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ABSTRACT

Accurately estimating nonlinear audio effects without access to
paired input-output signals remains a challenging problem. This
work studies unsupervised probabilistic approaches for solving this
task. We introduce a method, novel for this application, based
on diffusion generative models for blind system identification, en-
abling the estimation of unknown nonlinear effects using black-
and gray-box models. This study compares this method with a
previously proposed adversarial approach, analyzing the perfor-
mance of both methods under different parameterizations of the
effect operator and varying lengths of available effected record-
ings. Through experiments on guitar distortion effects, we show
that the diffusion-based approach provides more stable results and
is less sensitive to data availability, while the adversarial approach
is superior at estimating more pronounced distortion effects. Our
findings contribute to the robust unsupervised blind estimation of
audio effects, demonstrating the potential of diffusion models for
system identification in music technology.

1. INTRODUCTION

Audio effects play a pivotal role in shaping the timbral characteris-
tics of music and audio signals. Systems such as guitar amplifiers,
dynamic range compressors, and fuzz pedals introduce complex
nonlinear transformations that define their sonic signature. Emu-
lating these transformations with software has important applica-
tions in music production. When paired input-output recordings
are available, supervised learning methods can effectively approx-
imate these transformations [1, 2]. However, in many practical
scenarios, obtaining paired data is challenging or infeasible. This
occurs when attempting to reproduce the effects processing used
in a recording or when the target device is unavailable. Such a sit-
uation necessitates blind estimation, where the effect must be in-
ferred without access to the dry input signal, making it a highly
underdetermined problem due to the unknown source.

Existing approaches are primarily data-driven, with most rely-
ing on supervised learning and pre-training deep neural networks
on diverse effect populations, assuming they will generalize to
unseen systems. Since paired data can often be generated on-
the-fly by randomizing effect parameters, some of these meth-
ods are classified as self-supervised. For example, prior works
trained models to infer effect parameters from processed audio
[3, 4] or predict signal chains [5, 6, 7]. Other approaches use
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contrastive learning to determine representations that extract ef-
fect information [8, 9, 10, 11], which can enable conditional one-
to-many-effect modeling [8, 9] or serve as optimization objectives
for inference-time effect matching [10]. Another strategy esti-
mates the dry signal with an effect removal model, trained on a
diverse effect population, before applying supervised effect esti-
mation [12]. While these methods succeed in modeling unseen
effects, their performance depends heavily on the quality and di-
versity of pre-training data. Generalization requires large, well-
curated effect populations, and many methods suffer from flexibil-
ity constraints, being limited to simple audio effect implementa-
tions with few controllable parameters [10, 3, 4, 6] or fixed archi-
tectures dictated by conditional modeling paradigms [9, 8].

This work explores unsupervised approaches that rely only on
unpaired examples from input and output data distributions, avoid-
ing reliance on predefined effect populations and their associated
generalization challenges. We focus on methods that are agnostic
to the functional form of the effect model, allowing them to opti-
mize arbitrary operator models, including black-box and gray-box
models, as long as they are suitable for modeling the system. This
flexibility is particularly advantageous for emulating real-world
effects with unknown or highly complex behaviors, and the opti-
mized operator can serve as a computationally-cheap and real-time
capable audio effect. Specifically, we investigate two probabilistic
frameworks that fulfill these criteria: one based on generative dif-
fusion models, which is novel in this context, and another based
on adversarial training, which has been proposed previously [13].

Diffusion models [14, 15] have emerged as state-of-the-art
generative modeling techniques across various domains, includ-
ing audio generation [16, 17] and restoration [18, 19]. However,
their utility in this work does not lie in their generative capabilities
but in their potential to serve as data-driven priors for unsupervised
system identification, a relatively unexplored application. Recent
studies have applied diffusion models to blind inverse problems
[20, 21], where the unknown degradation operator is optimized
jointly with the clean signal estimate, given only distorted mea-
surements and a diffusion model trained on examples from the ref-
erence signal distribution. Such an approach has been explored
in historical music restoration [18, 22] and speech dereverberation
[23, 24], where linear degradation operators were optimized as
a byproduct of the restoration process. Building on previous find-
ings [25], which demonstrated that diffusion-based methods can
estimate a memoryless nonlinearity, we now extend this method-
ology to general classes of nonlinear operators in audio.

