches relying on oracle informa-
tion or mask-based covariance estimation for single-
output systems, the proposed method directly tar-
gets accurate multichannel covariance estimation with
low computational complexity. Experimental results
show improved speech enhancement, covariance esti-
mation capability, and performance in downstream
tasks over a mask-based baseline, approaching oracle
performance with significantly fewer parameters and
computational cost.
Keywords: Covariance Estimation, Microphone Array,
Multiple-Input Multiple-Output Wiener Filter, Neural Net-
work, Speech Enhancement

1. Introduction
Microphone array–based speech enhancement is a key
building block in modern audio systems and hearing
aids, enabling robust operation in noisy and reverber-
ant environments. Most common are multiple-input
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single-output (MISO) approaches that estimate a sin-
gle enhanced output signal, for example using beam-
forming or multichannel Wiener filtering [1]. While
effective for tasks such as speech communication or
recognition, this paradigm limits the flexibility of sub-
sequent processing stages that rely on directional char-
acteristics of the sound field. In contrast, direction-
preserving MIMO speech enhancement aims to pro-
duce enhanced multichannel signals in which both
target and residual components retain their spatial
structure [2]. This is particularly beneficial for appli-
cations such as binaural rendering and spatial audio,
and also supports downstream tasks like adaptive
beamforming and direction-of-arrival estimation.
Despite its importance, direction-preserving MIMO
speech enhancement has received limited attention.
Early formulations [2] provide a MIMO Wiener filter-
ing framework in the Ambisonics domain, but rely on
strong assumptions such as oracle knowledge of the
frequency-domain noise covariance. Extensions oper-
ate directly on microphone signals, yet still depend
on oracle knowledge of spatial noise coherence and
reverberation time [3]. Other works study specific as-
pects, such as masking-based approaches or covariance
structures of a desired source, often under idealized
conditions or with oracle information [4], [5]. A more
recent learning-based approach demonstrates spatially
consistent multichannel enhancement and source sepa-
ration, but is restricted to Ambisonics representations
and computational costly [6].
In this work, we instead aim to provide a learning-
based direction-preserving MIMO speech enhancement
method that directly operates on microphone signals,
does not require oracle knowledge, and limits the com-
putational expense of the neural network by reducing
the learning task to the estimation of a frequency-
domain noise covariance. Building on [3], we employ
a direction-preserving MIMO Wiener filter and re-
place the oracle components with a neural covariance
estimator.
Existing neural covariance estimators for speech en-
hancement are typically based on single- or multi-
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channel masks. Single-channel mask–based methods
estimate a shared mask across microphones to isolate
target or noise components and derive covariance ma-
trices for beamforming [7], [8]. While lightweight and
robust, they may be limited in spatial and temporal
modeling capacity. Extensions incorporate recurrent
or attention-based modules to capture temporal dy-
namics [9], [10], but remain focused on single-output
enhancement, leaving the spatial quality of the esti-
mated covariance for MIMO use unclear. Multichan-
nel mask–based methods estimate channel-dependent
masks and obtain covariances via temporal averag-
ing [11]. Also, alternative non-mask approaches have
been proposed [12], however, these methods still col-
lapse the spatial dimension and are trained for single-
output objectives.
This contribution targets spatial covariance estimation
for multichannel output to enable direction-preserving
MIMO enhancement. We employ the OnlineSpatial-
Net architecture [13], which is specifically designed to
model spatial information in online multichannel au-
dio tasks, and train it to estimate a frequency-domain
noise covariance. We compare against the mask-based
neural integrated covariance estimator (NICE) [9] un-
der the same training setup to assess potential advan-
tages of a network architecture that is specifically de-
signed to model spatio-temporal statistics. Exploiting
the model-based direction-preserving MIMO Wiener
filter for stability, interpretability, robustness, and
explicit control of distortion, the proposed approach
achieves effective MIMO speech enhancement while
preserving directional information with reduced com-
putational complexity.

