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Abstract

Accurate prediction of sound energy decay in enclosed
spaces is essential for acoustic design in performance
halls, classrooms, and recording studios. Statistical
room-acoustic theory, such as the Sabine reverberation
formula, provides fast but spatially limited estimates,
while wave-theoretical simulations are physically ac-
curate but computationally expensive. This work
presents a Physics-Informed Neural Network (PINN)
trained to solve the acoustic diffusion equation, us-
ing finite-difference time-domain (FDTD) simulations
for supervised learning. The network takes spatial
position and time as inputs and predicts sound en-
ergy density without requiring re-simulation. The
maximum likelihood enforces the governing partial
differential equation, boundary conditions, and initial
conditions alongside supervised data. Preliminary re-
sults show close agreement with FDTD ground truth
across the full decay range, accurately reproducing
the temporal decay process at the receiver positions.
Full temporal coverage of the decay process provides
stronger training than spatially dense but temporally
sparse sampling. The current work also formulates
the PINN within Bayesian inferential framework to
highlight the learning process incorporating the prior.

Keywords: physics-informed neural networks, acoustic
diffusion equation, reverberation time, Bayesian inference,
surrogate modeling

1. Introduction

Prediction of sound energy decay in enclosed spaces is
central to architectural acoustics. The acoustic diffu-
sion equation (ADE) provides a physically grounded
model for energy transport in rooms with diffusely
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reflecting surfaces [1]. Physics-informed neural net-
works (PINNs) have emerged as a promising surrogate
modeling approach that embeds governing differential
equations directly into the neural network training
objective [2]. By penalizing violations of the PDE,
boundary conditions, and initial conditions during
training, PINNs can learn accurate solution opera-
tors from relatively small amounts of labeled data,
with the physics serving as a regularizer. PINNs have
since been applied to room-acoustic problems such as
room impulse response reconstruction [3], and, more
recently, to accelerating coupled normal-mode models
for underwater acoustic propagation [4].

This work applies PINNs to room acoustic energy
decay governed by the three-dimensional ADE, with
particular attention to training efficiency. This work
demonstrates that time series at a few receiver posi-
tions is sufficient to anchor the PINN training and
achieve decay-curve accuracy within 3.5% of FDTD
ground truth across four physically distinct room con-
figurations, including rooms with a non-uniform sound
absorber on the floor.

2. Physical Model

The acoustic diffusion equation governs energy trans-
port throughout the enclosure, subject to boundary
conditions at the walls and an initial condition at the
source. The four room configurations described below
provide the physical basis for training and evaluating
the generalized PINN surrogate.

2.1. Governing Equations
The acoustic energy density w(x,t) in an enclosure
satisfies the acoustic diffusion equation. For ¢t > 0,
after the initial energy pulse, the governing interior
equation [1], [5] is

ow

— = DV?w —cmuw, 1

ot (1)
where D = ¢¢/3 is the diffusion coefficient, ¢ = 4V/S
is the mean free path, V' is the room volume, S is the
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total wall surface area, c is the speed of sound, and
m is the air absorption coefficient. Wall absorption is
enforced through the Jing & Xiang Robin boundary
condition on all six surfaces [1]:

“iiapy P

where « is the local absorption coefficient of the sur-
face and 7 is the outward unit normal. For configura-
tions with a sound absorber on the floor, a takes the
absorber value oy, within the absorber bounds and
the background wall absorption value oy elsewhere,
making k spatially varying across the floor surfaces.
The source excitation is encoded as a Gaussian initial
condition centered at the source position rg:

DVw-n+rkw=0, k

Ix —r,|?

- ) o=3Az, (3)

w(x,0) =2 exp(—
o

where Az = (/6 is the spatial grid spacing of the
FDTD discretization. This replaces a continuous
point-source term in the PDE, allowing the PINN
to enforce the homogeneous diffusion equation Eq. (1)
throughout the interior domain for all ¢ > 0 while the
initial energy distribution captures the source excita-
tion at t = 0.