Methods based on adversarial training aim to align the output
of a learned effect model with the target distribution using a dis-
criminator model, which is trained with an adversarial objective
to the effect model. Wright et al. [13] first proposed an adver-
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sarial approach for unsupervised guitar amplifier modeling with
unpaired data, employing discriminators designed in the spectro-
gram domains. Chen et al. [26] later extended this framework by
experimenting with alternative discriminator architectures. Re-
cently, Park et al. [27] applied adversarial training to optimize
a larger family of audio effects and degradation operators, though
their method conditions on unpaired effected measurements and
requires pre-training with a population of known audio effects, as
in supervised approaches.

While adversarial approaches have demonstrated success in
unsupervised effect estimation, they are known to suffer from train-
ing instabilities. In particular, discriminator collapse can occur
when the discriminator’s training dynamics become unbalanced
relative to the operator, a risk exacerbated by limited or unbalanced
data availability [28, 29]. In many practical cases, one cannot as-
sume access to a sufficiently large and diverse set of target-domain
data, increasing the likelihood of instability and poor optimization
outcomes. By contrast, the diffusion-based approaches do not rely
on adversarial training and are potentially less susceptible to mode
collapse or training instabilities. This suggests that diffusion mod-
els may provide a more reliable solution for unsupervised nonlin-
ear system identification, particularly in data-scarce scenarios.

This paper is structured as follows. Sec. 2 formalizes the prob-
lem from a probabilistic perspective. Sec. 3 introduces the two ap-
proaches under comparison, describing their key principles. Sec. 4
describes the operator models used in our experiments, including
black-box models parameterized with neural networks, as well as a
gray-box model based on a Wiener-Hammerstein (W-H) structure
with a novel design. Sec. 5 evaluates both methods in guitar dis-
tortion modeling, analyzing their behavior when a limited amount
of target-domain data is available. The range of operator models
that each method can optimize is explored, and their suitability for
blind system identification in guitar distortion effects is assessed.
Additionally, we compare a W-H model to black-box models in
this setting. Finally, Sec. 6 summarizes our findings.

2. PROBLEM FORMULATION

Let X = {x(m) M_ . denote a dataset of source audio signals,
where each x € R” is assumed to be drawn from a prior distri-
bution p,.. Additionally, let Zy = {zé")}ﬁlzl represent an inde-
pendent dataset of signals also drawn from the same distribution
pz. Importantly, the dataset Zy is unobserved; instead, we are pro-
vided with a dataset ) = {y™}}_, of effected measurements.
Each observed signal y € R” is assumed to be generated from
a corresponding clean source signal zo through an unknown dis-
tortion process, described by a function

y = f(zo), ey

where f : RY — RY represents the distortion operator. The func-
tion f is assumed to be deterministic, time-invariant, and otherwise
unknown. Our goal is to estimate it.

Since zo follows the prior distribution p,, the distribution of
y is induced through the transformation f. Moreover, since f is
deterministic, the conditional distribution of the distorted measure-
ments y given the source signal zg is expressed as a Dirac delta:

p(ylzo) = 0(y — f(z0)). )
This means that p,, is implicitly defined as
py(y) = | 0(y — f(z0))p=(2z0) dzo. ()

RL
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Since f may not be invertible, different values of zp can map to
the same y, leading to potential density transformations that are
difficult to express in closed form.

3. UNSUPERVISED OPERATOR ESTIMATION

To approximate the unknown function f, we introduce a paramet-
ric model f (-; ), where v represents the learnable parameters.
This model can take various functional forms, ranging from black
box approaches, such as neural networks including Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), or
state space models, to gray box approaches, such as W-H mod-
els, which incorporate stronger inductive biases that reflect prior
knowledge about the distortion process. Our objective is to opti-
mize v using the unpaired datasets X and ), i.e., in the absence
of explicit supervision through paired samples.