2. MIMO Speech Enhancement
Let x(t, f) ∈ CM denote the multichannel microphone
signal in the short-time Fourier transform (STFT)
domain with M microphones. The signal is modeled
as the sum of a desired speech component s(t, f) and
additive noise n(t, f),

x(t, f) = s(t, f) + n(t, f). (1)

Assuming the signals are zero-mean and mutually
uncorrelated, the spatial covariance matrix of the
array observations is [14]

Rxx(f) = E[xxH] = Rss(f) + Rnn(f), (2)

where Rss and Rnn are the spatial covariance matrices
of speech and noise. The goal of multichannel speech
enhancement is to estimate an enhanced output signal

y(t, f) = W(t, f)x(t, f), (3)

where W(t, f) ∈ CM×M is a time-varying linear
MIMO filter. In this work, we consider reverberant
speech and noise sources and aim to suppress noise
while preserving the spatio-spectral characteristics of
the reverberant target to enable natural binaural ren-
dering of the enhanced sound scene. Throughout the

following, the frequency and time indices are omitted
for readability.

3. Direction-Preserving MIMO Wiener
Filter

The MIMO Multichannel Wiener filter (MWF) mini-
mizes the mean squared error [15]

E
[
∥s − Wx∥2]

(4)

and is given by

WMWF = RssR−1
xx . (5)

Using (2), this can be written as

WMWF = I − RnnR−1
xx . (6)

While the MIMO MWF provides a solution for multi-
channel speech enhancement, it may distort the target
signal. The parametric MIMO MWF [3] is a MIMO
extension of the parametric MWF [16] that provides a
tradeoff between speech distortion and noise reduction.
It preserves spatial properties of the target but distorts
the spatial characteristics of the residual noise [17].
To reduce spatial distortions of the residual noise, the
direction-preserving MIMO MWF (DP-MWF) uses a
signal-dependent mixture of the Wiener filter and the
identity matrix [3],

WDP−MWF = (1 − a′)Wµ+ν + a′I, (7)

where a′ ∈ [0, 1] is an analytically determined mixing
factor,

a′ = a + (1 − a) ν tr(Wµ+νRnn)
µ tr(Rnn) + ν tr(Wµ+νRnn) , (8)

and a ∈ [0, 1] defines a lower bound on the identity
mixing.
The Wiener filter component

Wµ+ν = (Rxx − Rnn) (Rxx + (µ + ν − 1)Rnn)−1
.

(9)
is similar to the MIMO MWF in (6) but additionally
controls the trade-off between noise reduction and
speech distortion with the parameter µ ≥ 0, and the
strength of the direction-preserving term with ν ≥ 0.

4. Neural Covariance Estimation
The DP-MWF has been shown to effectively reduce
noise while preserving the spatial properties of both
speech and residual noise, but in its original formula-
tion it relies on prior knowledge of the spatial noise
coherence matrix and the reverberation time [3]. In
this work, we instead address the fully blind problem
by estimating the noise covariance Rnn using a neural
network. To limit computational complexity, the mix-
ture covariance Rxx is obtained via causal averaging
of the sample covariance over a sliding window.
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4.1. Estimation as Scale-Normalized Cholesky
Factor

Before feeding the mixture signal to the neural net-
work, we estimate a frequency-dependent scaling fac-
tor based on the average trace of the covariance matrix
to reduce sensitivity to the absolute signal level,

γ(f) = 1
T

T∑
t=1

1
M

tr
(

R̂xx(t, f)
)

. (10)

Given the normalized mixture STFT,

x̃(t, f) = x(t, f)√
γ(f)

, (11)

the network predicts a lower-triangular Cholesky ma-
trix factor

L(t, f) = NeuralNetwork(x̃(t, f)) . (12)

The off-diagonal entries are estimated as uncon-
strained complex values, whereas the diagonal entries
are constrained to be real and positive using a soft-
plus nonlinearity with a small floor ϵ, to ensure that
the resulting covariance estimate is Hermitian positive
definite. The scale-normalized noise covariance is then
obtained as

R̃nn(t, f) = L(t, f)LH(t, f). (13)

To ensure that the enhanced signal is invariant to this
scaling, the mixture covariance used in the Wiener
filter is normalized by the same factor,

R̃xx(t, f) = Rxx(t, f)
γ(f) , (14)

and both normalized covariance estimates are used in
the DP-MWF in (7).

