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A. Spatially varying optical transfer and mode
shape estimation

In Sec. 3.2 of the main manuscript, we simplified the rela-
tionship between the measured speckle shifts v(x,,t) and
the surface gradients Vyu(x,,t) by assuming a global op-
tical transfer factor 8. However, in a general imaging sce-
nario, effects such as a high variance between the points’
axial camera distances may yield different per-point scalers,
Br- In such circumstances, Eq. (7) becomes:

V(Xp,t) = BnVxu(Xn, ). (17

Thus, substituting the modal expansion (Eq. (6)) into
Eq. (17) now yields:
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where we define the augmented mode shape gradient as
v¢zug (Xn) = BuVor (Xn)

Crucially, our procedure does not require explicitly de-
coupling the varying factors (3,, from the true physical mode
shape gradients V¢ (x,, ). Because our mode shape extrac-
tion is completely data-driven, it inherently absorbs this per-
point scaling factor. Specifically, our numerical recovery of
the mode shape gradients is extracted directly using Eq. (11)
(reproduced below):

Vék(xn)=Re{ V(%n, ) - Vi (%0, 0k)" }
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Thus, in the case of non-negligible /3,,, Eq. (11) directly
approximates the augmented term V¢;"#(x,,) up to a global
normalization constant. The factors 3,, will simply skew the
numerically recovered mode shape gradients by a constant

per-point factor. Consequently, when we invert the model
to solve for the recovered latent sound source §™(t), the
optimization (Eq. (12)) remains completely agnostic to the
true physical mode shape gradients of the surface:
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Note that because the latent sound s(t) and the modal im-
pulse responses §(t) are convolved in our forward model,
there is an inherent scale ambiguity. Any remaining global
scaling discrepancies between the measured and physi-
cal domains are cleanly absorbed jointly by the optimized
modal coupling coefficients o, (implicit within g (¢)) and
the overall amplitude of the recovered signal 5™ (¢). Since
s(t) is a dimensionless audio signal, this global scale fac-
tor simply alters the absolute playback volume without af-
fecting the spectral content or acoustic fidelity. Thus, the
precise physical calibration of 3, is bypassed without com-
promising the robust recovery of the acoustic signal.

B. Full experimental results

We extensively evaluated our method on a variety of ob-
jects with diverse materials (wood, metal, plastic, rubber),
geometries (planar, curved), and irregular shapes (such as
the wooden binder and guitar body). The approach even
works for solid objects like the Yoga block despite not be-
ing optimized for volumetric structures. Figure A shows all
the objects along with the reconstructed spectrograms.

Quantitative evaluation We further evaluated the recov-
ered audio using several established numerical scores. Note
that we do not have a ground-truth target audio, only the
reference source signal played by a speaker in front of each
object. Hence, we quantitatively compare the recovered au-
dio to the input source signal. We compare to three base-
lines: (i) Single: the raw vibrations measured at one point



ViSQOLAudio-NSIM?T

Experiment Single Avg DnS Ours
drum 0.20 0.19 0.18 0.32
frame 0.22 0.15 0.23 046
laptop 0.28 022 033 044
trash 0.19 024 0.24 043
guitar 0.16 026 0.24 0.32
binder 0.26 027 037 043
plate 0.19 0.17 0.23 0.34

drum (stereo) 0.26 0.26 027 0.38
yoga block 0.16 0.08 0.16 0.29
physio ball 0.35 0.35 0.39 0.39
balloon 0.27 0.17 0.39 0.46

Mean: 0.23 021 027 0.39

Table A. ViSQOLAudio-NSIM [2, 3] (higher is better). The
raw perceptual similarity index used inside ViSQOLAudio before
Mean Opinion Score (MOS) mapping. It measures structural simi-
larity between cochleagram patches of the reference and degraded
signals and is not tied to speech-specific MOS training. Higher
values indicate closer perceptual similarity.

ViSQOLAudio-MOS*t

Experiment Single Avg DnS Ours
drum 2.05 190 196 1.63
frame 1.22 1.16 1.31 1.96
laptop 1.44 1.61 1.90 2.06
trash 1.07 1.12  1.05 2.58
guitar 1.74 1.59 1.66 1.58
binder 1.47 1.54 155 245
plate 1.24 143 145 195

drum (stereo) 1.69 1.65 155 1.84
yoga block 1.16 1.00  1.19 2.67
physio ball 1.37 1.54 132 157
balloon 1.58 143 1.86 1.81

Mean: 1.46 145 1.53 2.01

Table B. ViSQOLAudio-MOS [3] (higher isbetter). Perceptual
audio-quality metric based on the ViSQOLAudio model. It com-
pares a reference and degraded signal using a cochleagram front-
end and patch-based similarity, then maps the result to a Mean
Opinion Score (MOS) prediction. Originally trained on general-
audio listening tests, it approximates subjective quality.

on the surface, (ii) Avg: naive averaging of all measured vi-
brations, and (iii) DnS: delay-and-sum where a single global
temporal delay is estimated per point [1].

Table A reports ViSQOLAudio-NSIM [2, 3], which is
the raw perceptual similarity index used inside ViISQOLAu-

Scale Invariant, Multi Resolution STFT distance|

Experiment Single Avg DnS Ours
drum 4.68 421 460 3.54
frame 3.02 346 3.15 1.87
laptop 4.01 5.17 459 3.88
trash 3.65 327 346 3.01
guitar 3.23 247 259 349
binder 3.00 351 3.14 272
plate 3.22 3.60 3.82 3.21

drum (stereo) 4.27 456 441 4.32
yoga block 3.92 420 3.66 3.68
physio ball 2.92 340 3.16 4.00
balloon 3.18 339 396 3.73

Mean: 3.55 375 3.69 3.40

Table C. Scale Invariant, Multi Resolution STFT distance [4, 5]
(lower is better). A distance metric between recovered signal and
reference source signal. The measure is a scale invariant, multi
resolution STFT distance.

Scale Invariant, Multi Resolution STFT distance
(Perceptual weighting),

Experiment Single Avg DnS Ours
drum 3.65 339 328 339
frame 3.64 501 394 201
laptop 3.11 3.66 392 291
trash 3.56 3.57 3.88 2.61
guitar 3.45 291 3.04 253
binder 3.00 3.18 320 248
plate 3.44 3.57 437 270

drum (stereo) 3.67 359 416 397
yoga block 4.14 401 3.87 3.68
physio ball 3.08 322 312 335
balloon 3.00 312 342 358

Mean: 3.43 3.57 3.65 3.02

Table D. Scale Invariant, Multi Resolution STFT distance (Per-
ceptual weighting) [4, 5] (lower is better). A distance metric be-
tween recovered signal and reference source signal. The measure
is a scale invariant, multi resolution STFT distance with percep-
tual weighting.

dio before mean opinion score (MOS) mapping. Higher
ViSQOLAudio-NSIM score indicates better similarity be-
tween the recovered audio and the input source signal. Our
recoveries consistently score higher than all baselines. We
further used the mean opinion score (MOS) mapping on top
of ViSQOLAudio (Tab. B).

Inspired by [4, 5], We further used scale-invariant multi-



resolution distance computed in the space of short-time
Fourier Transform (STFT). Table C shows the basic dis-
tance, while Tab. D shows a perceptually-weighed distance
computed in this space. On average, our results have
smaller distance to the reference input signal compared to
all other baselines quantitatively showing the superiority of
our audio recovery.
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Figure A. Results across objects having various geometries and
materials. All objects present challenges due to diverse materials,
thicknesses, and shapes. Despite limited or irregular surface cov-
erage, our method yields denoised reconstructions.
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