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ABSTRACT

This paper is a technical report on the methodology submitted for
Task A of the 1st DAFx Parameter Estimation Challenge. The goal
of the challenge’s task is to invert the multi-dimensional physi-
cal and geometric parameters of a virtual plate reverberator given
a target reference impulse response. To achieve this, we present
a multi-stage gradient-free optimization framework. This three-
stage optimization is computed using an efficient physics-based
simulator, starting with an optimization of only mode frequency-
determining physical parameters, followed by a 6-DoF parameter
optimization with position-determining ones and a final phase for
frequency- and position-independent mode amplitude estimation.

1. INTRODUCTION

Physical modeling audio synthesis allows for high-fidelity sound
emulation by exploiting the underlying physical principles of the
sonifying object [1–4]. Yet, an enduring challenge is the inverse
problem: estimating the latent physical and spatial parameters of a
synthesis engine from an arbitrary reference target recording [5,6].

The 1st DAFx Parameter Estimation Challenge Task A [7]
presents a formal benchmarking environment for this inversion
task using a virtual plate reverberator [8–10]. The latent search
space contains parameters related to material properties, aspect ra-
tios, tension, mass density, and pickup/excitation coordinates. Per-
forming naïve numerical optimization in this setting is challenging
and often fails to yield a practical solution [11, 12], because small
changes in the physical parameters can move modal frequencies by
several spectral bins [13]. Furthermore, conventional spectral er-
ror objectives produce highly multimodal loss surfaces with sharp,
narrow basins of attraction, making the gradient-based optimiza-
tion prone to local minima in such a non-convex problem [14].

This work introduces ALAMODE, an automated learning frame-
work of acoustical modal parameters using differential evolution
(DE) [15] method, which is gradient-free. Specifically, we split the
parameter set into a frequency, position, and amplitude-determining
subsets, and resolve each in turn using the DE method. In each
phase, the optimal parameters obtained from the preceding phase
are used as initial values; as a metric for optimality, we base the
evaluation on the difference in spectral characteristics between the
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Figure 1: Schematic motivation for the proposed framework.

target impulse response (IR) and the output of the physical plate
model [8] using JAX [16] similarly to [17].

The physical motivation behind the multi-phase framework is
summarized in Fig. 1. It has long been reported that, as the search
space expands, the complexity of the function space increases,
rendering the algorithm’s inherent assumptions (bias) ineffective
and making guarantees of global convergence exponentially diffi-
cult [18–21]. This has motivated the development of a multi-stage
parameter estimation framework; we propose an approach that cat-
egorizes the physical parameters to be optimized based on the phe-
nomena they influence and estimates them in separate stages. This
can be interpreted as a form of physical modeling synthesis with
analysis–synthesis system [22], adopting a strategy similar to the
curriculum learning [23] but with a metaheuristic optimization al-
gorithm [15]. We experimentally demonstrate that this facilitates
fast and effective convergence.

2. OPTIMIZATION CRITERIA

Let u ∈ [0, 1]D = U denote the normalized candidate parame-
ter vector within a D-dimensional bounded unit hypercube. The
forward model synthesizes an impulse response (IR) denoted as
ŷ(u) ∈ RTs , where Ts = ⌊fs · d⌋ is the discrete duration at
a sampling rate fs. The target reference is represented by ytgt.
The goal is to find the optimal normalized parameter vector ũ =
argminu∈U L(u) with L(u) = 1∑

c wc

∑
c wc · Lc (ŷ(u),ytgt) ,

where L is defined by the composite objective function evaluating
a normalized combination of specific spectral feature distances and
wc is the explicitly assigned scalar weighting factor for each metric
component. As for the spectral feature distances Lc, we employ
three different criteria:
Band-Limited Smooth Log-Magnitude Loss. Let M(·) denote
the DFT magnitude operator. To prevent minor frequency mis-
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alignments from generating catastrophic gradient penalties, the spec-
trum is smoothed using a Hanning window wmed corresponding to
a bandwidth ∆f = 10Hz. For a frequency band delimited by bin
boundaries B = [blo, bhi], the loss is formulated as:

Ldft =
1

|B|
∑
k∈B

|log (Msm(ŷ)k)− log (Msm(ytgt)k)|2 (1)

where Msm(x) = M(x) ∗wmed.
Spectral Optimal Transport (SOT) Loss. We compute a one-
dimensional SOT loss based on the 1D Wasserstein metric [24].
Let M̄(x) represent the normalized power spectral density over
B, enforcing

∑
k∈B M̄(x)k = 1. The corresponding Cumulative

Distribution Function (CDF) at bin k is CDF(x)k =
∑k

m=blo
M̄(x)m.