2.2. Room Configurations

Four room configurations are used to evaluate the
generalized PINN surrogate, illustrated in Fig. 1.
All configurations use a background wall absorption
coefficient awan = 0.03, air absorption coefficient
m = 0.0025 m~!, and speed of sound ¢ = 343 m/s.
The total simulation time is T" = 2s for all configura-
tions.

Room 1 is an 8.3 x 6.3 x 5.5m enclosure with uni-
form absorption o = 0.03 on all surfaces, giving D ~
496m?s~!. The source is located at [8.0,6.1,5.3] m
and the receiver at [1.7,1.9,2.5] m.

Room 2 uses the same 8.3 x 6.3 x 5.5 m geometry as
Room 1 with the addition of a sound absorber on the
floor (aaps = 0.99) covering the region = € [2.7,7.7] m,
y € [4.0,6.0] m. All remaining surfaces retain owan =
0.03.

Room 3 is a 9.6 x 7.2 x 7.2m enclosure with a sound
absorber on the floor (a,ps = 0.99) covering = €
[2.7,7.7) m, y € [4.0,7.0] m, giving D ~ 598 m?s~*.
The source is located at [8.0,3.8,3.0] m and the re-
ceiver at [1.0,1.8,2.5] m.

Room 4 shares the 9.6 x 7.2 x 7.2m geometry of
Room 3 with uniform absorption o = 0.03 on all
surfaces and no floor absorber, giving the same D =~
598 m2s~!, source, and receiver positions. Rooms 3
and 4 form a matched pair with Rooms 1 and 2,
isolating the effect of the floor absorber across both
geometries.

Together these four configurations expose the model
to two distinct room geometries, uniform and non-
uniform absorption, and varying absorber sizes and
positions, providing a contrastive dataset for evaluat-
ing across room acoustic parameters.

3. Physics-Informed Neural Network
This section describes the PINN used to solve the
physical model introduced in Section 2. We first de-
tail the network architecture and its physics-informed
loss function. We then describe the training strategy,
which fits the model to receiver data alone.

3.1. Network Architecture

The generalized surrogate model is an MLP with 16-
dimensional input

u=[i{ G, i a, pl (4)

and scalar output . Space-time coordinates [¥,7] =
[%,7,%, € [0,1]* are normalized by room dimen-
sions and total simulation time. Room dimensions
G = [G,, Gy, G.] are passed in metres. Source posi-
tion Ty = [Fs .z, sy, 7s,-] and floor absorber bounds
P = [P, P, by, py ] are normalized by their
respective room dimensions, and a = [awall, Qabs)-
For configurations without a floor absorber, absorber
bounds are set to zero and aups = Qiyall, reducing the
absorber contribution to zero in the boundary condi-
tion. Each input is necessary for the model’s ability
to make predictions for various room configurations.
The architecture consists of one input layer (16 —
256), six hidden layers (256 — 256) with tanh acti-
vations and Dropout(p = 0.1), and one output layer
(256 — 1) with Softplus activation to enforce w > 0,
giving approximately 332,000 parameters. The dif-
fusion coefficient D and Robin BC coefficient x are
computed per-batch from the room dimension and
absorption columns of the input tensor, allowing a
single forward pass to simultaneously process points
from rooms with different geometries and absorption
configurations.

Energy labels are normalized in log space,

1 -1 min
. n(w+e)—In

; ()

where Iny,i, and Iny,., are computed jointly across all
room configurations. A physical noise floor wgger =
102 is applied to all receiver labels before normaliza-
tion to prevent numerically insignificant tail values
in high-absorption configurations from dominating
the normalized range. Chain rule corrections are ap-
plied to all spatial and temporal derivatives to recover
physical-space gradients from normalized autograd
outputs.

