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ABSTRACT

This paper presents a method for extracting a center signal from two-channel stereo signals for upmixing and
reproduction with additional center loudspeakers. It uses a generative adversarial network with a generator trained
with multiple reconstruction losses and adversarial losses obtained from a discriminator. The processing is of
moderate computationally complexity, causal and can be configured for latencies down to one audio frame of
46 ms length. It is described how training data are created using only publicly available signals and how the
generation of target data enables to control the attenuation of diffuse signals and direct signals panned off-center.
An evaluation with listening test and computational metrics SI-SDR and F2 measure is presented. It shows an
advantage compared to methods based on classical signal processing in terms of computational metrics for source

separation and listeners preference.

1 Introduction

Reproduction of audio signals in surround or immer-
sive multi-channel formats finds wide adoption in cin-
ema, broadcast, automotive audio, and home entertain-
ment. Since most musical recordings are available in
two-channel stereophony, format conversion for repro-
duction with more loudspeakers than there are signal
channels is required, a process referred to as upmixing
[1].

Multi-channel loudspeaker setups often feature a cen-
ter loudspeaker placed midway in the front to improve
stereo image reproduction, source localization, and
clarity [2, 3]. This is particularly important when loud-
speakers are not positioned symmetrically to the lis-
tener, where the perceived locations of the reproduced
sources are shifted towards the most proximate loud-
speaker [4], predominantly due to the precedence ef-

fect [5]. There is also evidence that intelligibility is
improved and listening effort is reduced when dialog
is reproduced using a center loudspeaker [6].

Center extraction involves generating a signal for the
center loudspeaker, typically from two-channel stereo
input signals, with applications in upmixing [7, 8, 9] or
dialog enhancement [10, 11, 12]. An early approach is
to compute a center signal as weighted sum of both
input channels [ 3], with the disadvantage that all sig-
nals panned off-center are reproduced by the center
loudspeaker, which results in loss of stereo width. The
algorithm proposed in [7] uses a least-mean square
adaptive filtering algorithm applied to the time-domain
signal. Processing in time-frequency domain is espe-
cially effective, taking advantage of source sparsity
[14], assuming that only single sources or multiple
sources with similar spatial cues contribute to time-
frequency bins. A method based on multi-channel
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Wiener filtering, leading to a linear combination of all
input channels with complex-valued weights, has been
proposed in [9]. Other approaches use spectral weight-
ing with real-valued weights, often based on spatial
cues quantified with measures of similarity or correla-
tion between spectral coefficients computed from both
input channels [8, 15, 16, 10]. Spectral weighting
with real-valued weights computed with functions of
ratios of downmix and input signal are used in [17, 18],
which enables control of attenuation separately for di-
rect and diffuse signal components.

To the best of our knowledge, the application of deep
learning for center extraction has not been investigated
much. An approach for generating surround signals in-
cluding a center signal based on style transfer has been
proposed in [19].

We propose to compute center signals with generative
adversarial networks (GANs) using a generator net-
work with low computational complexity that can be
configured to low latency. Training data are created by
mixing anechoic audio signals and applying artificial
reverberation. This implicitly enables to control the at-
tenuation of panned direct sounds and of reverberation
separately, and to attenuate reverberation as function
of inter-channel level difference (ICLD) of its exciting
source signal. Our approach is evaluated by means of
a listening test and computational evaluation metrics.
The paper is organized as follows: Sec. 2 describes
the proposed implementation of center extraction with
a neural network, in Sec. 3 the proposed method is
evaluated, and conclusions are given in Sec. 4.

2 Method

2.1 Definition of input and target signals

To the best of our knowledge, no strict definition of de-
sired characteristics for output signals of center extrac-
tion exists. In the following, we outline requirements
that guided our work.

Input signal model: We assume input signals to be
mixtures of direct signals which are correlated in both
channels and diffuse signals with decorrelated channel
signals.

Attenuation of direct sources: The desired center sig-
nal comprises all signal components with zero ICLD
that are perceived as phantom center in stereo repro-
duction [13]. Direct sources with low non-zero ICLD
are attenuated with gains decreasing monotonically
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Fig. 1: Attenuation of source in target signal as func-
tion of its ICLD in the input as described in
Subsection 2.5, parametrized to control lobe
width with & = 1 (solid line), o = 0.5 (dotted
line), and o = 0.25 (dashed line).

with absolute value of ICLD. Lateral sources (only
present in one channel) should be inaudible in the cen-
ter signal, because they are intended to be located in
the left or right loudspeaker, and their residual compo-
nents in the center signal reduce the perceived width
of the stereo image.