4.2. Neural Network Architectures
4.2.1. OnlineSpatialNet
We employ the OnlineSpatialNet architecture [13] to
estimate spatial covariance matrices from multichan-
nel STFT observations. The network first projects the
complex multichannel input at each time–frequency
bin to a latent representation using a convolutional
front-end, followed by interleaved narrow-band and
cross-band processing blocks. The narrow-band blocks
model temporal and spatial dynamics independently
per frequency, while the cross-band blocks capture
inter-frequency dependencies. In the selected causal
online variant, self-attention in the narrow-band blocks
is replaced by a retention mechanism [18] that empha-
sizes recent frames while still incorporating long-term
context, which is beneficial for tracking time-varying
spatial statistics.
4.2.2. NICE
As a representative comparison, we use the NICE
model [9], which applies a single-channel mask to the
array signals and models temporal dynamics with a

recurrent network.
To enable a fully blind comparison, we employ a shared
single-channel mask estimator consisting of batch nor-
malization, a unidirectional LSTM, and a linear pro-
jection, similar to [7]. The same network is applied
independently to each microphone channel to pro-
duce per-channel masks, which are fused via a median
operation to obtain a robust single-channel mask.

5. Experimental Setup
5.1. Dataset
We generate a dataset using speech and noise sam-
ples of the DNS challenge 4 dataset [19] and combine
them with a room acoustic and array simulation using
pyroomacoustics [20], similar to [9].
Each scene is created by simulating room impulse re-
sponses (RIRs) for a 6-microphone circular array with
7 cm diameter, with one speech source and one to three
noise sources. Sources and array are randomly placed
in shoebox rooms with dimensions uniformly sampled
between 4 m and 8 m and reverberation times between
0.25 s and 0.75 s. The array position and height (1.2 m
to 1.8 m) as well as source heights (1.0 m to 2.0 m) are
randomized, enforcing a minimum distance of 0.8 m
between sources and the array.
Signals are convolved with the simulated array RIRs to
generate 5 s scenes, repeating shorter signals as needed.
A random global SNR uniformly sampled between
±5 dB is applied based on the reverberant speech and
summed noise signals. All data is resampled to 32 kHz.
In total, the dataset comprises 30,000 scenes (41.7 h),
split into training, validation, and test sets with an
80 %/10 %/10 % ratio.

5.2. Model Setup
Both OnlineSpatialNet and NICE operate on 32 kHz
audio using an STFT with a frame size of 512 samples,
hop size 256 samples, and a square-root Hann win-
dow. In both cases, the linear output layer is adapted
to estimate the Cholesky factor (see Sec. 4.1). En-
hancement is performed using the DP-MWF in (7),
based on the noise covariance reconstructed from the
estimated Cholesky factor and the mixture covariance
obtained via causal averaging over a 100 ms window.
The DP-MWF parameters are set to a = 0, µ = 1,
and ν = 8.
The OnlineSpatialNet largely follows the configura-
tion of [13], but in a tiny configuration with reduced
complexity, using 4 cross-band/narrow-band blocks,
a hidden dimension of 64, and a T-ConvFFN with
hidden dimension 128.
The mask estimator of NICE consists of a 3-layer unidi-
rectional LSTM with hidden size 256 and dropout 0.2,
followed by a linear layer with sigmoid activation. The
covariance estimator employs a 2-layer unidirectional
LSTM with hidden size 256 and frequency-sharing
convolutional layers, following the best-performing
but most complex configuration in [9].
As shown in Tab. 1, the selected configuration of
OnlineSpatialNet requires only about one third of the
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Model Params [M] GFLOPs/s
OnlineSpatialNet 0.82 23.23
NICE 2.54 (1.65+0.89) 59.71

Table 1: Model complexity comparison. For NICE, the
parameter count is additionally broken down into the mask
and covariance estimator.

parameters and computational cost, measured in giga
floating-point operations per second (GFLOPs/s) of
input audio, compared to NICE.

