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Abstract

This paper studies learning-based sound field con-
trol for a prototype large-audience scenario with ten
loudspeakers and multiple listeners distributed over a
listening region. Two identical complex-valued mul-
tilayer perceptrons are compared. One is trained
on a boundary normal-velocity objective and one
is trained directly on binaural ear pressures. The
velocity-based network is first validated against the
analytical controller based on previous work by Shin
et al [1] and shown to closely reproduce its region-
based behavior. The two models are then compared
using common region-based and listener-based met-
rics, including pressure error and binaural cue errors
based on Interaural Level Difference (ILD) and In-
teraural Phase Difference (IPD). For ten listeners,
direct ear pressure training defines an overdetermined
20-ear/10-loudspeaker problem, whereas the velocity-
based model provides a more robust trade-off between
regional accuracy and perceptual performance. The
results indicate that region-based velocity training is a
promising approach for overdetermined multi-listener
sound field reproduction.

Keywords: sound field control, complex-valued neural
networks, multi-listener reproduction

1. Introduction

Sound field reproduction aims to synthesize a desired
acoustic field over a listening region using an array
of loudspeakers. = Established approaches include
Wave Field Synthesis (WFS) [2] and Higher-Order
Ambisonics (HOA) [3]. In parallel, optimization-based
methods such as pressure matching have become
widely used because they can accommodate practical
loudspeaker layouts and directly optimize the
reproduced field at selected control points [4], [5].
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For large audience reproduction, however, matching
pressure only at a discrete set of positions may not
provide sufficient control of the field throughout
the surrounding region, especially when the array
is sparse or non-uniform [6]. Shin et al. addressed
this issue by replacing boundary pressure control
with control of the normal particle velocity on the
boundary [1]. For sparse and irregular loudspeaker
layouts, they reported that this formulation is easier
to regularize, produces smoother loudspeaker weights,
and better preserves the sound-intensity flow relevant
to localization.

Recent work has also moved toward more region-aware
and learning-based formulations. Weighted pressure
and mode matching have been used to better relate
discrete control-point optimization to control over
a broader target region [6], while deep learning
approaches have shown that neural networks can be
used either to estimate loudspeaker driving signals
directly [7] or to compensate sound field synthesis for
irregular loudspeaker arrays [8]. These developments
suggest that, for sound field control over extended
listening areas, a region-based physical objective
may generalize better than a purely listener-specific
pointwise objective, while a compact neural model
may approximate a useful controller without requiring
an online inversion solution [6], [7], [8].

In this work, we study sound field control for
a prototype large-audience scenario using a ten-
loudspeaker circular array and ten listeners distributed
over a listening region. We train a compact complex-
valued multilayer perceptron (cMLP) to predict
loudspeaker gains from source angle with the surface
particle velocity objective used by Shin et al [1],
and compare it with an architecturally identical
cMLP trained directly on listener ear pressures. The
two approaches are evaluated using region-based
reconstruction error together with binaural cue errors
based on ILD and IPD, allowing the comparison of
region-based and listener-based learning objectives in
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Figure 1: Geometry of the reproduction problem. Ten
loudspeakers are placed on a circular array of radius 5 m
around a control region of radius 4.5 m. Ten listeners are
distributed inside the region, with one at the center, three
on an inner ring, and six on an outer ring.

an overdetermined multi-listener setting.

2. Methods
2.1. Reproduction problem

We consider a two-dimensional multi-listener sound
field reproduction scenario with a circular array of
ten loudspeakers placed at a radius of 5 m. The
listening region is defined by a circular control area
of radius 4.5 m centered within the array. To emulate
a prototype large-audience scenario, ten listeners
are distributed inside this region. One listener is
placed at the center, three on an inner ring, and six
on an outer ring, as shown in Fig. 1. Each listener is
modeled by a pair of ears separated by an interaural
distance of 0.18 m.

Loudspeaker-to-ear transfer functions are constructed
from measured head-related transfer functions
(HRTFs) [9] in the horizontal plane. For each
loudspeaker-listener pair, the nearest measured HRTF
is selected according to the relative azimuth and the
transfer function is adjusted according to the propa-
gation distance from the loudspeaker to each ear by
applying both amplitude scaling and a corresponding
phase delay. This yields a frequency-domain plant
that maps the ten loudspeakers to the 20 ears of the
ten listeners.

Since the number of ear constraints exceeds
the number of loudspeaker controls, the multi-listener
ear pressure problem is overdetermined in this
arrangement. Exact reconstruction of all target
binaural signals is therefore not generally achievable,
making the problem a useful test case for comparing

region-based and listener-based control objectives.
Virtual sources are placed on a circle of radius
dsse = 5 m, i.e., on the loudspeaker ring. All
frequency-domain quantities are represented using a
2048-point FFT with the DC bin removed.