3.2. Loss Function

The four residual error terms are defined as follows.
The PDE interior residual €7, the Robin BC residual
€p, the Gaussian IC residual €p, and the supervised
receiver data residual €4 are

1nmax - lnmin

Ef = %—’;’ — DV?w + cmw,

ey =DVw-n+kw,
' (6)

o = w(x,O) - 2€Xp(7‘x - rs‘z/az)v

€4 = W — wWq,
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Figure 1: Cross-sectional side view (length—height plane at mid-width) of Room 3 (9.6 X 7.2 X 7.2m) showing the
acoustic energy flux field at (a) ¢t = 0s and (b) t = 1.5s. Arrows indicate the direction and relative magnitude of energy
flow. The sound absorber on the floor (aabs = 0.99, shown in blue) draws energy downward. The orange circle marks the
source position, relocated here to illustrate the model’s source-position generalization (see Section 2).

and the corresponding mean-squared errors are MSE¢,
MSE,;, MSEq, MSE,;. These are combined into the
weighted training objective

Losstotal = wg MSE ¢+wy MSE+wo MSEg+wq MSE4.
(7)
All four terms aggregate contributions from all room
configurations simultaneously. Each epoch samples
Ky = 5,000 interior points, K; = 5,000 boundary
points, and Ky = 3,000 IC points independently per
room, concatenated into a single batch before comput-
ing residuals. The supervised data term MSE; uses
the full combined receiver time series across all rooms
(Ntotal = >, T,(TQX points).
The PDE residual is divided by the per-batch D for nu-
merical conditioning. The boundary condition residual
computes x per-point from the local absorption coeffi-
cient using differentiable element-wise multiplication
rather than branching conditionals to preserve gradi-
ent flow. Loss weights are set as wy = 1.0, wy, = 0.0001,
wo = 50.0, wg = 20.0. The boundary weight wy is
substantially reduced relative to single-room training
because the sound absorber (a,ns = 0.99) produces
boundary residuals two orders of magnitude larger
than uniform-absorption walls.

3.3. Training Data Strategy

The model is trained exclusively on receiver time series
data, the full FDTD energy decay curve at a single
fixed receiver position per room configuration. No
volumetric spatial labels are used. This corresponds to
the minimal experimental scenario of one microphone
measurement per room, requiring no spatial scanning
or array measurements. Physics constraints (PDE,
BC, IC residuals) sampled freshly each epoch provide
the spatial regularization that labeled spatial data

would otherwise supply.

The combined labeled dataset across all four room
configurations contains Ny, receiver points, com-
pared to the millions of labeled space-time points that
a full spatial sampling approach would require. This
demonstrates that temporal coverage of the decay pro-
cess, enforced through physics constraints, is a more
data-efficient training strategy than spatial density.

4. Bayesian Framework

Bayesian learning for the estimation of neural network
parameters © applies Bayes’ theorem to determine
the posterior probability of ® given data D, model
Hp, and background information I:

p(D|®7HPaI) p(O‘HPaI)

O|D,Hp,I) = , (8
P(OID.Hr. 1 »(D[Hp.]) i
where the model Hp collectively includes
[Hxw(r,t,©), V - J, —J - 4], with the likeli-

hood function £ = p(D|®,Hp, I) and training data
D = [Dg4, Dy, D¢, Dy]. The log-likelihood evaluated
jointly across all room configurations is

10log,o (L) = —5 [NO log;o(MSEq) + Ny log;o(MSEy)

+ Ny logyo (MSE;) + N, loglo(MSEb)}

(9)

where Ng = Ko- R, Ny = Ky- R, and Ny = K- R are
the total IC, PDE, and boundary collocation points
across all R room configurations per epoch. Ny is
the total number of receiver timesteps pooled across
all rooms. This quantity is recorded at each train-
ing improvement checkpoint and used for principled
model comparison as model selection at the second
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level of Bayesian inference. Unlike a two-term formu-
lation applicable to parameter estimation alone, the
four-term expression reflects the full physics-informed
training objective, penalizing violations of the govern-
ing equation and boundary conditions alongside the
supervised data fit.

Dropout is retained at inference time (Monte Carlo
Dropout) to approximate a posterior distribution over
network outputs. Running 50 stochastic forward
passes yields a mean prediction and pointwise un-
certainty estimate, with uncertainty highest at onset
(t < 0.1s) where the Gaussian pulse evolves rapidly,
as illustrated in Fig. 2. T60 estimates from the MC
Dropout mean are less sensitive to local prediction
noise than single deterministic forward passes, due to
the variance-reduction effect of averaging over stochas-
tic samples.