In this section, we explore two distinct approaches for tackling
the unpaired estimation task. First, we introduce a novel method
based on an Expectation-Maximization (EM) objective using dif-
fusion models, inspired by recent advances in image inverse prob-
lems [21] and speech dereverberation [24]. Second, we examine
the adversarial approach proposed recently [13], which formulates
the problem as a generative adversarial learning task. These ap-
proaches use different strategies for estimating f (-;), and are
summarized in Fig. 1.

In the diffusion-based approach of Fig. 1(a), the source dataset
X is used to train a score model s¢. Diffusion posterior sampling
is applied to estimate the unseen variables in the set Zg, from
which the distorted dataset ) originates. The operator parame-
ters 1) are optimized through EM updates, while the estimates of
the elements from Z are refined.

In the adversarial approach of Fig. 1(b), the source dataset X’
is processed by the operator f (-3 %), producing the estimated out-
put V. A discriminator Dy is trained to distinguish Y from the
distorted dataset ), allowing the training of f (-3 ) through ad-
versarial learning [13].

3.1. Proposed Diffusion-Based Approach

The first approach builds on recent advancements in diffusion mod-
els for blind inverse problems in music [30, 22], speech [24, 31],
and image [21] restoration. These methods jointly estimate the
degradation operator alongside the restored signal at inference time.

Following [24, 31, 21], we formulate the operator estima-
tion problem as an EM objective over an observed dataset ) =
{y (n)}gzli

max Ezynp(zoy) log p(V[ 205 ), “4)
where Zy = {zém}f:l represents the latent clean source signals
corresponding to Y, inferred during optimization.

Instead of the theoretical Dirac likelihood in Eq. (2), we intro-
duce a convex surrogate:

N
P(Y|20; ) o< exp (—cZC(y<">,f<z8">;w)>> O
n=1

where C(+, -) denotes a convex cost function that quantifies the dis-
crepancy between the observed and estimated signals, aggregated
across the dataset, and ( is a scaling hyperparameter.



Proceedings of the 28" International Conference on Digital Audio Effects (DAFx25) Ancona, Italy, September 2-5, 2025

@ ....... .

®

(b) Adversarial approach [13]

Figure 1: High-level diagrams of the two studied unpaired op-
erator estimation methods, (a) the diffusion-based approach and
(b) the adversarial approach. Solid lines indicate the signal pro-
cessing flow, while dashed lines represent optimization dependen-
cies between components.

The key challenge in optimizing Eq. (4) is evaluating the ex-
pectation, which requires drawing samples from the posterior dis-
tribution p(Zy|Y). Since the dataset )’ consists of N distorted
signals y™, the algorithm requires estimating the corresponding
source input signals zé") for each n € {1,..., N}. For clarity,
we omit the index ¢ in the following discussion, but the following
procedure must be repeated for each observation in the dataset.

The estimation of each z is performed using approximate
posterior sampling with a diffusion model trained exclusively on
the clean dataset X’. The optimization procedure alternates be-
tween two steps, also visualized in Fig. 1(a). In the E-step, given
fixed parameters ¢ and the trained diffusion model, we estimate
the source samples zo. In the M-step, using the estimated zo, we
update the parameters 1) of the degradation model to maximize the
likelihood of the observations.