Attenuation of diffuse sounds: Reproducing diffuse
signals with a center loudspeaker reduces stereo width
and listener envelopment, which motivates to attenuate
diffuse signals in center extraction. On the other hand,
attenuating reverberation can result in dereverberation
artifacts. We also consider to attenuate reverberation
as function of ICLD of the exciting source similarly to
direct signals. This is investigated by training models
using target data with and without reverberation, and
comparing results with informal listening and numeri-
cal evaluation.

2.2 Generator

The proposed GAN wuses a generator that pro-
cesses complex-valued Short-Time Fourier Trans-
form (STFT) coefficients of two-channel audio signals
x(m, k) = [Xo(m, k), X1 (m,k)]", with time index m and
frequency bin index k. STFT coefficients are com-
puted using DFT of length 2048, hop size 1024, and
window size 2048, where sampling rate is 44100 Hz.
Figure 2 shows a block diagram of the gen-
erator. STFT coefficients X (omitting time
and frequency indices for brevity) of each
audio channel are represented as triplets
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Fig. 2: Block diagram of generator. ConvNeXt is repeated 6 times. Tensor shapes with batch size B and number

of frames T'.
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Fig. 3: ConvNeXt Blocks in generator, with pointwise
(PW) and depthwise (DW) convolutions. Ten-
sor shapes with batch size B and number of
frames T .

[log(M + 1077),real(X/M),imag(X/M)], with
magnitudes M = |X]|, yielding six channel inputs per
time-frequency bin for two-channel audio signals.
Magnitudes are compressed to reduce the large
dynamic range of audio signals and to improve
numerical optimization during training.

An inverted bottleneck (IBN) expands the input
variable with six channels (for each time-frequency
bin) to 72 dimensions using grouped convolution per
audio channel with kernels of shape (3 x 3).

The latent representation is processed by layers of
ConvNext [20] blocks shown in Figure 3. ConvNext
blocks were proposed for image classification as

computationally efficient alternative to Vision Trans-
formers (ViTs) [21] and later applied for generating
audio signals from Mel spectrograms in [22]. In
contrast to [22], we implement ConvNeXt blocks,
shown in Figure 3, with 2D convolutions with kernels
operating along time and frequency, reduce kernel
size to 3 x 3.

Layer normalization [23] is applied before the first
and after the last ConvNeXt block to improve numer-
ical optimization by normalizing the latent towards
zero mean and unit variance, where statistics are
estimated given all layer inputs. This has shown to
reduce sensitivity to weight initialization and speed up
training. The linear layer implements the bottleneck
to obtain tensor of same shape as X with six channels.

2.3 Discriminator

The generator is trained together with three instances
of complex-valued multi-resolution spectrogram dis-
criminators (MRSDs) [24] with window lengths of
[2048,1024,512] samples. It extends the approach of
using discriminators operating on time-frequency rep-
resentations at multiple resolutions proposed in [25]
to process real and imaginary parts of complex-valued
STFT coefficients instead of magnitudes. The discrim-
inator is implemented with 2D convolution layers sep-
arately operating on STFT coefficients divided into
five frequency bands.

We also experimented with combinations of MRSD
with additional multi-scale waveform discriminator
(MSD) [26] and multi-period waveform discrimina-
tor (MPD) [27], but could not observe significant im-
provements in informal listening.

2.4 Training loss

The generator is trained with multiple loss functions
comprising reconstruction losses computed from tar-
get signal and generator output, and adversarial losses
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obtained from discriminator instances.
Reconstruction loss is the weighted sum of well-
known multi-resolution STFT loss [28], multi-
resolution loss of complex-valued STFT coefficients,
and mean squared error (MSE) loss of time signal
high-pass filtered at 50 Hz cut-off frequency with low
Q factor. The time signal loss is a simple and ef-
fective means to adjust the spectral balance of the
generated signal. Complex-valued multi-resolution
STFT loss is computed as sum of MSE of real part
and MSE loss of imaginary part of target and predic-
tion. Multi-resolution STFT loss use DFT of length
[2048,1024,512], hop size [240, 120,50], and window
size [600,1200,240], whereas complex-valued multi-
resolution STFT loss operate at half of these lengths
to improve temporal resolution.
Adversarial loss is the weighted sum of least-square
adversarial loss [29] and feature matching loss [30,
], computed as L1 distance between discriminator
feature maps obtained for target signals and generator
output signals.

