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Abstract

Neural implicit fields are a powerful framework for
sound field regression, but their application to broad-
band problems has been challenged by the pro-
hibitively expensive computational cost of training
neural networks. To break this barrier, this paper
proposes a massively parallel strategy via frequency
stacking. This architecture factorizes the broadband
problem into independent, per-frequency branches
that are trained in parallel, leveraging efficient GPU
batching and parallel execution. Our results show
that the proposed stacking architecture outperforms
the conventional frequency conditioning architecture,
with accelerations greater than two orders of magni-
tude and lower regression errors, which demonstrates
a real-time potential for broadband sound field re-
gression in small spaces. It is also demonstrated that
incorporating a partial differential equation (PDE)
residual loss further enhances the accuracy, particu-
larly in the low to mid-frequency regime, despite at
a cost of slightly longer training times. These find-
ings offer practical guidelines for efficient, potentially
real-time, yet high-fidelity sound field regression.

Keywords: mneural implicit field, sound field regression,
frequency stacking, physics-informed neural networks

1. Introduction

Regression of sound pressure from sparse measure-
ments is central to virtual acoustics, spatial audio,
and active noise control, yet remains difficult under re-
alistic sampling budgets and/or challenging reverbera-
tion conditions [1], [2], [3], [4]. Data-driven estimators
have shown progress on sound field reconstruction at
low frequencies, but often require prohibitively large
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training datasets or fail to generalize across rooms and
sensor layouts [5]. Physics-Informed Neural Networks
(PINNS) have recently emerged as an appealing alter-
native by embedding the underlying physical equa-
tions into the loss, enabling volumetric reconstruction
from sparse observations and supporting grid-free field
queries [6], [7], [8], [9]. However, learning in the broad-
band frequency ranges is typically prohibitively slow
with a single standard PINN, and convergence to the
loss minimum is challenging.

Several strategies for multi-frequency learning have
been explored in other domains. In geophysics, for
example, frequency conditioning has been proposed,
where a single network takes the frequency as a contin-
uous input variable, sometimes enhanced with Fourier
features or multiscale sinusoidal activations [10], [11].
Yet it remains unclear how well such conditioning
strategies transfer to enclosed room acoustics, partic-
ularly at higher frequencies.

To address this challenge, we propose a frequency
stacking strategy. Inspired by advances in opera-
tor learning and modern GPU capabilities [12], [13],
[14], this architecture factorizes the broadband prob-
lem into independent, per-frequency branches. Each
branch has dedicated weights, but all are fused into a
single computational graph and executed concurrently
on the GPU using optimized batched tensor operations.
We present a direct comparison between the proposed
stacking architecture and conventional frequency con-
ditioning on a broadband room acoustic benchmark
case. Specifically, we evaluate (i) regression error ver-
sus training time, (ii) convergence behavior across the
spectrum, and (iii) memory and parameter efficiency.

2. Method

2.1. Problem formulation

This work addresses the problem of broadband sound
field regression, namely, learning a continuous func-
tion that represents the complex sound pressure field
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P(x,k) from a sparse set of measurements. Here,
x = (z,y,%) denotes the spatial coordinates and
k = 2mf/c is the wavenumber associated to the fre-
quency f and speed of sound in air ¢. The sound field
is governed by the Helmholtz equation

V2P(x,k) + k*P(x,k) = 0. (1)

We model the sound field as an implicit neural repre-
sentation, where a neural network Ny with parame-
ters @ maps input coordinates directly to the complex
sound pressure. The neural network (NN) is opti-
mized by minimizing a loss function that enforces
fidelity to the measurement data. The data fidelity
term, Lqata, ensures the NN’s output converges to the
known measured values at a sparse set of coordinates
Dyata:

1
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The governing physical equation can also be incorpo-
rated as an additional residual loss term, L,es, which
serves as a learning regularizer. The residual of the
Helmholtz equation is penalized over a set of colloca-
tion points, Dyes, Which consist of coordinates where
no measurement data is available and is defined by:

1
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The final training objective becomes a dynamically
weighted sum

‘Ctotal = /\dataﬁdata + AresﬁreSa
where Agata, Ares > 0 are scalar hyperparameters.

2.2. Network architecture for broadband re-
gression

Two network architectures are compared: the con-
ventional frequency conditioning approach and the
proposed frequency stacking architecture, as shown in
Figure 1. Both strategies are implemented as implicit
neural representations using sinusoidal activation func-
tions (SIRENSs) with the modified MLP structure [13],
[15].

