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ABSTRACT

Plate reverberation is characterized by a dense distribution of reso-
nant modes, which makes the estimation of modal parameters from
observed responses a challenging inverse problem. To address
this problem, we propose a physics guided dual stream framework
that integrates an Audio Spectrogram Transformer (AST) with Dy-
namic Mode Decomposition (DMD). The AST branch models the
global temporal and spectral structure of the impulse response,
whereas the DMD branch extracts local descriptors associated with
modal dynamics. The resulting representations are fused and pro-
cessed by convolutional prediction heads to jointly estimate mode
presence and the corresponding modal parameters. Experiments
on the official validation set of Task B in the DAFx Challenge show
that the proposed method reduces the overall relative error from
1.976 for the official baseline to 0.867. These results demonstrate
that integrating local dynamic information derived from physical
modeling with global transformer based representations substan-
tially improves plate modal parameter estimation.

1. INTRODUCTION

Plate reverberation arises from thin plate vibration, with its im-
pulse response governed by a dense set of resonant modes whose
frequencies, decay rates, and gains depend on physical and geo-
metrical properties, such as the plate material, geometry, boundary
conditions, tension, and observation position [1/|2}|3]/4]. While
forward simulation is well established, estimating modal param-
eters from observed responses remains difficult. Task B of the
Ist DAFx Parameter Estimation Challenge addresses this inverse
problem by requiring thousands of resonant modes to be estimated
from a one-second impulse response, with each mode character-
ized by its natural frequency, decay constant, and modal gain. The
official baseline relies on spectral peak picking followed by pa-
rameter estimation around each detected peak. While effective for
prominent and well-separated resonances, this approach becomes
unreliable for dense responses containing numerous closely spaced
and overlapping modes.
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Dynamic Mode Decomposition (DMD) offers a complemen-
tary route to extracting local modal dynamics from time-series
data [5/|6/|7/|8]. Given a sequence of observations from a dy-
namical system, DMD approximates the underlying evolution by
a low-rank linear operator whose eigenvalues determine the oscil-
lation frequency and decay rate, while the corresponding coordi-
nates in the eigenvector basis represent the amplitudes. This makes
DMD highly suitable for plate responses in the time-frequency
domain, where each resonant mode manifests locally as an ex-
ponentially decaying trajectory across successive spectral frames.
However, such a physical modeling lacks the global receptive field
needed to interpret the holistic structure of plate reverberations.
Recent studies have explored physics-aware learning frameworks
that combine physical modeling with data-driven representation
learning, such as differentiable modal simulation and inverse ren-
dering [9.)/10]. In parallel, large scale audio models pretrained on
AudioSet [11], including the transformer based AST [12] and the
CNN based PANNSs [13], have shown strong capability in captur-
ing the spectral structure and temporal evolution of audio signals.

To address the challenge of densely distributed and closely
spaced modes in plate modal parameter estimation, this paper pro-
poses a physics-guided dual-stream neural framework. The main
contributions of this work are summarized as follows:

¢ Physics-Guided Dual-Stream Framework: We propose
a unified end-to-end framework that couples a global au-
dio spectrogram transformer branch with a local dynamic
mode decomposition branch for joint mode detection and
parameter regression.

* DMD for Plate Modal Inversion: We introduce dynamic
mode decomposition into the plate reverberation inverse
problem. By extracting local modal decay and amplitude
descriptors from the time-frequency domain response,
DMD provides explicit physical dynamic priors that com-
plement the global transformer features, helping resolve
closely spaced modes and stabilize parameter regression.

¢ Performance Improvement: Evaluated on the official val-
idation set, the proposed method reduces the overall relative
error from 1.976 for the official baseline to 0.867, with rel-
ative errors of 0.338 and 0.511 for natural frequencies and
decay constants, respectively.

2. PROPOSED METHOD

2.1. Problem Formulation and Evaluation Band

Given an impulse response, let the ground-truth modal set contain
M modes, represented by (fo,m,om, bm)%:h where fo,m, Om,
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and b, denote the natural frequency, decay constant, and modal
gain of the m-th mode, respectively. The objective is to estimate a
variable-length set of M modes, represented by ( foyi, Gi, I;Z)f”il
Following the challenge definition, only modes within the fre-
quency range [ fmin, fmax] are considered. In the experiments, the
frequency bounds are set to

fmin = 20 Hz, fmax = 10000 Hz. 1)
Modes outside this band are ignored during training rasterization
and evaluation.