2.5 Training data

The training data comprises 2400 pairs (input signal
x[n], target signal y[n]) of 6 sec length each with two
channels sampled at 44100 Hz. The input signal is
processed by the model to compute an estimate of the
target signal.

Input signals were created by mixing four single-
channel source signals from MUSDBI8 (vocals,
drums, bass, other accompaniment) in high quality
[31] and one source signal containing speech from var-
ious audio books with intensity stereo as follows:

1. Add five source signals to create direct signal
d[n] = Y1 lgiosiln+0],gi15:n+o0]] with ran-
dom gains [g;0,gi 1], uniformly distributed in
the range [—6,6] dB, and single-channel signals
si[n 4 o] with random time offset o.

2. Create ambience signal containing diffuse signal
components a[n] = d[n] x r[n], with two-channel
impulse responses (IRs) of reverberation [32]
r[n] = [ro[n], ri[n]],

3. Create input signal x[n] = d[n] + a[n].

Each source signal was convolved with one from a sub-
set of 1271 IRs from the training split of ReverbFX

[32] discarding IRs with very large reverberation time
and heavy modulation. The use of [31, 32] as main re-
source for data generation enables an approximate re-
production of our work. We selected the first channel
of source signals when more channels were available
to create mixes of mono signals, which is important
for controlling the ICLD of direct sounds and the at-
tenuation of panned signals in the target signal.
Target signals for center extraction are computed as
c[n] = Y o hilgiosi[n] gi1si[n]] where each signal s;[n]
is scaled by attenuation 4; = f(ICLD) such that sig-
nals s;[n] panned off-center are monotonically attenu-
ated the larger their ICLD is while signals with ICLD
of one are multiplied by one. We define the attenuation
as h = o10log,o(— [10795810 /10005¢i1])2 shown in
Figure 1, where « controls the width of the lobe.

This procedure has two important implications. First,
we only consider training data with intensity stereo
(zero inter-channel time differences (ICTDs)). This is
a disadvantage when processing recording with spaced
microphones and stereophonic delay effects, and we
will consider this in future work. Secondly, these tar-
get data contain direct signals without reverberation
and consequently the center extraction will result in
dereverberation in addition to attenuation of panned
direct sources. We investigate an alternative approach
by generating the reverberated target signals ¢,[n] =
c[n] 4 ¢[n] xr[n]. This results in target signals with
artificial reverberation attenuated by h; = f(ICLD),
where 4 is computed from the ICLD of the signal that
excites the reverberation.

2.6 Optimizer settings for training

Models were trained with optimizer Adam with ini-
tial learning rate 5- 10~* exponentially decaying with
decay 0.9999995 for 400.000 iterations, gradient clip-
ping with maximum norm of 5. Each iteration of train-
ing uses batches of 16 signals of length 0.25 seconds
each.

2.7 Computational load, latency, and memory
requirements

Training time per model is about 35 hours on an A100
GPU. The generator model has 258.000 parameters
and 1186 Mega MAC per second audio signal length
according to profiling with torchinfo.summary(). The
latency of the generator equal 46 ms when using causal
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padding in time direction in convolution layers, cor-
responding to the window size of the STFT. When
convolution layers are implemented with symmetric
padding, the latency increases by hop size x (number
of layers-1) to 153 ms. Lower latency is achievable
when reducing frame length.

3 Evaluation

3.1 Objective assessment

We evaluate by means of SI-SDR [33] and 2F mea-
sure [34]. Both metrics are widely used for source sep-
aration evaluations, which is related to center extrac-
tion since both potentially degrade sound quality with
processing artifacts and residual signal components of
interfering sources. SI-SDR quantifies the distortion
caused by interfering sources and artifacts, whereas 2F
measure assesses sound quality by predicting a mean
score obtained in a MUSHRA listening test.

We train and evaluate four models with computational
evaluation metrics:

e Center Extraction GAN (CEG): trained with di-
rect target signals ¢[n], with 186 ms latency

* CEG-R: trained with reverberated target signal
¢,[n], with 186 ms latency

* CEG-LL: trained with direct target signals ¢[n],
operating with low latency (46 ms),

e CEG-RLL: trained with reverberated target sig-
nal ¢, [n], operating with low latency.

