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ABSTRACT

Guided Source Separation (GSS) is a popular front-end for distant
automatic speech recognition (ASR) systems using spatially distributed
microphones. When considering spatially distributed microphones,
the choice of reference microphone may have a large influence on the
quality of the output signal and the downstream ASR performance.
In GSS-based speech enhancement, reference microphone selection
is typically performed using the signal-to-noise ratio (SNR), which is
optimal for noise reduction but may neglect differences in early-to-late
reverberation ratio (ELR) across microphones. In this paper, we propose
two reference microphone selection methods for GSS-based speech
enhancement that are based on the normalized ℓp-norm, either using
only the normalized ℓp-norm or combining the normalized ℓp-norm
and the SNR to account for both differences in SNR and ELR across
microphones. Experimental evaluation using a CHiME-8 distant ASR
system shows that the proposed ℓp-norm-based methods outperform
the baseline method, reducing the macro-average word error rate.

Index Terms— Reference microphone selection, guided source
separation, speech enhancement, normalized ℓp-norm

1. INTRODUCTION

Guided source separation (GSS)-based speech enhancement is a popular
approach [1] for enhancing a target speech source in noisy and reverberant
environments, particularly in the context of the CHiME challenge, which
aims at ASR and diarization of multi-talker conversations recorded by
spatially distributed microphones [2–5]. GSS-based speech enhancement
(see Fig. 1) first performs dereverberation using the multiple-input
multiple-output (MIMO) weighted prediction error (WPE) derever-
beration method [6]. In a second step, noise reduction is performed
using a MIMO minimum variance distortionless response (MVDR)
beamformer [7], where the target speech and noise covariance matrices
are estimated with time-frequency masks computed using GSS [1]. In
order to output an enhanced target source signal, the GSS-based approach
selects the reference microphone index of the MIMO beamformer with
the highest estimated output signal-to-noise ratio (SNR) [8].

When performing speech enhancement using spatially distributed
microphones, e.g. GSS-based, there may be large differences in the early-
to-late reverberation ratio (ELR) and SNR in each microphone. Hence,
the choice of the reference microphone may have a large influence on the
quality of the output signal and downstream ASR performance [8–12].
While different reference microphone selection methods have been pro-
posed for noise reduction, e.g. selecting the microphone with the largest
input signal power of the target speech source [8,10], selecting the micro-
phone with the highest output SNR, as in GSS-based speech enhancement,
is considered optimal [8,11]. However, for WPE dereverberation, it was

Fig. 1: GSS-based speech enhancement

recently proposed to select the microphone with the lowest output normal-
ized ℓp-norm [12]. Hence, since GSS-based speech enhancement includes
both WPE dereverberation and noise reduction, selecting the reference
microphone optimal for noise reduction may not result in selecting the mi-
crophone with the highest overall signal quality and ASR performance.

In this paper, we propose reference microphone selection methods
based on the normalized ℓp-norm for GSS-based speech enhancement.
The normalized ℓp-norm [13] measures the sparsity of a signal in the time-
frequency domain and was shown to typically select a microphone with a
high input ELR in noise-free conditions [12]. In order to account for differ-
ences in input ELR between the microphones, the first proposed reference
microphone selection method uses only the normalized ℓp-norm of the
MIMO beamformer output signals. However, since this does not take into
account differences in output SNR between microphones, the second pro-
posed reference microphone selection method combines the normalized
ℓp-norm and SNR of the beamformer output. Experimental evaluation
using signal quality metrics show that using only the normalized ℓp-norm
significantly outperforms using only the SNR at high input SNRs, while
using both the normalized ℓp-norm and SNR consistently outperforms
using only the SNR. Experimental evaluation using a CHiME-8 distant
ASR system [2] shows that the proposed ℓp-norm-based reference mi-
crophone selection methods outperform the baseline method using only
the SNR in terms of word error rate (WER), with the combination of the
normalized ℓp-norm and SNR yielding the lowest WER.