3.1.1. Diffusion models for posterior sampling

A diffusion model provides a powerful framework for sampling
from complex distributions, such as p;, and for sampling from ap-
proximate posterior distributions, which factorize as p(zo|y; ¥) o
p(y|zo; ) p=(20), useful for solving inverse problems [20, 32].
Diffusion models approach the generation problem by breaking it
into a sequence of denoising steps. The process starts from a Gaus-
sian prior z7 ~ N(0, 071) and gradually refines the sample until
it follows the target data distribution zg ~ p. This transformation
is governed by the probability flow ordinary differential equation
(ODE):

(0)

where time 7 evolves backward from 7" to 0. Since the score
function V. logp(z,) is generally intractable, it is approxi-
mated using a time-conditional deep neural network s¢(z,,7) =
V2. log p(z.), trained via denoising score matching [33] on the
available dataset of clean signals X'. We adopt the same diffusion
parameterization as in previous works [25, 24] and refer to [25] for
a more detailed introduction.

dz, = —7V,, log p(z,)dr,
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To sample from the posterior, we replace the score function in
Eq. (6) with the posterior score [14]:

Vo log p(z:|y; ) = Vi, logp(z,) + Vi, logp(y|z-;¥). (7)

Following Chung et al. [32], we approximate this as

V. log p(z-|y; ¥) & so(zr, 7)+((7)Va, log p(y|2o(zr, 7); 1(/)8)),
where the prior score is replaced by s¢(z-, 7), and the likelihood
score is estimated using the one-step denoised estimate zo(z-) =
E[zo|z-], which can be obtained without extra cost via Tweedie’s
formula:

®

20(z7,7) = T289(ZT,T) + Zr.

3.1.2. E-Step

By discretizing and solving the posterior-replaced ODE introduced
in Section 3.1.1, from 7 = T to 7 = 0, we could obtain samples
from the approximate posterior p(zo|y; ), from which we could
evaluate the expectation in Eq. (4). However, simulating this con-
ditional reverse diffusion process is computationally expensive due
to the need for 7" evaluations of sy per EM iteration. To reduce
this cost, we integrate EM updates with the ODE discretization,
following [21, 24]. Specifically, we discretize the time variable 7
into K steps,

{7’1,...,7'1971,7']“.‘.,7'1(}7 with 71 =T and 7K = 0.

At each step k, we approximate the expectation in Eq. (4) us-
ing an intermediate latent variable z,, :

Eoomp(aolyiv) 108 P(Y|2Z03 ¥) & Eagwp(ag|a-, ) 108 P(¥|Z0; 1/30)
This approximation is motivated by the fact that the reverse diffu-
sion process gradually refines samples toward the posterior mode.
Since z,, already encodes significant information about zo, it serves
as a useful intermediate representation. Rather than explicitly con-
ditioning on y at every EM iteration, we rely on the structure of
the conditional reverse diffusion process to implicitly incorporate
the data constraint.

Following [32], we further approximate p(zo|z-) as a Dirac
delta located at the one-step denoised estimate: p(zg|z,) =
0(zo(zr,7)). This results in the following one-sample Monte
Carlo estimate of the expectation from Eq. (4):

Ezomn(z0v) 108DV Z0;9) ~ logp(V|Z559), (D)
Sk S (n) N . (n)
where Z5 = {Zo(zr, ,T)}n=1. The latent variables z7,’ , are

then updated following the process explained in Sec. 3.1.1.

3.1.3. M-Step

In the M-step, we update the operator parameters v to maximize
the expected log-likelihood. By integrating Eqs. (5) and (11) into
Eq. (4), we obtain the M-step objective:

N

¥ argminy_ € (v, flao(zl) 7)5v)),  (12)
¥ n=1

In practice, this objective is optimized via stochastic gradient de-

scent. Optimization is performed by sampling random batches of

pairs {y, Zo } and updating the parameters accordingly.



Proceedings of the 28" International Conference on Digital Audio Effects (DAFx25) Ancona, Italy, September 2-5, 2025

3.2. Adversarial Approach

The second approach, sketched in Fig. 1(b), is inspired by Gen-
erative Adversarial Networks (GANs) [34] and was proposed for
guitar amplifier modeling by Wright et al. [13]. It consists of the
following optimization objective [29]:

¥ = arg min D(py, py ), (13)
)

where ﬁyp denotes the distribution induced by p, through f (-59),
defined analogously to Eq. 3 for py, and D(-,-) denotes a distri-
butional distance or divergence. D(-,-) is designed such that it
attains its minimum when p,, = ﬁﬁf.