These are compared with two methods implemented
in commercially available software, in the following
referred to as S1 and S2, and the center extraction
as described in [18] (GSDR). All conditions have
been parametrized using a calibration item containing
sources with equal level in both channels and other
sources that are only present in one channel. We tried
to tune these conditions such that signals only present
in one channel are barely audible in the mixture, aim-
ing at comparable separation for all conditions. This
was not possible for S2, resulting in more leakage for
S2.

Test items were generated with the same procedure as
used for training with following modifications to have
different data distributions in training and test. We use

Metric SI-SDR ([dB] 1) 2F (1)

Reference  c[n] c[n] cln] c[n]
CEG 10.6 114 38.9 37.6
CEG-R 114 12.5 48.6 49.1
CEG-LL 9.5 10.0 30.9 30.3
CEG-RLL 11.1 12.2 46.3 46.5
S1 6.8 7.2 30.7 30.0
S2 9.0 9.6 37.2 36.5
GSDR 7.3 7.8 329 32.6

Table 1: Objective evaluation using SI-SDR and 2F
measure with references ¢[n] and ¢, [n]

the test split of MUSDB18 and test split of ReverbFX.
Speech signals as used for training data were not used
for evaluation, instead we ensured that all four source
signal were active. Evaluation metrics are computed
with reference signals according to both definitions for
targets, ¢[n] and ¢, [n].

Table 1 shows results for SI-SDR and 2F measure. For
all metrics, low latency models achieve lower scores
in all comparisons with other proposed models. Mod-
els trained with targets with reverberation, CEG-R and
CEG-RLL, perform better than CEG and CEG-LL.
Comparing all conditions, best scores are achieved by
model CEG-R for all scores and reference signals.

3.2 Listening test

A multi-stimulus listening test compares conditions
CEG, S1, S2, and GSDR, presented with an anchor sig-
nals, open input signal, and hidden input signal. We se-
lected CEG as only condition of proposed models to re-
duce the number of conditions in the test. The anchor
signal is the mean of both channels with lowpass fil-
tering at 3.5 kHz cut-off frequency. Input signals were
12 commercial recordings of 5 to 15 seconds length
each of rock, pop, and jazz, for which references for
center signals are not available. The input signal was
included in the test to let listeners know where source
are panned in the input to better understanding the ef-
fect of the processing. We found it not helpful to ap-
ply loudness normalization, because processed signals
with, e.g., more residuals will be attenuated more and
thereby desired signals are reduced in level.

Nine expert listeners participated. The tests were done
using headphones and listeners were free to choose the
headphone model. Similarly to [18], listeners were
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asked to rate according to two aspects: the attenua-
tion of the off-center signal components and over-all
sound quality of the signals. They were instructed to
grade the unprocessed 2-channel stereo signal at 50
points on a scale from 0 to 100 and to grade all other
conditions relative to that.

Figure 4 shows median and confidence interval of lis-
tener ratings per item and for all items. The proposed
method is rated significantly best. GSDR and S2 are
rated similar and better than S1, and it should be noted
that S2 applies less attenuation than all other condi-
tions, as described for the calibration in Subsection 3.1.

3.3 lllustrative Example for training with and
without reverberation

Figure 5 shows spectrograms of both channel signals
of input and output of models CEG and CEG-R to
illustrate differences of training with and without re-
verberation in target signals . The source panned to
center (at around second 2) is present in both output
signals, whereas a source panned to right (at second 5
to 7) is attenuated. A third source, which is according
to informal listening partially decorrelated, is attenu-
ated by model CEG and only partially attenuated by
model CEG-R. In general, it can be seen that CEG has
more attenuation than CEG-R in the upper half of the
spectrum and in the frequency range between 500 and
3000 Hz.

4 Conclusion

We presented Center Extraction GAN for processing
two-channel audio signals to obtain a center signal that
comprises direct sources panned to center. An impor-
tant aspect is the generation of data required for train-
ing the models using pairs of input and reference sig-
nals which enables to control the attenuation of rever-
beration.

In this work training data and test data for objec-
tive evaluation were restricted to intensity stereo (zero
ICTDs), however, the listening test data did not had
this restriction. The results of our evaluation indicate
an improvement over methods based on classical sig-
nal processing in terms of computational metrics for
source separation and listeners preference.
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