2. GSS-BASED SPEECH ENHANCEMENT

We consider a scenario where K speech sources are recorded in
a reverberant and noisy environment by M spatially distributed
microphones, with K < M . In the short-time Fourier transform (STFT)
domain, let f ∈ {1, ..., F} be the frequency-bin index and l ∈ {1, ...,L}
be the time-frame index. The reverberant and noisy mixture vector in
the m-th microphone ym(f) =

[
ym(f,1) · · · ym(f,L)

]T ∈ CL,
with (.)T denoting the transpose operator, can be written as

ym(f) = xearly
m (f) + xlate

m (f) + nm(f), (1)
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where xearly
m ∈ CL and xlate

m ∈ CL denote the early-reverberant and late-
reverberant target speech signal vectors, respectively, and nm ∈ CL de-
notes the noise mixture vector, consisting of background noise and K−1
reverberant interfering speech signals. The equation in (1) can be rewrit-
ten by stacking the signal and mixture vectors across microphones, i.e.

Y(f) = Xearly(f) +Xlate(f) +N(f), (2)

where Y(f) =
[
y1(f) · · · yM(f)

]T ∈ CM×L denotes the
reverberant and noisy mixture matrix, Xearly(f) ∈ CM×L and
Xlate(f) ∈ CM×L denote the early-reverberant and late-reverberant
target speech signal matrices, respectively, and N(f) ∈ CM×L denotes
the noise mixture matrix. For clarity, the frequency-bin index f will be
omitted where possible.

First, GSS-based speech enhancement in Fig. 1 performs
dereverberation using MIMO WPE, i.e. by subtracting an estimate of
the late-reverberant target signal, alongside the late-reverberant interferer
signals, from the reverberant and noisy mixture. The MIMO WPE output
mixture matrix YWPE can be written as

YWPE = Y−GHỸτ , (3)

where G ∈ CMLg×M denotes the MIMO WPE filter with filter length
Lg, (.)H denotes the Hermitian transpose operator and Ỹτ ∈ CMLg×L

is a multi-channel convolution matrix of the delayed reverberant and
noisy mixture with τ the prediction delay [6]. The MIMO WPE filter
can be computed by minimizing [14]

JℓΦ;p,2(Y
WPE) = ∥YWPE∥pΦ;2,p =

L∑
l=1

|
(
yWPE
1:M(l)

)H

Φ−1yWPE
1:M(l)|

p
2 ,

(4)
where JℓΦ;p,2(Y

WPE) denotes the mixed norm ℓΦ;p,2 of the WPE output
mixture matrix YWPE with group matrix Φ ∈ CM×M and sparsity-
promoting parameter p [14] and yWPE

1:M(l) ∈ CM denotes the l-th column
vector of YWPE. Typically, the cost function in (4) is minimized using the
iteratively reweighted least squares algorithm for IWPE iterations [6] [14].

In a second step, GSS-based speech enhancement performs noise
reduction using the Souden MVDR beamformer [7] on the MIMO WPE
output mixture matrix YWPE. The MIMO beamformer output signal
matrix YBF can be written as

YBF = WHYWPE, (5)

with the MIMO beamformer filter W =
[
w1 · · · wM

]
∈ CM×M

computed as

W =
R̂−1

n R̂x

Tr(R̂−1
n R̂x)

(6)

using estimated batch covariance matrices R̂n and R̂x of the noise
mixture and early-reverberant target speech signal matrices, respectively.
The covariance matrices R̂n and R̂x are computed using time-frequency
masks for the early-reverberant target source signal and noise mixture, i.e.

R̂n =
1

L

L∑
l=1

µn(l)y
WPE
1:M(l)

(
yWPE
1:M(l)

)H

, (7)

R̂x =
1

L

L∑
l=1

µx(l)y
WPE
1:M(l)

(
yWPE
1:M(l)

)H

, (8)

where µx(l) ∈ R denotes the (early-reverberant) target signal time-
frequency mask and µn(l) ∈ R denotes the noise mixture time-frequency
mask, such that µx(l) + µn(l) = 1. The time-frequency masks µx(l)

and µn(l) are computed using GSS [1] by assuming a complex angular
central Gaussian mixture model (cACGMM) [15] for the K speech
signals and background noise signal, i.e

P
(
ȳWPE
1:M(l);ϕk,Bk

)
=

K+1∑
k=1

π−Mϕk(M − 1)!