The distributional distance D(-, ) is parameterized by a dis-
criminator or critic D(-; ¢) : RY — R, typically a neural network
with parameters ¢, such that

D(Pyyﬁ;}b) = arg;nax{EyN;Dy [ - maX(Ov 1-— D(y7 ¢)):|

+ Exep, [ — max(0, 1+ D(f(x;7); ¢))] } (14)

which corresponds to the hinge loss objective [35], as implemented
in [13]. In practice, the expectations in the objective function are
approximated using Monte Carlo estimates. The dataset of clean
signals X provides realizations of p,, while the dataset of distorted
signals ) serves as realizations of p,,.

This formulation results in a minimax optimization game,
where the discriminator D(- ; @) is trained adversarially against the
operator f (-;1). The operator aims to transform p,, such that its
output distribution aligns with p,,, while the discriminator attempts
to distinguish real samples from transformed ones. One common
issue in this adversarial framework is the discriminator collapse,
where D(-; ¢) becomes too strong and provides poor gradient in-
formation to f (-3 ), or conversely, too weak, failing to guide the
operator’s learning process.

4. OPERATOR MODELS

The parametric model f (-3 %) can take various forms. In this pa-
per, we explore different black-box models parameterized by neu-
ral networks, as well as a gray-box approach, specifically a W-H
model.

4.1. Black-Box Operator Models

Black-box models are data-driven and do not require explicit know-
ledge of the underlying system in their design. Deep neural net-
works, as universal function approximators, are commonly used to
approximate the input-output behavior of an effect. In this study,
we focus on two specific neural architectures that have proven
successful at modeling audio effects: a Gated Convolution Net-
work (GCN) and S4, a state-space model [36].

The GCN consists of a stack of temporally dilated convolu-
tional operations combined with gated activation functions [37].
This architecture was used for unsupervised guitar effect estima-
tion with an adversarial strategy [13], and in this study, we use the
same architecture as in [13], consisting of 31k parameters.

S4, an architecture based on state-space models [36], has been
applied to nonlinear audio effects like dynamic range compression
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Figure 2: Structure of the employed Wiener-Hammerstein model.

[38] and virtual analog effects [39], often outperforming other ar-
chitectures [40]. We use its implementation from VFx [41]', with
a 19k-parameter non-conditional configuration [40].

4.2. Wiener-Hammerstein Model

One of the most widely used approaches for modeling nonlinear
systems is the Wiener-Hammerstein model, which represents the
system as a serial connection of a Linear-Time Invariant (LTI)
block, followed by a static nonlinearity, and another LTI block
[42, 43, 44, 40]. Unlike black-box models, gray-box approaches
such as W-H structures offer better interpretability of the learned
transfer function, allowing a detailed analysis of each block after
the optimization process. In the context of unsupervised optimiza-
tion, we hypothesize that a more targeted model with a constrained
parameter space, such as a W-H model, can be particularly benefi-
cial. The model’s inductive biases, derived from prior knowledge
of the unknown operator, can potentially help guide the optimiza-
tion, improving stability and robustness. However, this advantage
may come at the cost of reduced expressivity, as the model struc-
ture may limit its ability to fit highly complex systems that cannot
be predicted with the utilized parametric structure.

The structure employed in this work is shown in Fig. 2. The
LTI blocks are designed as equalizers implemented in the frequency
domain, similar to the approach in [45]. The magnitude responses
are optimized at a reduced grid, spaced according to third-octave
bands. These values are then linearly interpolated to cover the en-
tire frequency range. This is implemented by computing the Short-
time Fourier Transform (STFT) of the signal and multiplying each
column (i.e., each time frame) element-wise with the interpolated
frequency response. Additionally, we optimize the phase values
of the frequency-domain filter across the entire frequency range,
allowing the operator to adapt to unknown phase responses. For
the STFT, a Hann window with 2048 samples and 75% overlap is
used, along with zero-padding to double the window length, pre-
venting temporal aliasing. The inverse STFT is posteriorly applied
to recover the filtered waveform.