5.3. Training Loss
Both models are trained end-to-end with a combined
loss consisting of a time-domain SI-SDR speech en-
hancement loss and a loss on the estimated noise
Cholesky factor,

L = LSI-SDR + λCholLChol, (15)

with λChol = 10. LSI-SDR is a multichannel SI-SDR
loss where all microphone channels share the same
scaling factor

α =
∑

t y(t)⊤s(t)∑
t s(t)⊤s(t) (16)

to preserve inter-channel relations. The SI-SDR loss
is then defined as [21]

LSI-SDR = −10 log10

( ∑
t ∥αs(t)∥2

2∑
t ∥y(t) − αs(t)∥2

2

)
. (17)

To stabilize training, we use a normalized Frobenius
loss between the predicted and reference Cholesky
factors L̂(t, f) and L(t, f),

LChol = ∥L̂(t, f) − L(t, f)∥F

∥L(t, f)∥F
, (18)

where the reference Cholesky factor was computed
from the oracle noise-only covariance and ∥·∥F denotes
the Frobenius norm.

5.4. Training
Training uses Adam [22] with learning rate 10−3 and
gradient clipping with maximum norm 10. Both mod-
els are trained for 80 epochs, with the OnlineSpatial-
Net using a batch size of 4 and NICE a batch size of
8. The model checkpoint with the lowest validation
loss is selected for evaluation.

5.5. Evaluation Metrics
Apart from the SI-SDR and Cholesky loss, we evaluate
the direction-preserving multichannel enhancement
systems using a set of metrics that quantify covari-
ance estimation accuracy, spatial distortion, and noise
reduction performance similar as in [3].
To quantify noise reduction performance, we apply the
estimated time-varying Wiener filter to the noise-only
component and compare the input and output noise

energies,

NR = 10 log10

∑
t,f ∥n(t, f)∥2

2∑
t,f ∥W(t, f)n(t, f)∥2

2
. (19)

To compare two complex covariance matrices R1, R2 ∈
CM×M , we use a cosine similarity measure

σ(R1, R2) =
ℜ

{
tr

(
RH

1 R2
)}

∥R1∥F∥R2∥F
, (20)

which corresponds to the cosine similarity between
vectorized covariance matrices. Here, ℜ{·} denotes
the real part, and 0 ≤ σ(R1, R2) ≤ 1.
To assess how well the estimated noise covariance
matches the oracle noise covariance, we compute

CovSim = 1
|Ω|

∑
(f,t)∈Ω

σ
(

R̂nn(f, t), Rnn(f, t)
)

, (21)

where Ω is the set of all evaluated time-frequency
covariance matrices.
To quantify how closely the covariance of the enhanced
output Ryy(f, t) matches the spatial covariance struc-
ture of the clean speech Rss(f, t), we further compute

SpeechSim = 1
|Ω|

∑
(f,t)∈Ω

σ(Ryy(f, t), Rss(f, t)) .

(22)
Finally, we evaluate the spatial distortion when ap-
plying the estimated Wiener filter to the noise-only
signal, yielding a filtered noise covariance R̄nn(f, t),

NoiseSim = 1
|Ω|

∑
(f,t)∈Ω

σ
(
R̄nn(f, t), Rnn(f, t)

)
. (23)

These metrics measure how well spatial structure is
preserved in the enhanced speech and residual noise,
and thus quantify the spatial distortion introduced by
the enhancement.
To evaluate performance in downstream applications,
we steer a delay-and-sum beamformer toward the or-
acle target direction and measure the SI-SDR of the
resulting signal. In addition, we perform binaural ren-
dering using the end-to-end magnitude least squares
method [23] based on array transfer functions as in [24],
and evaluate the interaural level difference (ILD) error.
The ILD of a binaural signal is defined from the left-
and right-ear energies as

ILD = 10 log10

∑
t y2

L(t)∑
t y2

R(t) , (24)

and the corresponding ILD error is computed as the
absolute difference between the estimated and refer-
ence ILD values, averaged over all test examples.