2det(Bk)
(
(ȳWPE

1:M(l))HB−1
k ȳWPE

1:M(l)
)M ,

(9)
where P

(
ȳWPE
1:M(l);ϕk,Bk

)
denotes the probability distribution of the

normalized WPE output mixture ȳWPE
1:M(l) =

yWPE
1:M(l)

∥yWPE
1:M

(l)∥2
given the prior

probability of the k-th, k ∈ {1, ...,K + 1}, speech and background
noise signal ϕk and the cACGMM concentration matrix of the k-th
signal Bk ∈ CM×M . By maximizing the log-likelihood function of
(9), typically using the expectation-maximization algorithm for IGSS

iterations [1], the time-frequency masksµx(l) andµn(l) can be computed
using the posterior probability of the K + 1 signals. When computing
the posterior probability, GSS effectively uses source activity information
provided by diarization labels [1].

Finally, a reference microphone index of the MIMO beamformer
r ∈ {1, ...,M} is selected, such that the output is a single channel yBF

r ,
after which the blind analytic postfilter is applied [1] [16], i.e.

yPF
r =

|wH
r R̂2

nwr|
1
2

wH
r R̂nwr

yBF
r . (10)

The baseline reference microphone selection method as well as the
proposed normalized ℓp-norm-based reference microphone methods
will be discussed in Section 3.

3. REFERENCE MICROPHONE SELECTION

Section 3.1 describes the baseline reference microphone selection
method for GSS-based speech enhancement, selecting the beamformer
output with the highest estimated SNR [1]. While it may be optimal
in terms of noise reduction, it may not result in the highest overall signal
quality or ASR performance, as it does not take into account differences
in ELR between the microphone signals. Therefore, in Sections 3.2 and
3.3, we propose reference microphone selection methods based on the
normalized ℓp-norm of the beamformer output.

3.1. Baseline microphone selection using SNR

In [8, 11], it has been proposed to perform reference microphone
selection by selecting the MIMO beamformer output with the highest
estimated broadband SNR, i.e.

rSNR = argmax
m

J ˆSNR(y
BF
m ), (11)

where J ˆSNR(y
BF
m ) denotes the estimated SNR in the beamformer

output. Alternatively, the reference microphone selection problem in
(11) can also be formulated as minimizing the noise-to-signal ratio
where J ˆNSR(y

BF
r ) = 1/J ˆSNR(y

BF
r ). Given the target source and noise

covariances matrices R̂x and R̂n and the filter wm, the estimated
broadband SNR of the m-th beamformer output can be computed as

J ˆSNR(y
BF
m ) =

∑F
f=1w

H
m(f)R̂x(f)wm(f)∑F

f=1w
H
m(f)R̂n(f)wm(f)

. (12)

3.2. Microphone selection using normalized ℓp-norm

In [12], the reference microphone selection problem for multiple-input
single-output WPE dereverberation was formulated using the ℓp-norm
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cost function of the WPE output signals. However, since the ℓp-norm
depends on signal power, it was proposed to use the ℓp-norm of the
power-normalized WPE output signals, known as the normalized
ℓp-norm [12] [13], i.e. Jℓp/ℓ2(z) =

∑F
f=1

∥z(f)∥p
∥z(f)∥2

. Instead of applying
the normalized ℓp-norm directly to the WPE output, in order to mitigate
the effect of noise, we propose to perform reference microphone selection
for GSS-based speech enhancement by selecting the beamformer output
with the lowest normalized ℓp-norm, i.e.

rℓp/ℓ2 = argmin
m

Jℓp/ℓ2(y
BF
m ) = argmin

m

F∑
f=1

∥∥yBF
m (f)

∥∥
pϵ

∥yBF
m (f)∥2

, (13)

where pϵ = max{p, ϵ} is used to avoid numerical issues for p = 0 with
ϵ a small constant. Using (13), the beamformer output with the sparsest
time-frequency representation is selected, typically corresponding to
a microphone with a high input ELR [12]. However, since noise and in-
terfering sources also degrade sparsity in the time-frequency domain [17],
this reference microphone selection method may also inherently favor
a beamformer output where the target source is most prominent.

