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ABSTRACT

Iterative sound-matching searches for synthesizer parameters
that reproduce a target sound. Existing comparisons of loss
functions for this task typically evaluate them under a single
search method, implicitly assuming that a loss which performs
well under one method performs well under others. We test
this assumption by comparing gradient descent (GD), CMA-
ES, LES (a learned evolution strategy), and random search
across five loss functions and nine in-domain sound-matching
tasks (five simple synthesizers, four complex FM synthesizers)
at a fixed evaluation budget. We find that (i) parameter-loss
rankings established under GD do not transfer to the gradient-
free methods; (i) CMA-ES is the strongest method on the
simple synthesizers and GD the weakest; and (iii) on complex
FM synthesizers, no guided method recovers parameters better
than random search: the strongest, CMA-ES, only matches it.
The performance of a loss function is therefore not separable
from the search method that uses it.

Index Terms— Sound-matching, synthesizer program-
ming, differentiable digital signal processing, loss functions

1. INTRODUCTION

Sound-matching is the task of finding synthesizer parameters
whose rendered output reproduces a target sound. It has been
studied for decades as a tool for automatic synthesizer pro-
gramming and sound design [1-3]. A more recent line of work
makes the synthesizer itself differentiable, so that parameters
can be optimized by gradient descent (GD) on an audio loss
between the rendered and target sounds [4-6].

The weaknesses of GD in this setting are well documented:
audio loss surfaces are highly non-convex in oscillator frequen-
cies and related parameters, producing ripple-like landscapes
on which descent stalls [7, 8], and spectrogram losses fail to
capture mesostructural differences between sounds [9]. A nat-
ural response has been to seek better loss functions, and recent
work compares candidate losses by how well GD performs
under each [9-11]. Implicit in this setup is the assumption that
a loss function’s quality is a property of the loss alone. In prac-
tice, such a comparison measures the loss and the optimizer
together, and the two can only be separated by testing the loss
under several search methods. Evolutionary methods have a

long history in sound-matching [2, 12-14], and random search
has rarely been used as a baseline.

We compare four search methods: GD, the covariance ma-
trix adaptation evolution strategy (CMA-ES) [15], a learned
evolution strategy (LES) [16,17], and random search. We cross
them with five loss functions spanning spectrogram, scatter-
ing, dynamic time-warping, and embedding domains, on nine
in-domain sound-matching tasks (five simple synthesizers and
four DX7-style FM synthesizers), with 300 trials per configura-
tion and 200 evaluations per trial. Because targets are rendered
by the synthesizer itself, the true parameters are known, and we
evaluate both the audio objective and the normalized parameter
distance (P-Loss). We answer three research questions:

1. Does a loss ranking established under GD hold under
gradient-free search? No: rankings under CMA-ES and
LES agree with each other far more strongly than either
agrees with GD’s (Sec. 4.1).

2. Which search method performs best at a fixed evalua-
tion budget? CMA-ES on the simple synthesizers, but
not better than random search in complex synthesis.
GD is the weakest on average at various learning rates
(Sec. 4.2).

3. Does minimizing the audio loss also minimize the pa-
rameter distance? Not on the DX7-style synthesizers:
the guided methods still reduce the audio loss, with
CMA-ES best on average, yet none recovers parameters
better than random search (Sec. 4.3).

Together, these results show that a loss function cannot be
evaluated apart from the search method that uses it, and that
sound-matching pipelines should be tested under more than
one search method, with random search as a baseline. Code,
results, audio examples, and an interactive demo are available
on the companion page: https://imilas.github.io/
soundmatching_heuristic_comparison/