2.2. Velocity-based controller

Following Shin et al. [1], the reproduced sound field
is described by a continuous distribution of secondary
sources on the boundary of the reproduction region.
Under the usual assumption of time-harmonic fields,
the reproduced pressure on the boundary of the control
region can be written as a single-layer potential

p(x) =jwp | G(x,¥)q(y)dS(y), (1)
oA

where G(x,y) is the free-field Green’s function and
q(y) denotes the source strength distribution on the
loudspeaker boundary OA. Shin et al. then derive
the reproduced particle velocity from Euler’s relation
and define the normal velocity as the component of
the particle velocity along the inward normal to the
control boundary oV'.

Rather than controlling the acoustic pressure
on the boundary, Shin et al. propose matching
this normal particle velocity. In the discrete im-
plementation, the continuous boundary integral
is approximated using N loudspeakers located
at positions y,, and M control points x,, on the
boundary of the control region. The reproduced
normal velocity at control point m is then written as

N
(xXm) = Zhv(xmayn) n, (2)

where ¢, is the n-th loudspeaker weight and

hv(XmaYn> = jk (1 + =

JkTmn

) G(Xma yn) [am,n'ur(xm)]
(3)

is the transfer function from loudspeaker n to the
normal particle velocity at control point m, with
A = (Xm — ¥n)/||Xm — ¥nll, ur(X) denoting the
inward unit normal on the control boundary and
k = 2xf/c is the wavenumber. In matrix form, this
gives v = H,q, with H, € CM*N q ¢ CV, and
¥ € CM. In the present implementation, the control
boundary is sampled using M = 40 control points
uniformly distributed on the circular control region.
Following the spatial bandwidth rule introduced by
Shin et al., the control radius decreases in inverse
proportion to frequency, r(f) = ¢(N — 1)/(2w),
clipped to [0, 4.5] m. This gives approximately 0.25 m
at 1 kHz and 0.025 m at 10 kHz. [1].

At each frequency, the loudspeaker weights are
obtained from a regularized least-squares problem
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Figure 2: Overview of the two learning-based controllers.
Two separate cMLPs with identical architecture map the
source angle 6 to complex loudspeaker gains qg. These
gains are combined with the broadband probe spectrum x
to form the loudspeaker driving spectra sg. The velocity-
based model is trained through the velocity plant H,,
while the ear pressure-based model is trained through the
ear pressure plant He.

using the closed-form solution
-1
Qopt = (HEHU + ﬁI) Hzrjlvv (4)

where v is the target normal velocity vector. The
regularization parameter follows 3 = Byo?, with By =
104, where o is the largest singular value of H, at
each frequency.

In the present work, this formulation is used
in two ways. First, it provides the analytical velocity-
based baseline. Second, it defines the physical
objective for the velocity-based complex-valued neural
network, which is trained to predict loudspeaker
gains from source angle without requiring a matrix
inversion.

2.3. Learning-based controllers

To compare region-based and listener-based learning
objectives under the same loudspeaker configuration,
two compact cMLPs are considered. The velocity-
based and ear pressure-based models use the same
compact cMLP architecture. The input is a single
complex scalar e/? representing the source angle. This
is processed by two hidden complex-valued fully con-
nected layers with 300 neurons each, followed by a
complex cardioid activation [10], and a final linear
complex-valued output layer. Using a 2048-point FFT
with the DC bin removed, the frequency representa-
tion contains 1024 bins. For a 10-loudspeaker array,
the output dimension is therefore 10 x 1024 = 10240
complex gains. Thus, the two models are architec-
turally identical. They differ only in the fixed acoustic
plant and in the training objective used to optimize
the predicted loudspeaker gains. Figure 2 illustrates
the training pipelines of the two cMLP models.

For a given source angle 6, the network predicts a vec-
tor qg containing the complex gains of all loudspeakers
over all frequency bins. During training, these gains
are multiplied elementwise by a broadband probe spec-
trum x; to form the loudspeaker driving spectra

Se,i = dp O X;. (5)

For both trained models, the same set of N, = 200
independent white-noise probe spectra {xi}ﬁv:*l is
used at every source angle. Thus, each spatial target
is paired with the same collection of white noise
spectra, while the source angle remains the control
parameter of interest.

The dataset is split by noise realization rather
than by source angle. For each angle, 80% of the noise
realizations are used for training and the remaining
20% for validation. As a result, the training and
validation sets contain the same angular conditions
but different probe spectra. The validation loss
therefore reflects generalization to unseen spectral
realizations rather than to unseen source angles.