3.3. Microphone selection using SNR and normalized ℓp-norm

In order to perform reference microphone selection using both the
SNR and the normalized ℓp-norm of the beamformer output yBF

r , we
straightforwardly combine the estimated noise-to-signal ratio with the
normalized ℓp-norm after scaling them to the same range, i.e.

rcomb = argmin
m

αJ̃ℓp/ℓ2(y
BF
m ) + (1− α)J̃ ˆNSR(y

BF
m ), (14)

where α ∈ [0,1] is a trade-off parameter and J̃ ˆNSR(y
BF
m ) and J̃ℓp/ℓ2(y

BF
m )

denote the scaled noise-to-signal ratio and normalized ℓp-norm after
min-max normalization, i.e.

J̃(yBF
m ) =

J(yBF
m )−minm J(yBF

m )

maxm J(yBF
m )−minm J(yBF

m )
. (15)

By applying min-max normalization, the values are normalized across
microphones, assigning a value of 0 to the microphone with the lowest
original value and a value of 1 to the microphone with the highest
original value. By scaling the values of the normalized ℓp-norm and
noise-to-signal ratio in this way, the differences in their original ranges
are removed, ensuring that the trade-off parameter α can effectively
balance their respective contributions. Hence, the proposed method
trades off between using only the SNR and using only the normalized
ℓp-norm, such that a microphone with both a high input ELR and
high output SNR may be selected, which may lead to a higher overall
signal quality and ASR performance. Note that for α = 0, the proposed
method corresponds to using only the SNR in (11), while for α = 1 the
method corresponds to using only the normalized ℓp-norm in (13).

4. EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of the proposed reference
microphone selection methods for GSS-based speech enhancement.
In Section 4.1, we briefly describe the parameters used to evaluate the
proposed methods. In Section 4.2, we evaluate the signal quality in the
selected reference microphone for the baseline and proposed methods
using non-intrusive signal quality metrics on simulated data. After
confirming the signal quality improvements over the baseline method, in
Section 4.3, we evaluate the ASR performance of the proposed reference
microphone selection methods by integrating them into a CHiME-8
distant ASR system. First, we set the value of the trade-off parameter

used in all further experiments for the proposed method using both the
SNR and normalized ℓp-norm based on its performance on the CHiME-8
development data. Then, we compare the performance of the baseline
and the proposed methods on the the CHiME-8 evaluation data.

4.1. Implementation parameters

For all experiments, GSS-based speech enhancement was performed with
an STFT framework, MIMO WPE, Souden MVDR beamformer and
GSS parameters identical to [3]. The STFT framework used a sampling
rate of 16000Hz with an STFT frame length of 64ms, a frame shift of 16
ms and a Hann window. MIMO WPE was implemented with the sparsity-
promoting parameter p = 0, the group matrix Φ = I, the identity matrix,
the filter length Lg = 5, the prediction delay τ = 2 and IWPE = 3
iterations. As in [12], the normalized ℓp-norm was implemented with the
sparsity promoting parameter p used for WPE, i.e. p = 0. As in [3], post-
masking is applied to the beamformer output after reference microphone
selection. GSS was implemented using IGSS = 5 iterations. The small
constant for the normalized ℓp-norm was set to ϵ = 10−4.

4.2. Signal quality on simulated data

We considered 3 arrays of 4 closely-spaced microphones distributed in
a reverberant room of dimensions 7 m × 7 m × 2.5 m with a randomly
chosen reverberation time T60 between 200 and 500 ms. The positions
of the K = 1 source and 3 arrays of 4 closely-spaced microphones were
also randomized within this room. A total of 100 unique reverberant
impulse responses were simulated using Pyroomacoustics and convolved
with clean speech from Librispeech to create reverberant utterances of
the target source. For all utterances, background noise was generated
at a specific SNR using noise from the CHiME-6 dataset [2].

We used oracle diarization labels for GSS-based speech enhancement
and set the trade-off parameter α = 0.5 for the combined reference
microphone selection method in Section 3.3.