2. BACKGROUND

Sound-matching predates differentiable synthesis by decades.
Horner et al. matched FM synthesizer parameters with a ge-
netic algorithm, scoring candidates with a fixed spectral simi-
larity measure [2], and Mitchell and Creasey proposed a test
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methodology for evolutionary FM matching [13]. Yee-King et
al. compared neural networks, a genetic algorithm, and a hill
climber on the Dexed FM synthesizer, using mel-frequency
cepstral coefficient distance as the fitness measure for the
search methods [14]; Shier et al. released SpiegeL.ib, a library
for building such pipelines, and found a genetic algorithm the
best performer in a similar comparison [18]. In these studies,
search methods vary while the similarity measure is held fixed.
Differentiable synthesizers allow parameters to be updated
by GD on an audio loss [4-6]. The choice of that loss has
become a research question of its own. Turian and Henry
showed that common spectral distances form rippled surfaces
that give poor gradients toward the correct pitch [7]. Vahidi
et al. proposed differentiable joint time-frequency scattering
and reported better matching of chirplet sounds than with spec-
trogram losses [9]. Salimi et al. compared four differentiable
losses across four synthesizers, found that the best-performing
loss depends on the synthesizer [10], and later extended the
comparison to out-of-domain targets [11]. In these studies, the
loss function varies under a fixed search method (GD).
Evolution strategies are optimizers that need only loss val-
ues, so the loss need not be differentiable. CMA-ES maintains
a Gaussian search distribution whose mean and covariance are
adapted from the ranking of sampled candidates [15]. LES re-
places such hand-designed update rules with a parameterized
rule meta-learned over a distribution of optimization prob-
lems [16]. Cherep et al. used LES to match CLAP embed-
dings of text descriptions with a modular synthesizer, finding it
stronger than CMA-ES and random search in their setting [19].

3. METHODOLOGY

3.1. Task and synthesizers

Each trial is an in-domain sound-matching problem. Ground-
truth parameters are drawn uniformly at random in the normal-
ized parameter space [0, 1]%, the target sound (1 s at 44.1kHz)
is rendered by the synthesizer itself, and the search method
must find parameters that reproduce the target. Each trial
draws an independent uniform initialization; GD descends
from it, while CMA-ES and LES center their initial distribu-
tion at the midpoint of [0, 1]%. Because the target lies in the
synthesizer’s own range, an exact match exists and the true
parameters are known, so methods can be compared on param-
eter recovery directly; prior loss-function evaluations use the
same protocol [10].

We use nine Faust synthesizers: five simple programs with
d = 2 (bandpass-filtered noise, amplitude-modulated noise, an
additive sine-saw pair, a sine-modulated saw, and a chirplet)
and four DX7-style FM programs (three four-operator routings
with d = 8, and a five-operator variant with an amplitude-
modulation envelope, d = 12), after the Yamaha DX7 [20].
FM matching is a long-standing benchmark for synthesizer
parameter search [2, 13, 14]. Four of the simple programs are

Table 1. The nine synthesizer programs. d is the number of
searched parameters. In the FM programs, fy is the fundamen-
tal, r; are operator frequency ratios, and /; are operator output
levels.

Program Synthesis Parameters
BP-Noise filtered noise 1lp_cut, hp_cut
AM-Noise ~ AM noise carrier, amp

d
2
2

SineSaw additive 2 sine_freq, saw_freq

SineModSaw AM 2 carrier, amp

Chirplet rising chirp 2 increase_speed, starting_pitch
8
8
8

DX7-Al
DX7-A2
DX7-A3
DX7-50p

FM, serial stack

FM, two carrier pairs
FM, three modulators as DX7-Al

FM, serial stack + AM 12 + r5, 15, am_rate, am_depth

fo, ma—ra, l1-la
as DX7-A1

taken from Salimi et al. [10]; the chirplet program is a sine
oscillator with exponentially rising pitch, following Vahidi et
al. [9]. Table 1 lists the searched parameters of each program.

3.2. Loss functions

Five loss functions compare candidate and target audio. Four
are those evaluated by Salimi et al. [10], with identical imple-
mentations and short-time Fourier transform (STFT) param-
eters: L1 and SIMSE, the mean absolute difference and the
scale-invariant mean squared error between magnitude spectro-
grams; Scat (called JTES by Salimi et al.), the mean absolute
distance between 1-D scattering coefficients [21]; and DTW, a
soft-DTW distance [22] (7 = 1) between smoothed amplitude
envelopes. The fifth, CLAP, is the Euclidean distance between
CLAP audio embeddings [23], previously used as a sound-
matching objective with gradient-free search [19]. CLAP is
not differentiable in our pipeline, so GD runs only on the other
four. All methods evaluate the same objective: GD minimizes
JAX implementations of the losses, and those used by the
gradient-free methods agree with them to within floating-point
rounding error (relative differences below 10~9).