The first model is a velocity-based cMLP. Its
objective follows the velocity-based formulation of
Shin et al., described in the previous section. Let H,,
denote the transfer matrix from loudspeaker driving
spectra to the normal particle velocity at the control
points. The predicted boundary velocity is then

‘70 — Hv Sg, (6)

and the network is trained to minimize the mismatch
with the target normal velocity

L, = |[v9 — val 2, (7)

where vy is the target normal-velocity for the virtual
source at angle 6. This model can therefore be
interpreted as a learned surrogate of the velocity
control in the manner of Shin et al, in which the
mapping from source angle to loudspeaker gains is
learned directly rather than obtained by solving a
regularized inverse problem.

The second model is an ear pressure-based cMLP.
Here, the objective is defined at the listener ears
rather than on the boundary of the control region.
Let H, denote the transfer matrix from loudspeaker
driving spectra to the binaural ear pressures of all
listeners, and let pg denote the target ear pressure
vector for source angle . The binaural pressure vector
Po is formed by concatenating the left- and right-ear

pressure spectra of all listeners for source angle 6.

. 1 1 L L
More precisely, py = [pg,)e,pg%7)9, . ,pg,g),p%},}T,

with L denoting the number of listeners. The
reproduced ear pressures are written as

f’@ = H6597 (8)
and the corresponding training objective is
R 2
Le=Po—poll;- (9)

In the present setup, this model attempts to match the
binaural target signals of all listeners simultaneously.
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3. Results

3.1. Evaluation metrics

Since the two controllers are trained with different
objectives, their training losses are not directly
comparable. We therefore evaluate both methods
using common region-based and listener-based
metrics: ear pressure error, region pressure error,
region velocity error, and binaural cue errors based
on ILD and IPD. All quantities are represented in
the frequency domain, and frequency-bin indices are
omitted for compactness unless explicitly needed.

First, the normalised ear pressure error is de-

fined as )
By = Ep lnpe - erIIQ] | (10)
Ipoll5

where @ is the virtual source angle and Ey corresponds
to an average over all azimuth angles. Next, the region
based pressure error over a dense evaluation grid is
defined as

(11)

A 2
P, — P
EQ,P = E9 l ||2‘| 3

2
||PQ79||2

where pg ¢ denotes the target pressure evaluated on
the dense grid Q.

In addition, we evaluate the reproduced full in-
plane particle velocity field over the same dense grid.

Let
Vi Q.0
e 12
Vou [VW] (12)

denote the target particle velocity vector field over €2,
and let Vo ¢ denote its estimate. The corresponding
region based velocity error is defined as

EQ'UZEQ

)

[H\A’Q,e — Va0

2 '3] W)

Here, the particle velocity at each grid point is
obtained from the reproduced or target sound field
by evaluating its horizontal components v, and
vy, so that Fq, measures the error in the full
in-plane velocity field rather than only in the normal
component used in the boundary control formulation.
The dense evaluation grid 2 is a uniform mesh over
the square region z,y € [—4.5,4.5] m at 100 x 100
resolution, retaining only points that fall within the
4.5 m control radius (approximately 7,850 evaluation
points).

[va,e

The ILD is defined as

\pL,9|
IProl’

ILDy = 20log,, (14)
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Figure 3: Eq, as a function of source azimuth for the
cMLP compared to the Shin et al baseline approach for
a virtual source at 5 m radius. The reported NMSE is
computed over the full evaluation frequency range from
20 Hz to 20 kHz.

and is evaluated for frequencies f > 1500 Hz. The
IPD is defined as

IPDy = 4pr,s — £PR,0: (15)

and is evaluated for frequencies f < 1500 Hz, with
phase wrapped to (=, 7], where Z denotes the phase.
Reported ILD and IPD errors are computed as abso-
lute differences between reproduced and target values,
averaged over the corresponding frequency bins and
over all validation samples.

3.2. Velocity-guided learning versus analyitical
baseline

The velocity-based cMLP closely matches the
analytical controller under the common evaluation
metrics. Averaged over all source azimuths, both
methods yield the same region-based pressure
and particle-velocity errors, with Eq, = 1.6 and
Eq,, = 1.7. This indicates that the learned controller
successfully reproduces the behavior of the analytical
baseline while avoiding a matrix inversion.