2.2. Preprocessing

The displacement impulse response is amplitude-normalized
before AST feature extraction and log-magnitude computation
to improve numerical stability, while the original unnormalized
response is used for DMD feature extraction to preserve the
physical meaning of the estimated modal parameters.

To construct the input for the AST stream, the scaled response
is converted into a log-mel filterbank spanning 256 time frames.
A scalar log-energy feature is then computed and concatenated to
the pretrained AST class token embedding.

To establish a unified discrete representation for both model
targets and input features, we define a high-resolution logarithmic
frequency grid with K = 10000 bins over the evaluation band:

f max

k—1
K-—1
Cr = fmin (f ) ) 3
min

To facilitate supervised learning, ground-truth modes are pro-
jected onto the discrete log-frequency grid by assigning each mode
to its nearest frequency bin c,. When multiple modes collide in the
same bin, only the mode with the largest absolute gain is retained.
The resulting grid representation consists of a binary activity label
ay, € 0,1 and the associated modal parameters (o, by, ) for active
bins, while inactive bins are filled with zeros.

The decay constants and modal gains span several orders of
magnitude across different plate configurations, making direct re-
gression challenging. To reduce the dynamic range, we first apply
logarithmic transformation: yr = In(oy) and zx = log; |bk|.
Subsequently, we perform z-score normalization:

k=1,... K. )

Zk — Mz
Sz

norm
O =

Y — Hy
sy

bzorm _

; (3)

where p,, and pi, denote the global means, and s, and s the cor-
responding standard deviations, estimated from all active bins in
the training set.

2.3. AST-DMD Dual-Stream Architecture

The proposed architecture consists of two parallel branches: an
AST branch and a DMD branch, whose representations are fused
on the 10 000-bin frequency grid, as illustrated in Fig.m The AST
branch employs an Audio Spectrogram Transformer [12], initial-
ized with AudioSet pretraining [11], to extract a global embedding
from the input spectrogram. In parallel, the DMD branch pro-
vides physics-informed descriptors obtained from the Short-Time
Fourier Transform (STFT) domain impulse response. The DMD
descriptors are projected onto the logarithmic frequency grid for
fusion with the AST embeddings. The fused representation is pro-
cessed by one ConvlD layer with ReLU activation and dropout,
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Figure 1: Overall architecture of the proposed framework.

producing the shared hidden feature map. Three parallel convo-
lutional output heads are then applied on this shared feature map,
generating predictions for mode activity, normalized decay, and
normalized gain, respectively.

2.4. Local Mode Parameter Extraction via DMD

DMD is utilized to derive the localized dynamic-mode character-
istics from the displacement impulse response. The DMD analysis
is performed on the unnormalized response, since preserving the
physical scale is important for estimating the dynamic-mode am-
plitudes. The response is first resampled to 48 kHz, followed by
a transformation into the time-frequency domain using an STFT
with a Kaiser window (8 = 1.97) configured with a frame size of
2048 samples and a hop length of 512 samples.

Let Y € CP*L denote the resulting complex STFT matrix,
where F' is the number of STFT frequency bins and L is the num-
ber of time frames. Instead of applying DMD to the full spectro-
gram, we perform local analysis along the frequency axis. For a
selected STFT bin index m, a local spectrogram patch is extracted
by collecting the 31 neighboring frequency bins from m — 15 to
m~+15. The first and last three time frames are discarded to reduce
boundary effects. The resulting patch is denoted by Y ,,, € C31* T
where T' = L — 6 is the number of retained time frames. The ¢-th
column of Y,, is denoted by y,,,; € C3'%! and represents the
local spectral snapshot at time frame ¢.

For each local patch Y,, [Ym,1,Ym,2, - s Ym,T)s
two time-shifted snapshot matrices are formed as Y, 1
[ymyl, - 7ym,T71] and Ym,2 = [ym’g, . ,ym,T]. Exact DMD
is then applied with a rank-R truncated SVD(Singular Value
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Decomposition) where R = 3. This yields R DMD eigenvalues
Am,r and their corresponding complex DMD amplitudes dp,,r,
withr =1, ..., R indexing the retained DMD components.

The local dynamic-mode decay rate and amplitude are com-
puted as

oDMD,m,r = I(Am,r), goMD,m,r = |dm,rl, (4
The center frequency of this dynamic mode is assigned as the cen-
ter frequency f, of the analyzed STFT neighborhood. Therefore,
each retained DMD component produces a local dynamic-mode
descriptor ( fm, ODMD,m,r, gDMD,m,r). Note that opmD,m,» and
gDMD,m, are DMD-derived input features and are not identical to
the target modal parameters.