3.3. Search methods and budget

Our GD implementation follows Salimi et al. [10]: the Faust
program is compiled to a differentiable JAX function with
DawDreamer, and RMSProp minimizes the loss with learning
rate 0.045 and gradients clipped to 1. Since GD is sensitive
to the learning rate, we repeat all GD runs at three additional
rates (0.0225, 0.01125, 0.005625); these appear only in the
GD (best Ir) column of Table 2, and all other analyses use the
base rate. CMA-ES [15] and LES [16] (evosax implementa-
tion [17]) search directly in the normalized parameter space,
with their mean initialized at its midpoint, an initial standard
deviation of 0.3 (o¢ for CMA-ES), and population sizes of
4 + |31Ind]. Random search draws points uniformly. Every
method receives a budget of 200 synthesizer evaluations per
trial, matching the iteration cap used by Salimi et al. [10]: each
rendered candidate and each GD step counts as one evaluation
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Fig. 1. NPSK rank of each loss function (1 = best, by median
returned P-Loss) under each loss-guided method, per synthe-
sizer. Losses in the same NPSK group share a rank. GD cannot
use the non-differentiable CLAP loss (-).

(a GD step also includes a backward pass). The initialization
counts as the first evaluation.

3.4. Protocol and metrics

We run 300 independent trials per (synthesizer, loss, method)
configuration, each with a fresh random target and initializa-
tion. Each trial is scored at the returned point: the evaluated
candidate with the lowest audio loss. We report two metrics
at that point: the audio loss itself, and P-Loss, the Euclidean
distance between the returned and true parameter vectors in
normalized space. The reported P-Loss is therefore the param-
eter distance of the lowest-audio-loss candidate, not that of the
closest point visited. We rank loss functions by P-Loss with
the non-parametric Scott-Knott procedure (NPSK) on boot-
strapped medians, following Salimi et al. [10]. Comparisons
between methods use a Mann—Whitney test on the per-trial
values, requiring p < 1073 and Cliff’s |6] > 0.147, the con-
ventional boundary between negligible and small effects [24].

4. RESULTS

All results below are computed at the returned point, the lowest-
audio-loss candidate (Sec. 3.4), aggregated over 300 indepen-
dent trials per (synthesizer, loss, method) configuration. P-
Loss is the normalized parameter distance to the target; “audio

Table 2. Median returned P-Loss (parameter distance of the
lowest-audio-loss candidate) within the 200-evaluation budget.
Each method is shown under its best loss for that synthesizer;
GD (best Ir) additionally takes the best of the four learning
rates. Best per row in bold.

Synthesizer GD GD (bestlr) Random CMA-ES LES
BP-Noise 0.011 0.004 0.036 0.000 0.012
AM-Noise 0.503 0.503 0.046 0.003 0.024
SineSaw 0.524 0.498 0.084 0.126 0.113
SineModSaw 0.374 0.374 0.063 0.026 0.044
Chirplet 0.366 0.366 0.074 0.043 0.052
DX7-Al 1.201 1.086 0.961 0.976 1.033
DX7-A2 1.156 1.079 0.996 1.032 1.083
DX7-A3 1.202 1.090 0.969 1.012 1.065
DX7-50p 1.438 1.368 1.218 1.188 1.255

loss” is the objective value. Random search samples the same
points regardless of the loss function; only its returned can-
didate depends on the audio loss. Table 2 summarizes the
median returned P-Loss per synthesizer and method.

4.1. Loss rankings do not transfer across optimizers

For each synthesizer we rank the loss functions by the NPSK
group of their median returned P-Loss, separately under each
loss-guided method (GD, CMA-ES, LES); Fig. 1 shows the
result. Agreement between GD and the evolution strategies is
near zero: over the four losses available to all three methods,
the mean Kendall 7, between GD’s ranking and CMA-ES’s is
+0.13, and between GD and LES +0.07, while CMA-ES and
LES agree at 4+0.49 (rising to +0.68 when CLAP, which GD
cannot use, is included). CLAP is in the top NPSK group in 14
of the 18 gradient-free cells. The two evolution strategies thus
agree with each other far more than either agrees with GD, and
a loss ranking established under GD carries little information
for an evolution strategy. Therefore, claims that a loss function
is well-suited to a synthesis task, when established under GD
alone [9-11], do not necessarily generalize to other search
methods.