The SOT loss is defined as

Lsot =
1

2

∑
k∈B

[CDF(ŷ)k − CDF(ytgt)k]
2 . (2)

Parabolic Sub-Bin Modal Peak Extraction. We employ the dis-
tance in the mode frequencies via peak picking.

Lf0f1 =

√
|f̂0 − f0,tgt|2 + |f̂1 − f1,tgt|2 (3)

RMS Scale Loss. A log distance in RMS values is employed:

Lrms = |log10 RMS(ŷ)− log10 RMS(ytgt)|2 . (4)

It is worth noting that when using DE, these losses need not to be
differentiable, and we do not rely on gradient signals.

3. MULTI-PHASE INVERSION PIPELINE

The overall framework splits the parameters sequentially into three
decoupled operational stages, as illustrated in Fig. 2. The parame-
ter arrangement maps to a 6-DoF u = [Dµ, Ly, T0,µ, µ, xo, yo]

⊤.

3.1. Phase 1: Frequency-determining Parameters

The initial phase purely optimizes the macro-structural grid pa-
rameters that dictate pole positioning, ignoring position-dependent
scaling factors. The free parameter space is u3 = [Dµ, Ly, T0,µ]

⊤.
Non-frequency parameters are locked at their mid-points. Loss
functions invariant to global amplitude, achieved through normal-
ization by the overall size, were used. The primary objective is to
achieve a rough alignment in the mode frequencies when repro-
duced by plate ŷ(u) to help a faster convergence in Phase 2.

3.2. Phase 2: Full Parameters with Position-determination

Once the underlying physical grid and tension boundaries are ap-
proximately locked, the search space opens up to jointly resolve
spatial pickup arrangements and material properties. The target
free space is full 6-DoF vector u ∈ [0, 1]6. The top candidate from
Phase 1 anchors the primary coordinates, while the remaining pop-
ulation matrix is drawn via stratified Latin Hypercube Sampling
(LHS) [25]. Optimization is initially performed on the 1–200 Hz
band without spectral smoothing. If no solution is found, a multi-
resolution optimization sweep is conducted using a coarse-to-fine
(c2f) scheduling strategy, ranging from a broad smoothing (40 Hz
width) applied to a wider frequency band (up to 2 kHz) down to a

Input: target impulse response ytgt

Phase 1: Frequency-determining search
Free: [Dµ, Ly, T0,µ]; frozen: µ = xo = yo = 0.5
Losses: Lf0f1

evaluated over 1–400 Hz

Phase 2: Full 6-DoF global search
Free: [Dµ, Ly, T0,µ, µ, xo, yo]
Initialized from Phase 1 with stratified LHS restarts
Losses: Ldft + Lsot, on 1–200 Hz (or –2 kHz if apply c2f schedule)

Phase 3: Mass-density amplitude refinement
Free: µ; frozen: [Dµ, Ly, T0,µ, xo, yo]
Losses: Lrms

Output: estimated plate parameters ũ

Figure 2: Overview of the proposed multi-stage pipeline.

case with no smoothing. Similar multi-resolution cascaded strate-
gies have been demonstrated in many prior studies [26–28]. The
primary objective of Phase 2 is to ensure that, after the parameters
are used to regenerate the IR, both the modal frequencies and the
relative amplitude distributions of the modes match the target.

3.3. Phase 3: Frequency-/Position-independent Parameter

Because surface mass density (µ) acts as an absolute scaling fac-
tor for time-integration amplitudes, standard spectral shapes can
sometimes exhibit minor tracking inaccuracies. Therefore, the tar-
get free parameter space is a 1-DoF optimization isolating µ ∈
[0, 1], with the remaining 5 parameters frozen firmly to the opti-
mal vector from Phase 2.

4. EVALUATION

This section presents the evaluation results of the proposed method
on both the synthetic IR dataset and the DAFx Parameter Estima-
tion Challenge Task A test set. The results are compared with the
baseline method provided in the challenge, which uses a Particle
Swarm Optimization (PSO) algorithm [29]. DE adopted in our
method is similar to PSO in that both are population-based, but
DE uses random sampling to algebraically mutate candidate solu-
tions. Details of the DE algorithm and hyperparameter settings are
provided in Table 1. The code is implemented in Python; using
JAX for the simulator and SciPy [30] for the DE.

4.1. Dataset

We evaluate ALAMODE on both a synthetic IR dataset and the
challenge test set. The synthetic IR dataset consists of 128 ran-
domly generated IRs using the virtual plate reverberator model
provided in the official challenge codebase 1. The parameters are
sampled uniformly within the specified ranges for each parameter.
The synthetic IRs are generated at a sampling rate of 48 kHz and a
duration of 1 second. The challenge test set consists of 16 number
of 5 seconds IRs with unknown ground-truth (GT) parameters.