The static nonlinearity is parameterized with a Cubic Catmull-
Rom (CCR) spline, as proposed in previous work [25], since it out-
performed alternative parameterizations such as Multilayer Per-
ceptrons [46] or parametric tanh structures [44] for modeling mem-
oryless nonlinear distortion using a similar diffusion-based frame-
work. The spline is parameterized with 41 control points.

5. GUITAR DISTORTION MODELING EXPERIMENTS

We evaluate the performance of the diffusion-based and adversar-
ial methods in unsupervised guitar distortion modeling. To do so,
we use a similar experimental framework as [13]. We investigate
the effect of reducing the amount of available effected data in the

Thttps://github.com/mcomunita/nablafx
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results, reducing the size of ), and how the two methods per-
form when different operator models are used. Audio examples
are available on the webpage?®.

5.1. Data

Following [13], we utilize the fourth subset of the IDMT-SMT
Guitar dataset [47], which comprises 64 short musical excerpts
spanning various styles and tempos. While the dataset includes
recordings from two different guitars, we exclusively use those
from the Career SG guitar. Each recording is processed with three
distinct distortion effects of increasing severity: ‘Clean Distor-
tion,” ‘Light Distortion,” and ‘Heavy Distortion.” The distortion
effects were applied using commercial audio plugins, consistent
with the procedure in [13]. All the material is sampled at 44.1 kHz.

Our experiments require the following distinct, non-
overlapping dataset splits: two unpaired datasets representing the
input and output distributions, denoted as X’ and ), respectively,
and a paired test set (Xiest, Viest) for evaluation. Of the 37 min of
available recordings, we allocate 16 min for X', and 16 min for ).
Additionally, we construct three reduced versions of ) containing
18 s, 1 min, and 4 min of distorted recordings. The remaining
5 min are used for the test set, which is segmented into chunks of
6 s, resulting in 50 segments. Our dataset split differs from the
one used in [13], as this configuration enables a more systematic
evaluation of both approaches. Consequently, our results may not
be directly comparable to those reported in [13].

5.2. Experimental Details: Diffusion-Based Approach

Our diffusion-based method closely follows the configuration of
previous work [25], using the same hyperparameter choices unless
otherwise specified. The diffusion model operates in the waveform
domain, while its score network is built on an architecture based
on the Constant-Q Transform (CQT), as proposed in [22]. This
design leverages the invertibility and differentiability of the CQT
to introduce inductive biases tailored to musical signals, while re-
taining the flexibility of waveform-domain modeling. The model
is trained on 6-second audio segments. The model was pre-trained
for 80k iterations using the EGDB dataset [48], followed by 14k
iterations of training on the dataset split X', with a batch size of 4.
The training phase (excluding pre-training) took 70 min®. While
the impact of pre-training remains to be formally evaluated, pre-
liminary experiments suggest that it may have only a minimal ef-
fect.

We use a consistent hyperparameter configuration for all the
operator optimization experiments, setting 7" = 101 steps, which
corresponds to both the reverse diffusion discretization and the
number of EM iterations. The likelihood scaling parameter ¢ in
Eq. (5) is defined following [25] as a function of 7 controlled
by ¢ = 0.2. As the cost function C(-,-), we employ a ¢2-norm
in a compressed STFT representation [23, 24], using a compres-
sion factor of 0.5. This compression equalizes the spectral energy
distribution and enhances high-frequency content, which typically
has lower energy but is perceptually important. Each M-step in-
cludes 20 operator optimization steps. We employ the AdamW
optimizer with random batches of 4 examples per iteration, a learn-
ing rate of 0.001, momentum parameters (51 = 0.9, 52 = 0.99),
and a weight decay of 0.01.

