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ABSTRACT

We present two Transformer-based methods for Task A of the 1st
DAFx Parameter Estimation Challenge, which requires estimating
six effective physical parameters of a synthetic plate-reverb model
from its impulse response (IR). Method Al combines an Audio
Spectrogram Transformer encoder and Transformer regressor with
differentiable IR refinement. Method A2 uses the same encoder
to condition a continuous normalizing flow and refines sampled
candidates using particle swarm optimisation (PSO) and gradient
polishing. Both methods preserve the absolute IR scale to recover
surface density. On a synthetic holdout set of 100 IRs, both refine-
ment procedures reduce waveform and parameter errors by more
than three orders of magnitude relative to the unrefined neural out-
puts. The PSO-based pipeline achieves the lowest errors, indicat-
ing near-perfect recovery in this matched synthetic setting.

1. INTRODUCTION

Task A of the challenge asks participants to identify parameters
of a damped rectangular plate from measured impulse responses
(IRs) generated by a reference simulator [1]. The effective physi-
cal parameter vector is

0= {1, D/p, To/ 11, Ly, %o, Yo} )

where 1 = ph is surface density. Both methods use the unnor-
malised displacement IR from the provided . npz files when avail-
able. Peak-normalised .wav renderings are treated as listening
checks only, because they discard the absolute amplitude informa-
tion needed for p. The inverse methods do not use the closed-form
plate modal distribution or frequency-dependent damping law as
direct side information, following the challenge restriction.

Our implementation, including data generation, model train-
ing, and parameter refinement, is available as open-source code

2. TRAINING DATA

Training data was generated with the reference plate model and
the challenge parametrisation for the six identifiable physical pa-
rameters. Using a GPU-accelerated implementation, we generated
20 HDFS shards. With the generator defaults, each shard contains

1github.com/davidmarttila/dafx_challenge
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512 - 32 = 16,384 five-second IRs at 44.1 kHz, giving 327,680
IRs in total.

Each example contains a peak-normalised IR and its pre-
normalisation peak g, = max,, |z[n]|. It also contains normalised
values for the six physical parameters p, D/u, To/p, Ly, o,
and y,. Retaining g, preserves the absolute displacement scale
used to recover p. Before feature extraction, we downsample each
IR to 22.05 kHz, since the synthetic IRs contain no modes above
10kHz.

3. TASK A: PHYSICAL PARAMETERS

Task A submissions produce one CSV estimate per target IR with
the six columns mu, D_mu, TO_mu, Ly, op_x, and op_y. They
are trained in a supervised manner to take an IR as input and pre-
dict the associated control parameters, normalised to the [—1, 1]
range.

3.1. Input Features

After downsampling, the peak-normalised IR is passed through
an encoder inspired by the Audio Spectrogram Transformer
(AST) |2]). Rather than using a single STFT, we extract three fea-
ture representations from the IR, each of which is fed to its own
convolutional neural network (CNN) stem:

1. The log-magnitude spectrum of the entire (decimated) IR

2. The time-domain waveform, cropped to a length of 1 sec-

ond, to preserve phase and transient behaviour

An STFT of size 4096 with hop length 1024, whose fre-
quency bins are summarised into 64 bands to show the over-
all decay behaviour

Each of these stems produces feature vectors, to which po-
sitional embeddings are added. We linearly embed the IR’s pre-
normalisation global gain as an additional feature. In total, we
obtain 148 feature vectors of size 256.

Figure summarises the shared feature-token extraction and
the two inference pipelines, including their respective refinements
and common recovery of the surface density.

3.2. Method Al: Regression + Differentiable Refinement

In the first method, we train a transformer to predict the ground
truth parameters directly from the input features. As in the stan-
dard AST architecture, we add an additional CLS token to the input
features. The resulting 149 vectors are processed by a transformer
with 4 layers, each containing 4 attention heads. After the final
layer, a feed-forward multi-layer perceptron (MLP) predicts the
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Figure 1: Task A estimation pipelines. Blue denotes Method Al, and orange denotes Method A2. A shared encoder forms feature
tokens from the full-IR log spectrum, one-second waveform, decay spectrogram, and retained global gain. The regression model refines its
point estimate by differentiating through the plate synthesiser, whereas the conditional flow model supplies candidates for particle swarm
optimisation (PSO). The lowest-error candidate is selected, and the surface density p is recovered from the absolute peak amplitude.

parameters from the CLS token. The full network contains 2.9M
trainable parameters.

We train the network to predict the five parameters D/,
To/u, Ly, o and y, in a supervised manner, using the normalised
squared error as the training objective. We train the network for
200 epochs, taking about 20 hours on a single A100 GPU, and se-
lect the checkpoint with the lowest NMSE on a held-out validation
partition of the synthetic data.