Due to the inherently large and diverse time-differences of arrival and
differences in signal power when using spatially distributed microphones,
intrusive signal quality metrics can be unreliable for scenarios with
spatially distributed microphones, as they do not compensate for these
large differences. Therefore, we used non-intrusive metrics [18] to
evaluate the signal quality in the selected reference microphone: DNS-
MOS [19], NISQA (MOS) [20], SCOREQ [21], non-intrusive PESQ
(NI-PESQ) [22] and non-intrusive STOI (NI-STOI) [22]. In addition,
signal statistics in terms of the estimated SNR of the beamformer output
( ˆoSNR) in decibel (dB) and ELR in the noisy and reverberant input
signals (iELR) in dB, defined using a cut-off of 30 ms between early
and late reverberation, of the selected reference microphone are included.
All reported values have been averaged across all 100 utterances.

Table 1a and Table 1b show the signal quality as measured by a
wide range of non-intrusive metrics and select signal statistics using the
baseline and the proposed reference microphone selection methods given
an input SNR of 10 dB and -10 dB, respectively.

In terms of signal quality, at 10 dB input SNR in Table 1a, using only
the normalized ℓp-norm for reference microphone selection achieves
a significant improvement compared to using only the SNR for reference
microphone selection, whereas using both the SNR and normalized ℓp-
norm achieves a smaller improvement. At -10 dB input SNR in Table 1b,
using both the SNR and normalized ℓp-norm achieves an improvement
compared to using only the normalized ℓp-norm or only the SNR.

In terms of signal statistics, at an input SNR of 10 dB in Table
1a, using both the SNR and the normalized ℓp-norm clearly trades-off
between the estimated output SNR in the beamformer output and the input
ELR in the reference microphone. Meanwhile at an input SNR of -10
dB in Table 1b, while the trend in the estimated output SNR follows that
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in Table 1a, the trend in the input ELR is not as clear, as the performance
of the normalized ℓp-norm is degraded in the presence of noise.

Unsurprisingly, the trend in the estimated output SNR does not
follow the trend in the signal quality metrics, as it does not take into
account the reverberation in the output signal. Meanwhile, the trend
in the input ELR more closely follows the trend in the signal quality
metrics, suggesting a strong influence of reverberation on signal quality.

Table 1: Signal quality measured using non-intrusive metrics and signal
statistics of selected reference microphone signals.

(a) Input SNR of 10 dB

Method DNSMOS NISQA SCOREQ NI-PESQ NI-STOI ˆoSNR iELR

SNR 2.88 3.61 2.67 2.01 0.92 24.14 7.79
Normalized ℓp-norm 2.94 3.69 2.84 2.25 0.94 23.74 9.56
Combination (α = 0.5) 2.92 3.67 2.76 2.14 0.93 24.04 8.76

(b) Input SNR of -10 dB

Method DNSMOS NISQA SCOREQ NI-PESQ NI-STOI ˆoSNR iELR

SNR 2.09 1.97 1.75 1.25 0.86 19.74 8.90
Normalized ℓp-norm 2.09 1.98 1.75 1.25 0.86 18.82 8.90
Combination (α = 0.5) 2.11 1.99 1.76 1.25 0.87 19.39 9.13

4.3. CHiME-8 ASR performance

We evaluate the downstream ASR performance of the proposed reference
microphone selection methods by using GSS-based speech enhancement
as a front-end for a CHiME-8 distant ASR system [2]. In the CHiME-8
distant ASR system, GSS-based speech enhancement is applied after
reducing the number of utilized microphones, followed by transcription
using ASR. In addition, a diarization system is also included to estimate
the diarization labels for GSS-based speech enhancement [2] [3] [5].
The ASR system used is a 0.6B parameter Conformer-based transducer
model [3]. The diarization system used is an end-to-end neural diarization
model with vector clustering and multi-channel source counting [23]. We
considered both oracle diarization labels as well as estimated diarization
labels [23] for GSS. The ASR performance is measured using the
time-constrained minimum-permutation WER (tcpWER).