4.2. CMA-ES leads on simple synthesizers; GD is last

Table 3 summarizes the mean rank of each method across
(synthesizer, loss) cells, and Fig. 2 shows median returned P-
Loss against budget on four tasks. On the simple synthesizers
CMA-ES is the strongest method under both metrics (mean
rank 1.2 in audio loss over the 20 CLAP-free cells, and the
best audio loss in 22 of all 25 cells), while GD ranks last (3.65—
3.70). GD’s returned P-Loss typically stops improving within
roughly 30 evaluations, except on the Chirplet synthesizer
(Fig. 2).
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Fig. 2. Median P-Loss of the returned point as a function of budget spent, over 300 trials, for two simple synthesizers (left)
and two DX7-style FM synthesizers (right), each under one loss. CMA-ES dominates the simple synthesizers. On the DX7
synthesizers GD’s curve rises: as GD improves its audio loss, the point it would return moves farther from the true parameters.

Table 3. Mean rank of each method (1 = best) across (synthe-
sizer, loss) cells, by median value at the returned point. CLAP
cells are excluded so that every cell ranks all four methods.

DX7 (4 synths)

Simple (5 synths)

Method audio P-Loss audio  P-Loss
GD 3.65 3.70 2.44 3.94
Random 3.05 2.35 2.88 1.38
CMA-ES 1.20 1.65 1.94 1.69
LES 2.10 2.30 2.75 3.00

4.3. On complex synthesizers, optimization decouples
from identification

The correlation between audio loss and P-Loss weakens fur-
ther on the complex synthesizers (Table 3). In audio loss, the
guided methods still optimize successfully: CMA-ES attains
the best mean rank (1.94). In P-Loss, they do not outper-
form random search (Tables 2 and 3). The best guided method,
CMA-ES, is statistically indistinguishable from random search
(Sec. 3.4), and GD’s returned point usually lies farther from
the target than its initialization. The budget is not what limits
GD, which typically stalls within 30 evaluations; whether the
evolution strategies would overtake random search at much
larger budgets remains open. The per-trial Spearman corre-
lation between audio loss and P-Loss falls from up to 0.94
on the simple synthesizers to |p| < 0.30 on the DX7 synthe-
sizers. Sound-matching evaluations should therefore report
parameter and audio metrics, and ideally include listening tests,
particularly for complex synthesizers.

5. CONCLUSION

We compared four search methods across five loss functions
and nine in-domain sound-matching tasks under a fixed budget
of 200 synthesizer evaluations. The loss rankings produced
under GD did not transfer to CMA-ES or LES: the effec-

tiveness of a loss function is coupled to the search heuristic
that optimizes it, and a ranking established under a single
heuristic should not be treated as a property of the loss alone.
In aggregate, both evolution strategies returned points closer
to the true parameters than GD did on the simple and com-
plex synthesizers alike, and random search proved a strong
baseline: on the complex FM synthesizers no guided method
returned closer points (i.e., P-Loss measured at point of best
audio loss). Recent loss-function comparisons in differen-
tiable sound-matching, including our own, have used GD
alone [9-11], yet at this budget CMA-ES was the strongest
guided method, with the added benefit of optimizing non-
differentiable losses. Four limitations bound our claims: all
tasks are in-domain, where the target is known to be reachable;
we tested a single evaluation budget; P-Loss counts parameter
symmetries and inaudible operators in the FM programs as
errors, so DX7 parameters are only partly recoverable by any
method; and we did not conduct listening tests, though the cen-
tral result, that parameter-loss rankings do not transfer across
heuristics, does not depend on perceptual judgments. Future
evaluations of sound-matching losses should therefore include
more than one search heuristic, a random-search baseline, both
audio and parameter metrics, and, where feasible, listening
tests.
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