A more detailed view is shown in Fig. 3, which reports
the region error Eq , as a function of source azimuth
for both methods. The two curves follow identical
trends over angle. This close agreement is expected
given the conditioning of H,, in this geometry. Across
the full evaluated band (20 Hz—20 kHz), the condition
number of H, remains below 4.14, well within the
range where Sy = 10~* has negligible regularizing
effect. The analytical and learned controllers
therefore converge to essentially the same solution.
The pronounced minima occur when the virtual
source position coincides with a loudspeaker position
on the circular array. In the present evaluation, both
the loudspeaker radius and the virtual source distance
are 5 m, so source directions aligned with loudspeaker
azimuths correspond to exact source-loudspeaker
coincidence. In these cases, the target field can be
reproduced directly by the corresponding loudspeaker,
leading to near-zero NMSE for both the analytical
Shin controller and the learned cMLP.
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Figure 4: RMS loudspeaker gain vs. source azimuth
(velocity cMLP). Each curve is one loudspeaker, labeled
by its array position.

Table 1: Comparison between the velocity-based and ear
pressure-based cMLPs in the ten-listener setup. Lower
values are better. ILD and IPD are reported as mean
absolute errors, in dB and radians, respectively.
Method E, Eq, ILD IPD
Velocity cMLP 1.5 1.6 6.0 0.7
Ear pressure cMLP 0.4 24 75 0.8

Figure 4 shows that the velocity-based cMLP learns
a smooth angle-to-gain mapping. For each source
direction, the dominant gain is assigned to the
nearest loudspeaker, with weaker contributions from
neighboring loudspeakers. This is consistent with a
panning-like control law on the circular array.

Based on these results, the velocity-based cMLP
is used in the remainder of the paper as a learned
surrogate of the analytical velocity controller. This
allows the subsequent comparison with the ear
pressure-based c¢cMLP to focus on differences in
training objective rather than on differences in
network architecture.

3.3. Comparison of velocity- and ear pressure-
based training objectives

We next compare the two cMLPs in the ten-
loudspeaker, ten-listener arrangement. The ear
pressure model solves a 20-ear/10-speaker pressure-
matching problem, whereas the velocity model
is trained on a region-based boundary-velocity
objective. For the comparison, both models are
evaluated on the same test set, built using a common
loudspeaker-to-ear plant and a fixed set of N, = 100
white noise signals reused across all source angles.

Table 1 summarizes the comparison using com-
mon evaluation metrics. As expected, the ear pressure
model achieves the lower ear spectrum reconstruction

error E,, since it is optimized directly for binaural
pressure matching. However, this advantage does not
translate into lower binaural cue or region-based error
in the ten listener case. The velocity-based model
yields lower ILD and IPD error, and also lower region
pressure error Egq .

This shows that lower overall ear spectrum mismatch
does not mnecessarily imply better binaural cue
reconstruction. In particular, ILD and IPD depend
on the relative left-right structure of the reproduced
ear signals rather than on absolute reconstruction
accuracy alone. In the present overdetermined
setting, direct ear pressure training therefore becomes
too listener specific, whereas the velocity objective
provides a more robust compromise between regional
reconstruction and listener side perceptual accuracy.

Representative listener side examples are shown
in Fig. 5 and Fig. 6. Although the ear pressure
model achieves lower overall ear spectrum error, the
velocity-based model follows more closely the target
binaural cues in the selected example, particularly in
IPD and, to a lesser extent, ILD. The region-based
comparison in Fig. 7 further shows that the velocity-
based ¢cMLP yields lower pressure error across source
azimuths. As in the comparison with the work of
Shin et al., both methods exhibit pronounced minima
at source directions that coincide with loudspeaker
positions, where the target field can be reproduced
directly by a single loudspeaker. However, away from
these directions, the velocity-based cMLP maintains
consistently lower region error than the ear pressure
model.

4. Conclusion

This paper investigated learning-based sound field
control for a prototype multi-listener reproduction
scenario using a ten-loudspeaker circular array. A
complex-valued MLP trained on a boundary normal-
velocity objective was first shown to reproduce the
analytical velocity controller closely. This validated
the use of the learned model as a surrogate for the
original inverse formulation.

The main comparison then considered velocity-
based and ear pressure-based training objectives
under the same ten listener arrangement. Although
the ear pressure model achieved the lower overall
ear spectrum reconstruction error, the velocity-based
model yielded lower binaural cue error and lower re-
gion pressure error. These results indicate that, in the
overdetermined multi-listener regime considered here,
direct ear pressure matching becomes too listener
specific, whereas a region-based velocity objective
provides a more robust compromise between spatial
reconstruction and perceptual accuracy. Future work
will examine this trade-off as a function of listener
count and extend the evaluation to additional listener
configurations and source conditions.
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Figure 5: Representative ear pressure spectra for Listener
1 and a virtual source at @ = 45°. For visual clarity, the ear
pressure magnitude spectra are shown after smoothing on
the log-frequency axis. All reported metrics are computed
from the original spectra.
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