4.2. Evaluation Metrics

The following evaluation metrics are used: (1) Normalized Mean
Squared Error (NMSE): Measures the average squared difference

1https://github.com/LOGUNIVPM/1st-DAFx-Challenge
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Figure 3: Boxplots of the normalized mean squared error (NMSE)
for each parameter across the synthetic IR dataset. The boxes rep-
resent the interquartile range (IQR), with the median indicated by
a black horizontal line. Whiskers extend to 1.5 times the IQR and
outliers are shown as circles.
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Figure 4: Log-magnitude spectra comparison between the target
IR (black dashed line ) and the synthesized IR using ALAM-
ODE (red solid line ). For the synthetic dataset, the baseline
IRs are shown in yellow solid lines ( ) for reference.

between the estimated and ground-truth parameters, normalized by
the range of each parameter provided in [7]. (2) Spectral Distance
Error (SDE): Computes the log-magnitude spectral distance of the
target IR and the IR resynthesized from the estimated parameters.

4.3. Evaluation Results

Fig. 3 shows the boxplots of the normalized mean squared er-
ror (NMSE) for each parameter across the synthetic IR dataset.
The results indicate that ALAMODE achieves low NMSE values
for most parameters, outperforming the baseline method. Regard-
ing µ, which shows the most marginal performance improvement
among the parameters, we have observed that increasing the pop-
ulation size of Phase 3 (at the cost of some additional time) could
further enhance the performance; however, we settle for a satisfac-
tory level of improvement considering the overall efficiency.

Close spectral match between target and resynthesized IRs.
Looking at Fig. 4, the estimated spectra by ALAMODE do not devi-
ate from the target spectra line within the audible frequency range.
Considering this level of similarity as a nearly perfect reconstruc-
tion, ALAMODE shows nearly perfect performance on:

• 96% of the synthetic validation sets (123/128), and

• 100% of the challenge test sets (16/16).

Fig. 4a and Fig. 4b show the results with an average number of
function evaluations, while Fig. 4c and Fig. 4d show the results

with the highest number of function evaluations with multiple restarts
on Phase 2 (see Fig. 5 for the corresponding parameter trajectories
and the number of function evaluations). To speak in terms of
quantitative scores, the average SDE is approximately 0.05 for the
synthetic dataset, and 0.09 for the challenge test set. These SDE
serve merely as a reference, as the ultimate goal of Task A is pa-
rameter estimation, making parameter accuracy the critical factor.
However, these can be a key indicator in cases where the ground-
truth parameters are unknown. We have not observed instances
where a high SDE coincided with small parameter NMSE, nor the
high NMSE coinciding with a sufficiently low SDE. The five syn-
thetic data samples for which the spectra have not been properly
reconstructed appear to be marked as outliers in Fig. 3 with the
avearge NMSE values exceeding 0.1.

Multi-staged optimization facilitates effective convergence.
We have found that, rather than optimizing all six parameters si-
multaneously, fitting a subset of them first and then fitting the re-
mainder based on that facilitates faster convergence. As previously
described, the frequency-determining parameter values approxi-
mated in Phase 1 serve as the initial conditions for Phase 2. In
Fig. 5a, we can see that Dµ and Ly are identified close to the GT
using only Phase 1; while T0,µ does not converge well in Phase
1, but successfully converged toward the GT in Phase 2. While it
is natural to question if Phase 2 alone (skipping Phase 1) would
suffice, but, Fig. 5c illustrates a counterexample. In this sample,
convergence failed during Phase 1, and the parameters ultimately
selected in Phase 1 differed from the GT (indicated by the dashed
line). Under such circumstances, optimization in Phase 2 becomes
extremely difficult. Although convergence is eventually achieved
in the case shown in Fig. 5c, it requires two restarts with the redef-
inition of initial conditions to reach that point.

Restarting with c2f scheduling can lead to fast convergence.
As shown in Fig. 5c and Fig. 5d, the proposed method restarts
with a new population when the loss does not improve for a cer-
tain number of iterations. In contrast to the Phase 2 of Fig. 5a and
Fig. 5b, which converges within a few hundred function evalua-
tions, the cases in Fig. 5c and Fig. 5d fails to converge even after
a thousand evaluations; very rapid and successful convergence is
achieved after 2–3 number of restarts. For the multiple restarts in
Phase 2, we assume that the global optimum lies sparsely within
a sharp loss landscape and employ the c2f scheduling strategy de-
scribed in subsection 3.2. Applying spectral smoothing with pro-
gressively finer widths at each restart enables faster successful con-
vergence; in practice, this manifests as a loss curve that becomes
steeper with each restart. Yet, we design ALAMODE to first at-
tempt without spectral smoothing, and indeed, we have observed
successful convergence in many cases: Within the entire Task A
test set, restarts occur just in two cases (Fig. 5b and Fig. 5d).