The CHiME-8 challenge [2] requires evaluating the distant ASR
system on 4 datasets: CHiME-6 (CH6), DiPCo (DiP), NOTSOFAR1
(NSF) and Mixer 6 (Mi6). The CH6 and DiP datasets consist of dinner
party scenarios with K = 4 speech sources recorded using M = 24 and
M = 35 spatially distributed microphones, respectively. The Mi6 dataset
consists of interview scenarios with K = 2 speech sources recorded us-
ing M = 10 spatially distributed microphones. The NSF dataset used in
the CHiME-8 challenge consists of business meeting-like scenarios with
K = [4,8] speech sources recorded using M = 7 closely spaced micro-
phones [2]. Therefore, unlike the other three datasets, it is not recorded us-
ing spatially distributed microphones. Note that currently the NSF dataset
is only available in the CHiME-8 evaluation data. The macro-average
tcpWER is computed as an average of the tcpWER across all datasets [2].

Fig. 2 shows the ASR performance of the CHiME-8 system with
the proposed method using both the SNR and normalized ℓp-norm on
the CHiME-8 development data for different values of the trade-off
parameter α using either oracle diarization labels or estimated diarization
labels for GSS [23]. When using GSS with oracle diarization labels,
α = 0.6 achieves the lowest macro-average tcpWER, with α = 0.5
achieving similar performance, while when using GSS with estimated
diarization labels, α = 0.5 achieves the lowest macro-average tcpWER.
Therefore, we set α = 0.5 for all remaining experiments.

Table 2a and Table 2b show the ASR performance of the CHiME-8
system with the baseline and the proposed reference microphone selection
methods on the CHiME-8 evaluation data using oracle diarization labels
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Fig. 2: ASR performance of CHiME-8 system with the proposed method
using both the SNR and normalized ℓp-norm in terms of macro-average
tcpWER (%) on CHiME-8 development data.

and estimated diarization labels for GSS, respectively. For both oracle and
estimated diarization labels, using only the normalized ℓp-norm for ref-
erence microphone selection achieves a lower macro-average tcpWER as
well as a lower tcpWER in most datasets compared to the baseline method
using only the SNR. In addition, using both the normalized ℓp-norm and
the SNR further lowers the macro-average tcpWER and achieves a consis-
tent improvement over the baseline method for all datasets using spatially
distributed microphones. Note that reference microphone selection does
not improve the performance for the NSF dataset as it does not use spa-
tially distributed microphones. Furthermore, the small improvement seen
for the CH6 dataset could be explained by the fact that its linear micro-
phone arrays were distributed in multiple rooms. Therefore, it may be a
highly challenging scenario to effectively perform reference microphone
selection. Meanwhile, the DiP and Mi6 datasets had all microphones in
the same room. The significant improvement in Mi6 could be explained
by the fact that it used the highest number of spatially distributed devices.

Table 2: ASR performance of the CHiME-8 system with baseline and
proposed reference microphone selection methods in terms of tcpWER
(%) on CHiME-8 evaluation data.

(a) Oracle diarization

Method CH6 DiP Mi6 NSF Macro-Average

SNR 24.3 24.2 14.4 13.5 19.1
Normalized ℓp-norm 24.6 23.1 13.4 13.5 18.7
Combination (α = 0.5) 24.2 22.9 12.9 13.5 18.4

(b) Estimated diarization

Method CH6 DiP Mi6 NSF Macro-Average

SNR 37.2 28.1 16.1 20.6 25.5
Normalized ℓp-norm 37.2 26.9 13.8 20.6 24.6
Combination (α = 0.5) 37.0 26.7 13.3 20.6 24.4

5. CONCLUSION

In this paper, we proposed reference microphone selection methods based
on the normalized ℓp-norm for GSS-based speech enhancement. We pro-
posed two reference microphone selection methods based on the normal-
ized ℓp-norm, using only the normalized ℓp-norm or combining it with the
SNR in order to account for both differences in ELR and SNR across mi-
crophones. Experimental evaluation using signal quality metrics showed
that our proposed methods select a reference microphone with a higher sig-
nal quality compared to the baseline method using only the SNR. Exper-
imental evaluation on the CHiME-8 ASR task showed that the proposed
methods achieved a lower macro-average tcpWER compared to the base-
line method, with the combined method achieving the lowest tcpWER.
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