The local DMD analysis is performed over selected STFT bins
with a stride of 2 along the frequency axis. Since these descriptors
are obtained on the linearly spaced STFT grid, they are projected
onto the logarithmic frequency grid used by the network. Let
K = 10000 denote the number of logarithmic frequency bins, and
let ci, be the center frequency of the k-th log-frequency bin, where
k=1,..., K. Each descriptor (fm, 0DMD,m,r;s gDMD,m,r) iS as-
signed to the nearest log-frequency bin according to fy,. If multi-
ple descriptors are mapped to the same log-frequency bin, only the
one with the largest amplitude gpmD,m,» 1S retained. The mask
is set to one for bins containing a mapped DMD descriptor and
zero otherwise. Empty bins in the DMD decay-rate and amplitude
channels are padded with zeros.

Note that all DMD-stream input features are precomputed of-
fline to reduce training runtime overhead.

2.5. Dual-Stream Fusion

After both branches are aligned onto the shared logarithmic fre-
quency grid, we encode the DMD features and fuse them with the
AST outputs. The 4-channel raw DMD-stream tensor Spyp €
R**X s first processed by a Conv1D encoder. Then this encoder
projects the low-dimensional physical features into a 256-channel
latent space. The encoded DMD features are then concatenated
with the aligned AST feature tensor Sast € R7%*X yielding
the fused feature tensor Sgyse € R'2°*% . The fused feature ten-
sor is subsequently refined by a Conv1D layer, producing a com-
pact hidden feature map h € R?°°*¥_ Finally, three parallel 1x1
convolutional output heads are applied on this map, and generate
predictions for mode activity, normalized decay, and normalized
gain, respectively.

During inference, the activity head predicts the probability of
mode presence at each frequency bin, i.e., pr. A threshold 7 is
then applied to determine the active bins:

. 1,
ar =
k 0,

For each active bin, the resonant frequency is assigned as the cor-
responding grid center frequency c,. The modal decay rate and
gain are subsequently recovered by inverting the logarithmic com-
pression and z-score normalization defined in .

Dr. >
P 2T, 5)

otherwise.

2.6. Loss Function

The proposed network comprises two parallel output branches.
The classification branch performs binary activity detection at each
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frequency bin, while the regression branches estimate the corre-
sponding normalized decay and gain parameters exclusively for
the active bins. The loss function is accordingly decomposed into
a focal loss for the classification task and a weighted Huber loss
for the regression tasks, with the latter incorporating a frequency-
dependent weighting scheme to reflect the physical dominance of
low-frequency modes. The total training objective is the sum of
these two components.

For the classification branch, let a, € {0,1} denote the
ground-truth activity mask at bin k. The Focal Loss is formulated
as

1
Lfocal = _? kz

=1

[04(1 — pr)” log(pr)ar
(6)

+ (1 - )] log(1 — pu)(1 - an),

where the focusing parameter and class balancing factor are set to
v = 2 and a = 0.35, respectively.

For the regression branches, the loss is computed exclusively
over the valid active bins (aj 1). To handle potential outliers
in the predicted decay &% and gain br, we employ the Huber loss
with a transition threshold 6 = 1:

1

£huber(x7 y) = {2

§(Jz —y| — 30), otherwise.

(z—y)?, lz —y| <6,
@)

Since low-frequency modes typically contribute more strongly
to the overall reverberant decay, we apply a normalized frequency-
dependent weight v;, to the regression losses:

exp(—ck/500)
Uk = 7 174 )
® Zj:l exp(—c;/500)
where ¢y, is the pre-computed center frequency of bin & in Hz.

By integrating this dynamic weight, the regression objective is
averaged over the active bins:

®

K

A norm
E ARVE |:['huber (Uky Ok )

k=1

1
N, act

Lreg
&)

+ Ehuber (Eka bzorm):| .

The overall training objective is optimized by minimizing the
combined loss:

['total = ['focal + Acreg~ (10)

3. EXPERIMENT

3.1. Experimental Setup

We train on 10000 synthetic one-second impulse responses and
evaluate on a held-out validation set of 1000 responses generated
using the official data-generation code. The proposed system uses
a 10 000-bin log grid over the analysis band in and precom-
puted DMD sets for the training and validation splits. The AST
backbone is initialized from AudioSet pretraining; it is then fine-
tuned jointly with the grid heads using AdamW [14] with weight
decay 10~*, backbone learning rate 5 x 10~°, head learning rate
10™*, and a 3-epoch warm-up followed by cosine decay. Train-
ing runs for 100 epochs with batch size 4; the model checkpoint
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with the lowest validation loss is selected for final inference with
activity threshold 7 = 0.411.