5. RUNNING TIME AND COMPUTATIONAL COST

ALAMODE iterates until the loss function satisfies the convergence
criterion of each phase. Therefore, the total number of iterations
and the time required vary depending on the convergence difficulty
of each IR. The time taken to process all 16 IRs was 50 minutes
and 33 seconds. Details regarding the duration and number of rep-
etitions for each phase are summarized in Table 1 and Fig. 6.

Phase 2 is the computational bottleneck as is the core stage.
While Phase 2 involves optimizing six parameters compared to
three in Phase 1, effectively doubling the parameter dimension,
both the number of function evaluations and the wall time increased
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Figure 5: Parameter estimation trajectories. Each plot shows the evolution of parameters across the three optimization phases, where the
vertical axis represents the function evaluation counts. For each phase, the normalized parameters of U are shown in colors and the loss
values are displayed in black solid lines. The ground truth parameter is marked with a vertical dashed line if available. Trajectories for
the best parameter vector, chosen based on the lowest loss value, are highlighted in solid lines with markers (•: initial, ⋆: final value.)
Trajectories that were restarted after failing to converge, are also marked but with reduced opacity.

fourfold. This exponential increase in time falls within a somewhat
predictable range due to the ‘curse of dimensionality’ [19]. Given
that Phase 2 is the core of the entire optimization process, this du-
ration is considered manageable.

Gradient descent hybrid has not shown significant gain.
By leveraging JAX’s automatic differentiation capabilities, it is
possible to perform the back-propagation through the simulator af-
ter each phase of the DE, blending with the gradient descent family
such as L-BFGS algorithm [31] on a GPU. However, this has not
been adopted because the performance has not been significantly
superior, and the DE-only approach already shows low reconstruc-
tion error. Therefore, ALAMODE has become purely gradient-free.

Faster simulator is the key to further improving speed and
performance. As observed from Fig. 6, Phase 3 takes nearly dou-
ble wall time than Phase 1, despite having 20 times fewer function
evaluations. This is because the plate model used to synthesize the
IR from the parameters optimized in Phase 3 differs from the one
used in Phases 1 and 2. The synthesizer used in Phases 1 and 2 is a
simplified model that truncates the modes to a maximum of 256 for
the sake of efficiency, therefore we have observed discrepancies in
the IRs’ RMS values even when using the same µ value with the
ground truth. Consequently, we employ an explicit time integra-
tion for synthesizing IR in Phase 3, which necessitates allocating a
longer duration to this phase. Although increasing the population
size for Phase 3 and investing more time would have improved µ
estimation performance, we have chosen to sacrifice some perfor-
mance in Phase 3 to strike an optimal balance between efficiency
and efficacy trade-off, and adhere to the challenge’s running time
requirements. It appears to be a viable future direction for further
enhancing µ accuracy within the same timeframe by developing a
faster simulator for Phase 3.

6. FUTURE WORK

This paper serves as a technical report for the challenge, leav-
ing room for further academic investigation. Future works could
explore generalizing the plate reverberation model to accommo-

Table 1: Computational Cost Breakdown per Phase

Phase # Function Evaluations Wall Time (s) Popuplation Max
Avg. Min-Max Avg. Total Size Iter.

1 125 79-202 25.1 402 10 100
2 623 310-1180 99.2 1587 15 1000
3 6 6-6 65.2 1043 5 5

Total 753 449-1287 189.6 3033 - -
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Figure 6: Boxplots of the computational costs. Median values are
indicated by orange lines and mean values by green plus signs.

date diverse shapes or material properties or testing generaliza-
tion against measured real-world data. Implementing more effi-
cient simulator is crucial for such endeavors, and achieving ro-
bust generalization may require precise physical modeling, such as
accounting for the measurement noise and/or material anisotropy.
Furthermore, while fully disentangled physical parameters are rare
in reality, identifying which subset of parameters can be consid-
ered sufficiently disentangled (and be separated for the multi-stage
framework) remains an open question.

7. SUMMARY
This paper presented a multi-stage DE framework for inverting the
physical parameters of a virtual plate reverberator from a target
IR. By decoupling the parameter set along physical axes of mode
frequency-determining, mode amplitude-determining, and global
energy-determining subsets, the pipeline avoids the local minima
that trap joint optimization over the full 6-DoF space. The use of a
JAX-based simulation model makes the approach computationally
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manageable, compatible with the challenge’s test case scenario.
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