The conventional method, referred to as frequency
conditioning, treats frequency as a continuous input
coordinate. As shown in Figure 1(a), this monolithic
network takes as input {x,k} and learns a single,
unified function over the joint space-frequency domain.
While conceptually simple, this forces the network to
learn a highly complex oscillatory behavior, creating
a significant optimization barrier. In our experiments,
we test this strategy with two configurations: 2 layers
with 3072 neurons and 4 layers with 1792 neurons.
For the proposed frequency stacking method, a mas-
sively parallel architecture shown in Figure 1(b) is
employed. This strategy factorizes the broadband
problem into independent, per-frequency branches. It

takes a single 3D spatial coordinate x and simultane-
ously outputs the complex pressure for all IV frequency
bins. This is achieved by implementing the parallel
branches as a single fused GPU kernel, where a custom
linear layer is optimized through the opt_einsum [14]
module to efficiently execute batched matrix multipli-
cations across the frequency dimension. This design
is inherently GPU-friendly, mapping directly to the
hardware’s parallel nature and allowing all frequencies
to be processed concurrently. For this architecture,
we use in our experiments a compact configuration
of two hidden layers with 128 neurons per layer. We
designed two variants: one only with the data loss and
the other combining the data and the PDE residual
loss.
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(a) Frequency conditioning (b) Frequency stacking

Figure 1: The two neural network architectures compared.
(a) The conventional frequency conditioning approach uses
a single monolithic network. (b) The proposed frequency
stacking architecture factorizes the problem into parallel,
per-frequency branches. The loss function must include
data, whereas the PDE residual term is optional.

3. Experimental setup
3.1. Data acquisition
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Figure 2: Room and acoustic boundary properties.

In Figure 2(a), we simulated a furnished rectangular
room (4.5 x 3.0 x 2.6 m) containing a sofa, a ta-
ble, and a TV cabinet using the COMSOL Pressure
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Acoustics Module, with quadratic Lagrange elements
and five elements per wavelength based on the high-
est study frequency [16]. The sound bar is used as
a source, with its surface normal velocity defined as
inversely proportional to the frequency, ensuring con-
stant acoustic power output across the broadband
spectrum. The sound field was sampled on a regular
3D grid of 15x10x8 points, corresponding to a total
of 1200 receivers, with a uniform spacing of 0.2 m.
The acoustic properties of the surfaces are illustrated
in Figure 2(b): the sofa was modeled as foam which
has high absorption above 500 Hz, the side walls
consist of several layers of curtains that exhibit reso-
nance behaviors in their absorption, and the ceiling
as a porous absorber. This configuration produced
an overall reverberation time of about 0.5 s, which
is common in actual living rooms. Accordingly, we
used a frequency resolution of 2 Hz, with the lowest
frequency of 70 Hz, which is the lower cutoff frequency
of the 1/3 octave band centered at 80 Hz, and the
highest frequency of 1120 Hz, i.e., the upper cut-off
frequency of the 1/3 octave band centered at 1 kHz.
The regression accuracy is analyzed in the 1/3 octave
bands.

A sparse subset of 120 points, which corresponds to
10% of the receivers, was randomly selected from
the training set, meaning that the remaining 1080
points are reserved as the validation set to evaluate the
regression performances. During training, all complex
pressure outputs were normalized at the receivers.

3.2. Training protocol

The training subset was generated three times with
different random seeds to reduce sampling imbalance,
while all networks shared the same random seed for
reproducibility. All models were compiled and trained
using the AdamW optimizer [17] with a maximum
learning rate of 1 x 1072, The learning rate schedule
included a 100 epoch warmup followed by cosine decay,
both bounded at 0.1 of the maximum rate.

For both architectures, all frequencies have identical
Adata in the pure data-driven test. In the second sce-
nario, where the residual loss is included, the gradient
norm technique [18] is employed with a smoothing co-
efficient of 0.9 to balance the data and residual losses
for each individual frequency. Here, the weighting is
updated every 50 epochs, with the data loss weight
Adate initialized at 100 times \,.s. The residual loss
was implemented using Jacobian-vector products and
evaluated at all 1200 sampling point coordinates.

All models were trained for 250 epochs on a single
Nvidia H100 GPU with PyTorch 2.8 and CUDA 12.8.
The two architectures were aligned in two key aspects
to ensure a fair comparison. First, the number of
network parameters is almost equivalent, as shown
in Table 1. Second, the total number of coordinate-
frequency pairs processed in a single training step
is the same. We used the wave number instead of
frequency because its scale is comparable to that of
the coordinates.

3.3. Evaluation metrics

To evaluate the performance of the models, we define
metrics for the physical accuracy and computational
efficiency. The primary measure for accuracy is the
SPL difference in the 1/3-octave band at the center
frequency f., namely,

6fc = |SPLpred,oct (fc) - SPLtrue,oct (fc)‘ . (4)

This metric evaluates the difference in the energy
summed within the 1/3 octave bands and emphasizes
the difference near the peaks in the frequency response
functions, i.e., the energy near the natural frequencies.
An average is performed across the receiver location
and the frequency and named as e¢,, which defines a
single-number global accuracy measure. The computa-
tional efficiency is quantified by three metrics recorded
during training: (1) the total wall-clock training time
excluding the compilation (s), (2) the average GPU
utilization, i.e., Streaming Multiprocessor utilization
percentage [19], SM (%), and (3) the average GPU
memory usage (GB).

4. Results and analysis

A summary of the accuracy and efficiency metrics for
the four network configurations tested is presented in
Table 1. Results show a clear out-performance by the
stacking strategy. The stacking architectures is over
two orders of magnitude faster than the conditioning
ones. In particular, the pure data-driven regression
takes less than 3 seconds, compared to about 1475
seconds for the conditioning models. The stacking
model with residual loss requires about 60 seconds
due to frequent calls to automatic differentiation. The
stacking models reach much higher SM utilization, up
to 85.30% with residual loss, while the conditioning
model reaches only about 1%. In terms of accuracy,
the stacking model with residual loss achieves the
lowest e, of 0.9 dB, outperforming all other configu-
rations.