Zhttps://michalsvento.github.io/UnNAFx/
3 All computation times here were measured on an NVIDIA H200 GPU.
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Operator optimization times varied based on dataset ) size:
approximately 1 h for 16 min of data, 18 min for 4 min of data,
6 min for 1 min, and 3 min for 18 s. Exact times may vary depend-
ing on operator efficiency and implementation-specific details such
as logging. Certain operations during the E-step and latent variable
updates, particularly the forward and backward score model evalu-
ations, demand substantial memory if processed naively in a single
evaluation. To mitigate memory overhead, we process all dataset
elements in small batches of 1, 2, or 4, depending on available
GPU memory.

5.3. Experimental Details: Adversarial Approach

Following [13], we adopt the set of three log-mel spectrogram dis-
criminators, each operating on 160 mel bands but with varying
window sizes of 512, 1024, and 2048 samples. This configuration
was chosen as it demonstrated superior performance in the exper-
iments reported in that study. All models were trained for exactly
100k iterations with batches of 5 segments of 1.5s each, requir-
ing approximately 2 h. We follow the remaining hyperparameter
settings from [13]. Experiments using the W-H model proved un-
stable with this approach, suffering from severe discriminator col-
lapse. Consequently, they were excluded from the evaluation, and
only the black-box models, GCN and S4, were studied.

We acknowledge the extensive body of work aimed at improv-
ing the stability of adversarial training [49, 50], and recognize that
some of these techniques could be relevant to our setting, partic-
ularly in imbalanced scenarios. However, exploring and properly
implementing these approaches is considered beyond the scope of
the present work. Therefore, we limit ourselves to the configura-
tion proposed in [13].

5.4. Experimental Details: Supervised Baseline

In addition to the unsupervised methods that are the focus of this
study, we incorporate a supervised baseline to serve as an upper
performance bound for the unsupervised approaches. This base-
line is trained using the dataset ), with reduced size when appli-
cable, along with the paired input signal, which is unavailable in
the unsupervised setting. The supervised operator models were
trained for 5k iterations using the Adam optimizer with a learning
rate of 0.0001 and 6-s-long audio segments.

5.5. Evaluation

To systematically evaluate the performance of the different meth-
ods, we apply each optimized operator to all instances in the test
set Xest € Aest, Obtaining the corresponding signal estimates:
y = f (Xtest; ). We then assess the quality of these estimates
by comparing them to the paired ground-truth targets y € Vst
using three objective evaluation metrics.

The first metric is based on the AFx-Rep representation [10],
which was specifically designed to capture information related to
audio production style. To quantify the similarity between the ref-
erence signal y and its estimate §, we compute the cosine distance
between their respective embeddings:

9(y) - 9(y)
max([lg()[llg(y)ll, €)’
The operator g is the AFx-Rep trained encoder, - denotes the dot

product, the norm used is the £2 norm, and € is a small constant for
numerical stability.

dist(y,y) =1 — (15)
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Figure 3: Objective metrics AFx-Rep, ¢1 log MSS, and ¢; MSS calculated on the test set, based on the amount of observed effected data.

Next, we compute the ¢; distance between Multi-Scale Spec-
trograms (MSS), which measures the difference between STFT
magnitudes across multiple analysis settings. The STFT is com-
puted using predefined window lengths W = {2048, 1024, 512,
256, 128, 64}. For each w € W, the number of FFT bins is set to
w, and the hop size is chosen as w/4. The ¢£; MSS metric is then
defined as:

0MSS(y,y) = Y [[[STFTw(9)| - ISTFTw(y)| |11, (16)
weW

where STFT,,(+) is the STFT operator with an analysis window
of size w. To obtain values on a more interpretable scale, we nor-
malize the ¢;-norm by taking its mean.

As the third metric, we define a logarithmic variant of the pre-
viously mentioned metric, ¢1log MSS, where log,, is applied to
the STFT magnitudes before computing the distance.

5.6. Results

The results of the objective metrics are shown in Fig. 3. As ex-
pected, the supervised experiments (green markers) consistently
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achieve the best performance across all scenarios, establishing a
lower bound on the error that can be expected from the unsuper-
vised methods.