During inference, to recover the control parameters for the
given test IRs, we further refine the network’s predictions using
gradient descent. We implement the modal IR synthesis in a dif-
ferentiable manner using JAX, and use the Adam optimiser with a
learning rate of 10~ to minimise the L1 waveform loss between
the target IR and the IR associated with the current predicted pa-
rameters. Both IRs are peak-normalised for loss calculation.

For a large number of modes, backpropagating through the
synthesis of a full five-second IR can require too much memory for
a single GPU. To combat this, we limit the synthesis and distance
calculations to only the first 500 ms. We run the optimisation for
100 steps, taking about 5 minutes per IR on a single A100 GPU.

Since p directly relates to the overall amplitude of the IR [1],
we do not train the network to predict it. Instead, we first predict
and optimise the other five parameters using the process above.
Because the refinement minimises the peak-normalised error, p
is then recovered analytically by matching the peak gain of the
synthesised IR to that of the target.

3.3. Method A2: Continuous Normalizing Flow + PSO

The second Task A candidate uses the same AST encoder as
Method Al. Instead of estimating the parameters directly through
regression, however, we use a continuous normalizing flow (CNF)
to map samples from a base distribution to conditional parameter
samples.

We train a Diffusion Transformer (DiT) using rectified flow
matching. Given a timestep 7 € [0,1], the AST conditioning
output, and sampled noise, we linearly interpolate between the
noise and the ground-truth parameters and train the DiT to pre-
dict the corresponding vector field at 7. The DiT has 4 layers
with 4 heads each. Its design is based on the audio-conditioned
parameter-estimator architecture of Hayes et al. [3]. We do not use
their permutation-invariant or equivariant components because the
Task A parameterisation has no relevant symmetries.

The AST encoder and DiT together contain 6.5M trainable pa-
rameters. We train the networks jointly for 100 epochs, which
takes about 45 hours on a single A100 GPU.

Like the regression architecture, the flow matching approach
predicts five parameters excluding p. During inference, we sample
50 five-dimensional vectors of uniform noise and solve the ODE
given by the DiT using a Tsit5 solver with 30 timesteps. This
yields 50 samples from the predicted parameter distribution. We
select the checkpoint with the lowest average NMSE across the 50
samples, calculated on a held-out validation partition of the syn-
thetic data.

To match the target IRs, we use the 50 samples to initialise a
particle swarm optimisation (PSO) refinement. As in the differen-
tiable approach, this gradient-free refinement minimises the peak-
normalised L1 waveform error. After optimisation, we recover p
by matching the peak gain of the best candidate’s synthesised IR to
that of the target IR. By synthesising the IRs using the same GPU-
accelerated implementation that was used to generate the synthetic
dataset, we can run PSO for 100 iterations in about three minutes.
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Table 1: Regression-network performance on the 100-IR synthetic
holdout set, before and after differentiable refinement.

Peak-normalised ~ Parameter
Method waveform L1 NMSE
Regression model 1.13-1072 1.47-10~%
Regression + refinement 9.36- 10~ 8.72-1078

3.4. Evaluation on a Synthetic Holdout Set

Following the challenge notation, Task A uses NMSE over the six

physical parameters (Ns = 6):
2
CY,ECSt) _ az(rcf)
CZEmax) . a’gmin) ’

Tablesandcompare each neural estimator alone with its re-
spective refinement on a synthetic holdout set of 100 IRs.

For Method Al, the unrefined result is the Transformer’s di-
rect point estimate; the second row applies differentiable gradient-
based refinement. For Method A2, the unrefined result is the
best of 50 samples drawn from the conditional flow. Because the
lowest-error sample is selected independently for each metric, this
row is an oracle diagnostic of the unrefined sample set rather than a
deployable selection rule. The second flow row uses these samples
to initialise PSO and then applies a final gradient-polishing step.
Differentiable refinement reduces both errors by more than three
orders of magnitude, while the PSO pipeline reduces waveform
error by more than three orders and parameter NMSE by approxi-
mately five orders of magnitude.
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4. CONCLUSION

We presented two methods for physical-parameter estimation in
Task A. Method A1 produces a point estimate and refines five pa-
rameters by differentiating through the plate synthesiser. Method
A2 learns a conditional parameter distribution and refines sam-
pled candidates using particle swarm optimisation. Both methods
share an amplitude-aware encoder and recover surface density an-
alytically from the absolute peak gain after refinement. On the
100-IR synthetic holdout set, both refinement procedures yielded
large improvements over their respective neural estimators alone.
The PSO-based pipeline was substantially stronger overall: after
gradient polishing, it achieved the lowest waveform error and a
parameter NMSE more than two orders of magnitude below that
of the differentiably refined regression model. This amounts to
near-perfect parameter recovery in the matched synthetic scenario,
although performance on measured or otherwise mismatched IRs
remains to be established.
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