Table 1: Performance and efficiency with the best model in bold.

Frequency conditioning Frequency stacking

Loss Data Data Data Data+residual
Architec [4,3072x2, 2] [4, 1792x4, 2] 526x[3,128x2,2] 526x(3,128x2,2]
Nyara 9.49 M 9.67 M 9.62 M 9.62 M
SM (%) 1.0 1.1 20.0 85.3
Mem.(GB) 48.7 48.7 21.6 36.9
Time (s) 1475.4 1471.5 2.6 61

¢y, (dB) 2.4 2.3 1.5 0.9

The training dynamics are shown in the convergence
plot in Figure 3(a). Consistent with the results in the
Table 1, the stacking models converge faster, reach-
ing a lower error within about 50 epochs. The pure
data-driven model shows only minor improvement
with further training up to 250 epochs, whereas the
model with the residual loss continues to improve. In
contrast, the conditioning models converge at a signif-
icantly reduced rate, confirming their lower parameter
efficiency for this task.

The error ey, at the final epoch is shown in Fig-
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Figure 3: Comparison of models’ convergence and evaluation error.
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Figure 4: Prediction vs. reference frequency response function at receiver [2.7, 1.7, 2] m.

ure 3(b). The stacking network with residual loss
achieves the lowest error across most of the spec-
trum, although its effectiveness is strongly frequency-
dependent. Compared to the pure data-driven stack-
ing network, adding the residual loss substantially re-
duces the error below 1 kHz, where longer wavelengths
make the residual loss an effective regularizer. Above
1 kHz, however, it leads to a larger error, as the fixed
collocation spacing in D,.s cannot resolve shorter wave-
lengths and the additional constraint makes the loss
harder to balance. Among the conditioning models,
deeper networks yield slightly smaller errors. Further-
more, both conditioning models reach lower error at
the 1 kHz 1/3-octave band than the stacking network
with residual loss. In Figure 3(c), the reverberation
time is compared with the ground truth at a receiver
point at [2.7, 1.7, 2] m, visualized in the first figure of
Figure 4. As expected from Figure 3(b), the predicted
reverberation times, T20, are very accurate for the
stacking network up to the 250 Hz band. Above 500
Hz, the discrepancies in T20 are larger than one just
noticeable difference (JND) of 5 % for reverberation
time [20]. Although not shown, the predicted T20
converges within one JND from the reference after a
longer training, approximately 1000 epochs, allowing
users to choose between accuracy and computational
speed depending on the purpose of the project. Finally,
the frequency response function at the receiver used
in Figure 3(c) is compared in Figure 4. The stacking
network with the residual loss agrees best with the
reference, particularly in capturing the modal behav-
ior at low frequencies. However, since stacking models
treat each frequency independently, they cannot cap-
ture inter-frequency continuity and can produce non-
physical spectral fluctuations at higher frequencies. In
contrast, conditioning networks enforce smooth evolu-

tion across frequencies by learning a unified function
over the joint space—frequency domain, but they fail
to extrapolate from sparser training data points and
struggle to capture the full spectral details.

5. Discussion

The proposed frequency stacking strategy has proven
to be more effective and accurate in sound field re-
gression tasks than the frequency conditioning. The
frequency stacking architecture offers a speed-up of
over 500 times, with the pure data-driven variant
compared to the frequency conditioning architectures.
The training time of 2.6 s enables a nearly real-time
sound field regression for the room and frequency
range tested. Thanks to the impressive convergence
rate shown in Figure 3(a), a reasonably accurate and
perceptually plausible regression is possible by train-
ing only up to 50 epochs, corresponding to a 520
ms training time. Small rooms, such as car cabins,
are potential applications for real-time sound field
regression.

In terms of accuracy, incorporating the residual loss
into the stacking networks yields the impressively low
error of 0.9 dB, which is within one JND for broadband
sound perception [21], highlighting the potential of
PDE constraints as a strong regularizer. This advan-
tage, however, comes with a trade-off: stacking models
treat frequencies independently and may produce non-
physical spectral fluctuations, whereas conditioning
networks enforce smooth inter-frequency evolution at
the cost of lower efficiency and accuracy.

6. Conclusion

We presented two neural network architectures that
can efficiently perform spatial regression of sound
fields for a broad frequency band. Specifically, we
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compared frequency conditioning and frequency stack-
ing strategies. We found that the frequency stacking
strategy outperforms the conditioning network both
in terms of accuracy and efficiency. The pure data-
driven frequency stacking networks demonstrate near
real-time potential having a reasonable accuracy. The
physics-informed variant provides the best accuracy,
particularly thanks to its exceeding performance at
the low frequencies. These findings point to a funda-
mental trade-off between the speed of stacking and
the continuity of conditioning, motivating future work
on hybrid designs that combine their corresponding
strengths.
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