6. Results
Tab. 2 summarizes the results for the OnlineSpatialNet
and NICE configurations. The unprocessed mixture
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Model SI-SDR (dB) ↑ LChol ↓ NR (dB) ↑ CovSim ↑ SpeechSim ↑ NoiseSim ↑
OnlineSpatialNet 9.37 0.32 11.72 0.93 0.83 0.89
NICE 8.50 0.38 12.11 0.92 0.82 0.90
Unprocessed 0.02 n/a n/a n/a 0.79 n/a
Oracle DP-MWF 11.01 n/a 15.61 n/a 0.90 0.88

Table 2: Comparison of evaluation metrics.

Model DS SI-SDR (dB) ↑ ∆ILD (dB) ↓
OnlineSpatialNet 5.61 0.28
NICE 5.27 0.37
Unprocessed -0.11 1.27
Oracle DP-MWF 6.46 0.20

Table 3: Evaluation metrics for downstream applications:
beamformed delay-and-sum SI-SDR and binaural ILD
error.

and an oracle DP-MWF based on the noise covariance
calculated from the oracle noise-only signal via causal
averaging are included as lower and upper performance
bounds.
OnlineSpatialNet outperforms NICE in both SI-SDR
and the Cholesky loss LChol, which were used as train-
ing objectives. With an SI-SDR of 9.43 dB, it ap-
proaches the oracle DP-MWF (11.17 dB). NICE, how-
ever achieves slightly higher noise reduction, although
it does not fully reach the performance of the oracle
DP-MWF.
The improved covariance estimation accuracy is re-
flected in the lower LChol. In terms of covariance
cosine similarity, both models achieve similar perfor-
mance for all three metrics (CovSim, SpeechSim, and
NoiseSim), suggesting that the directional alignment
of noise covariances, and of enhanced speech and noise
are similar.
Overall, OnlineSpatialNet achieves strong speech en-
hancement and noise reduction while maintaining
accurate spatial covariance estimates in terms of
both normalized Frobenius error and cosine similarity.
NICE provides slightly better noise reduction at the
cost of higher speech distortion. Importantly, OnlineS-
patialNet achieves these results with approximately
one third of the parameters and computational cost
(GFLOPs/s) of NICE (see Tab. 1).

6.1. Downstream Applications
Tab. 3 reports the SI-SDR after delay-and-sum beam-
forming in the target direction, as well as the ILD
error after binaural rendering. Consistent with the
multichannel results, OnlineSpatialNet outperforms
NICE in both metrics and approaches the performance
of the oracle DP-MWF.
Fig. 1 shows steered response power maps over az-
imuth and frequency for an example scene. While the
target direction is not clearly discernible in the noisy
mixture, it becomes clearly visible after enhancement
with both methods, with maps closely resembling that
of the clean target signal.

Clean Target

OnlineSpatialNet

NICE

Unprocessed

Figure 1: Steered response power maps of the clean
target, the enhanced outputs of OnlineSpatialNet and
NICE, and the unprocessed noisy mixture. The dashed
vertical line indicates the target source direction.

Binaural audio examples are provided online1.

7. Conclusion
We presented a direction-preserving MIMO speech
enhancement approach based on neural covariance
estimation. A lightweight OnlineSpatialNet is used
to estimate the noise covariance, enabling end-to-end
optimization of the enhancement process.
The results show that the proposed method, using the
OnlineSpatialNet with only 820k parameters, yields
improved speech enhancement and similar directional
covariance alignment but slightly lower noise reduction
performance compared to the more computationally
demanding NICE model. Additional evaluations, in-
cluding enhancement performance after beamforming
and ILD error after binaural rendering, demonstrate
its suitability for downstream spatial audio applica-
tions. Overall, the method provides a MIMO speech
enhancement frontend for microphone arrays that pre-
serves directional information while remaining com-
putationally efficient.

1https://thomasdeppisch.github.io/
MIMO-speech-enhancement/
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