5. Results

The trained PINN is evaluated against FDTD ground
truth on two fronts: decay accuracy and reverberation
time across all four rooms, and the extent to which
a single model generalizes across distinct geometries
and absorption regimes.

5.1. Energy Decay Accuracy

Fig. 3 shows the predicted receiver decay curves com-
pared to FDTD ground truth for all four room con-
figurations. The PINN tracks the decay range closely
across all rooms, with visible divergence only near
the physical noise floor where energy values fall below
Whoor = 1078,

Results of reverberation time are summarized in Ta-
ble 1. All four configurations achieve Tgo errors be-
low 3.5%, well within the ISO 3382 just-noticeable
difference threshold of 5%. Rooms with a sound ab-
sorber on the floor (Rooms 2 and 3) show errors of
1.86% and 2.39% respectively, demonstrating that
the model correctly distinguishes the accelerated de-
cay introduced by high-absorption surfaces from the
background uniform absorption. Room 4, the larger
geometry without an absorber, achieves 3.37% error,
reflecting the challenge of predicting a long reverbera-
tion time (Tgo = 4.408 s) within a 2-second training
window where the full decay is not directly observed.

5.2. Generalization Across Room Configura-
tions

A single generalized PINN trained jointly on receiver
time series from four physically distinct room config-
urations produces accurate decay curve predictions
across all four without retraining. The four config-
urations span two room geometries, two absorption
regimes (uniform «=0.03 and a sound absorber on
the floor with @=0.99), and a Tso range from 1.522 s
to 4.408 s. The model correctly predicts both faster
decay due to high surface absorption and slower de-
cay in the larger low-absorption room, demonstrating
that the room geometry, absorption coefficient, and
absorber geometry inputs are being meaningfully used
to condition predictions.

Table 1: Tgo (time to reach 60 dB) comparison across all
four room configurations. FDTD (Finite-Difference Time-
Domain) ground truth vs. generalized PINN (Physics-
Informed Neural Network).

Configuration TEP™ | TEINN T Err.
R1: uniform o=0.03 3.672s | 3.584 s | 2.41%
8.3x6.3x5.5 m

R2: absorber a=0.99 1.522s | 1.494 s | 1.86%
8.3%x6.3x5.5 m

R3: absorber a=0.99 1.707s | 1.667 s | 2.39%
9.6x7.2x7.2 m

R4: uniform o=0.03 4.408s | 4.260s | 3.37%
9.6x7.2x7.2 m

The receiver time series strategy requires only Niota =
ZT TIEQX labeled points across all rooms combined,
equivalent to one microphone measurement per con-
figuration. Physics constraints sampled freshly each
epoch from all four rooms provide spatial regulariza-
tion in place of volumetric labeled data, making the
approach practically deployable with minimal experi-
mental effort.

6. Concluding Remarks

This research demonstrates that a single generalized
PINN, trained jointly on receiver time series from
four room configurations spanning two geometries and
two absorption regimes, achieves Tgo accuracy within
3.4% of FDTD ground truth across all configurations.
The 16-dimensional input representation, encoding
room geometry, absorption coefficients, source posi-
tion, and floor absorber parameters, enables a single
model to condition predictions on the specific physical
parameters of each room without retraining. Cru-
cially, the labeled training data requirement is limited
to one receiver time series per room, with physics con-
straints providing the spatial regularization that would
otherwise require volumetric measurements. Experi-
mentally measured decay functions in reverberation
chambers will be involved in training the PINN prior
to Bayesian nested sampling.

Future work will extend the training dataset to a
broader range of room geometries and absorption val-
ues to improve generalization. Bayesian nested sam-
pling, guided by Monte Carlo Dropout uncertainty
and PDE residual magnitude, will be used to identify
optimal measurement locations for querying additional
training data.
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