When evaluating the robustness of unsupervised methods in
data-scarce scenarios, it can be observed that the adversarial me-
thod (blue markers in Fig. 3) exhibits a notable drop in perfor-
mance as the duration of available data decreases. In contrast, the
diffusion-based approach (red markers in Fig. 3) maintains a more
stable performance, even with as little as 18 s of data, although
a slight decline is still noticeable.

The experiments with the diffusion-based method outperform
the adversarial ones in the ‘Clean’ and ‘Light’ distortion scenar-
ios when only 18 s or 1 min of effected recordings are avail-
able, and achieves a comparable performance when 4 or 16 min
are used. In terms of AFx-Rep dist. (Fig. 3a,b) and ¢;log MSS
(Fig. 3d,e), the adversarial approach yields slightly better results
when the full dataset is available. Conversely, the diffusion-based
method achieves consistently lower errors on the linear ¢1 MSS
metric (Fig. 3g,h). These differences are potentially attributed to
the alignment between each method’s training objective and the
evaluation metrics. The adversarial model was trained using log-
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scaled mel-spectrogram features, which are more closely related
to the ¢1log MSS metric. In contrast, the diffusion-based model
was optimized using magnitude-compressed STFT features, which
may be more aligned with linear-scale ¢; MSS, though the corre-
spondence is not exact.

These trends differ in the ‘Heavy’ distortion setting, where the
adversarial method experiments consistently obtained better re-
sults than diffusion-based ones in terms of AFx-Rep dist (Fig. 3(c))
and ¢; log MSS (Fig. 3(f)). Interestingly, this is not the case in
terms of ¢; MSS, where the diffusion-based approach still obtains
lower values. Also in this case, for both unsupervised approaches,
increased data availability almost consistently leads to improved
operator estimation.

In the Heavy distortion setting, the trend shifts: the adversarial
method consistently outperforms the diffusion-based approach in

AFx-Rep distance (Fig. 3c) and ¢; log MSS (Fig. 3f). The diffusion-

based method still performs better in terms of linear ¢; MSS. Also
in this case, for both unsupervised approaches, performance gen-
erally improves with increased data availability.

We do not observe a clear trend regarding the most suitable
black-box model architecture: both GCN and S4 yield comparable
performance when used with either of the unsupervised methods.
While one may outperform the other in specific cases, the differ-
ence is not consistent across settings. Within the diffusion-based
framework, a comparison between black-box and grey-box oper-
ators shows that the W-H model performs on par with both the
GCN and S4 models (see Fig. 3), and slightly better in some cases.
Attempts to train the W-H model using the adversarial approach
were unsuccessful, and the corresponding results are therefore not
included in the figure. These findings suggest that diffusion-based
methods offer stable performance across different operator archi-
tectures, whereas the adversarial approach appears more sensitive
to the choice of model.

6. CONCLUSIONS

This study addressed unsupervised operator estimation, with ex-
periments on guitar distortion modeling, comparing diffusion-
based and adversarial approaches. While adversarial methods per-
formed well under heavy distortion, they lack consistency across
scenarios. In contrast, diffusion-based methods show strong ro-
bustness to data scarcity and operator choice, making them a more
reliable option overall. Additionally, diffusion methods offer the
benefit of jointly estimating the clean guitar signal, although re-
construction quality has not been explored in this work.

Both approaches—diffusion-based and adversarial—require
substantial training time and computational resources, which can
limit their accessibility for applications that require training with
low-power or time constraints. A key limitation of the diffusion-
based method is the need for a separately pre-trained model on
clean guitar signals, and obtaining such dry data can be challeng-
ing depending on the context. Future work should investigate how
performance varies with different amounts of available dry data
and assess the trade-offs between robustness and computational
efficiency. Although all evaluated models are technically capable
of real-time operation [1], the practical computational demands re-
main an open area for further study. Finally, although this study
focused specifically on distortion effects, we believe the proposed
framework could extend to other nonlinear audio effects, such as
dynamic range compression or modulation effects, given the gen-
erality of the black-box operators used in training.
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