Experiments were conducted on a Linux server with two Intel
Xeon Platinum 8180 processors and 1 TB of system memory. The
server is equipped with eight NVIDIA GeForce RTX 3090 GPUs.

The official Task B spectral-peak picking method is adopted
as the baseline, with standard settings of 6 dB peak prominence
and 2 Hz minimum peak spacing.

Performance is evaluated using the official challenge imple-
mentation of the Hungarian matching metric. The per-mode rel-
ative errors for frequency, decay, and gain are defined for each
matched mode m as

- Q’EZSt) _ Qgéef)
rel™ :min<1,Q(ref)| , (11a)
(est) __(vef)
rel™ — min 1, 17 (ef‘)”” ) (11b)
Om
(est) g (ref)
re{™ = min (17 W) , (11¢)

where the superscripts °**) and ") denote estimated and ground-
truth values, respectively. Let M denote the total number of true
modes in the evaluation band. The per-plate relative errors are then
averaged over all true modes:

;M
REq = > rely, (12a)

m=1

M

_ (m)

RE, = -~ mzzlrea , (12b)

| M
REy = 57 > ref™. (12¢)

m=1

The combined error without mode-count penalty is
1

REo = g(REQ + RE, + REb). (13)

Let M be the number of estimated modes; the _absolute
mode-count mismatch is defined as AM |[M — M]|. The
overall relative error incorporates a penalty for incorrect mode
count and is given by

M

RE = REq + min(l, A—) . (14)

M

3.2. Experimental Result

We evaluate the proposed AST-DMD method and the baseline on
the official validation set of 1000 samples. Tablereports the
mean and standard deviation of each metric, together with the
overall score. The official baseline yields mean values of REq =
0.986, RE, = 0.994, and RE, 0.990, resulting in an overall
RE of 1.976. In comparison, the proposed AST-DMD method re-
duces REq and RE, to 0.338 and 0.511, respectively, and lowers
the overall RE to 0.867, corresponding to a relative reduction of
56%. The gain error remains high (RE; = 0.907) but is still lower
than the official baseline (0.990).
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Table 1: Comparison on a validation set generated using the offi-
cial data-generation code (N = 1000, mean =+ std).

Metric Baseline Proposed
REq 0.986 + 0.007 0.338 £0.178
RE, 0.994 +0.003 0.511 4 0.084
RE, 0.990 + 0.006  0.907 4 0.028
REg 0.990 + 0.005 0.586 4 0.094
AM 4867 + 3492 1806 =+ 2572
RE 1.976 £ 0.012  0.867 £+ 0.259

$ 8000

B AST-DMD

-56000 Official baseline

4000 P

gzooo- /Kb‘v

g )

z O 5000 10000 15000 20000

Number of actual modes

Figure 2: Comparison of the number of identified modes versus
actual modes between the AST-DMD framework and the official
baseline.

Figurecompares the estimated and ground truth numbers of
modes for each of the 1,000 validation samples. The ground truth
count includes all annotated modes within the frequency range
from 20 Hz to 10 kHz. The orange markers represent the official
baseline, which substantially underestimates the number of modes
and typically detects fewer than 100 modes per sample. As a re-
sult, most baseline estimates are concentrated near the horizon-
tal axis. In contrast, the blue markers representing the proposed
method cover a much wider range and more closely track the vari-
ation in the ground truth counts. Quantitatively, the mean absolute
mode count mismatch, denoted by AM, decreases from 4867 for
the official baseline to 1806 for the proposed method. The cor-
responding standard deviations decrease from 3492 to 2572, indi-
cating lower mode count errors and reduced variability across the
validation set.

4. CONCLUSIONS

This paper presented a physics-guided dual-stream framework that
integrates AST and DMD for plate modal parameter estimation.
By combining global time frequency representations learned by a
pretrained audio transformer with local modal dynamics extracted
through DMD, the proposed method jointly exploits data driven
representations and physically interpretable features. Experiments
on the official validation set show that the proposed method sub-
stantially outperforms the official baseline, reducing the overall
RE from 1.976 to 0.867. The proposed method also achieves more
accurate estimates of natural frequencies and decay constants and
substantially reduces the mismatch between the estimated and
ground truth numbers of modes.
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