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This paper introduces Prism, a neural audio modeling framework for real-time emulation
of multiband mixtures of nonlinear analog effects, including overdrive, distortion, and fuzz
pedals. While conventional approaches involve models specifically trained to emulate the re-
sponse of single devices on the whole frequency spectrum, Prism exploits band-aware con-
ditioning, allowing independent end-to-end processing of multiple frequency bands directly
on the input waveform. The model leverages latent representations to modulate a processing
network, supporting simultaneous real-time emulation of multiple effect types and complex
inter-band interactions. Prism is evaluated through benchmarks on audio quality and computa-
tional efficiency, yielding performance comparable with state-of-the-art virtual analog models
despite the broader scope of the task. Prism allows extended control on hybrid and creative
audio manipulation beyond conventional virtual analog modeling.

0 INTRODUCTION

Virtual Analog (VA) modeling refers to replicating the
sound and behavior of analog audio equipment using dig-
ital signal processing [1]]. Audio effect units, in both hard-
ware and software form, transform audio signals, introduc-
ing effects such as reverberation, distortion, and modula-
tion. Among these, distortion, overdrive, and compression
are known for their nonlinear input-output behavior.

Modeling of analog audio effect units is a popular
research area. Conventionally, VA has relied on white-
box approaches, i.e., using detailed circuit analysis and
component-level simulations [2, (3} 4]; recent advances in
machine learning have made it possible to have real-time
gray- and black-box modeling approaches that require lim-
ited or no prior knowledge of the underlying analog circuit
and inter-component relationships [5, 6} [7, |8]].

Besides the most common objective of precisely mod-
eling individual units, some recent efforts have focused on
the use of black-box approaches for creating new and hy-
brid audio effects [9}[10L[11]]. These works explored the use
of conditioning signals for deep learning systems to enable
blending of different effects, relying on the interpolation
capabilities of neural networks to enable new sound pro-
cessing capabilities.

A promising direction for future research is granting au-
dio professionals control over semantically meaningful pa-
rameters of these hybrid effects, bridging the gap between
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the sonic possibilities of current experimental models and
the practical need for intuitive controls. Among these pos-
sibilities, multiband processing is a promising approach.
Typically used in mastering and mixing applications [12]],
multiband processing involves splitting the signal into dif-
ferent frequency bands for separate processing, allowing
for precise control over the tonal balance and dynamics of
the sound [13]].

This work introduces Prism, a framework for neural
modeling of multiband mixtures of nonlinear analog ef-
fects - including overdrive, fuzz, and distortion - by di-
rectly learning the full-band transfer function. Prism there-
fore enables hybrid effect behavior where frequency bands
may be processed as either of the modeled effects with
different parameters. Band-specific latent representations
of multiple settings are used as conditioning signals, en-
abling independent control of nonlinear behavior across
frequency regions. However, audio is processed in a single
forward pass, increasing efficiency and real-time perfor-
mance. Prism’s design supports both the simultaneous em-
ulation of different effects and creative exploration of hy-
brid and cross-band interactions, not achievable with con-
ventional single-band, single-device systems.

The remainder of the paper presents architectures,
pipelines, and evaluations across multiple configurations.
Code and audio samples are made available onlineﬂ

Unttps://github.com/return-nihil/Prism
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1 BACKGROUND

1.1 Nonlinear Neural Audio Modeling

In the context of VA, black-box approaches aim at
emulating the response of nonlinear artifacts by relying
solely on input-output measurements [3 6], without ex-
plicit knowledge of the specific effect internal circuitry [7}
8l]. Neural networks currently constitute the dominant ap-
proach for black-box VA [5} [14} [15]], and several methods
have been proposed to digitally reproduce various nonlin-
ear devices such as distortions [[16,[17], amplifiers [18}19],
and compressors [20} 21]].

Convolutional neural networks and recurrent neural net-
works lie among the most widespread architectures [18]].
For instance, Damskégg et al. [22] demonstrated that a
modified WaveNet architecture can successfully model
guitar distortion pedals in real-time; Steinmetz and
Reiss [23] achieved similar results using a Temporal
Convolution Network (TCN) with large dilation factors;
Wright et al. [6] modelled a digital amplifier and a distor-
tion pedal using both Long-Short Time Memory (LSTM)
networks and Gated Recurrent Unit (GRU) networks.
Hybrid strategies for improving and optimizing mod-
els’ capabilities have also been developed. For example,
Ramirez et al. [[14] deployed convolutional AutoEncoders
(AEs) for feature extraction and latent representations,
capturing complex nonlinearities while reducing model
size; Huhtala et al. [24] proposed the use of a Koopman-
Linearised Audio Neural Network to lift audio signals
into high-dimensional spaces for more efficient linear
prediction.

With these models showing almost-indistinguishable
perceptual quality in the emulation of such pieces of hard-
ware, recent work began to explore their potential beyond
conventional analog paradigms. Relevant examples include
Steinmetz and Reiss’ Randomized overdrive Neural Net-
work [25], exploiting randomly-initialized TCNs to cre-
ate unpredictable distortion effects; the same authors [[11]]
subsequently applied a similar architecture in a steerable
configuration to interpolate between different types of ef-
fects, e.g., compression and reverb. Similarly, Dal Ri er
al. [9] exploited latent spaces from a Variational AutoEn-
coder (VAE) trained on multiple overdrives as a condi-
tioning signal for a GRU processing network, allowing for
novel, in-between settings.

1.2 Multiband Processing

A fundamental technique in audio engineering, Multi-
band Processing involves the split of a signal into multi-
ple frequency bands, each treated independently before fi-
nal mixdown. This method enables fine-grain control over
specific spectral content, and is widely used in audio pro-
duction [12].

Neural networks are not new to multiband environments:
several works exploit band-wise representations for audio
tasks such as classification [26]], source separation [27]], or
synthesis [28]. These approaches operate on spectral inputs
or intermediate band features instead of learning full-band
nonlinear transformations.

2

Existing multiband neural solutions in the realm of VA
mostly follow a parametric strategy, which is training deep
models to generate control parameters for external dig-
ital processors, rather than act as processors themself.
For instance, Mimilakis et al. [29] and Ionitd er al. [30]
explored multiband compression, respectively predicting
gain/exponent factors and ratio, and threshold parameters
for the processor; Sarkar and Lindborg [31]] presented a
model to estimate per-band control parameters for a para-
metric equalizer.

2 METHODOLOGY

The architecture of Prism consists of a VAE model,
extracting latent representations as conditioning signals,
and of a processing network to transform input audio ac-
cordingly. VAE conditioning for hybrid effects is inspired
by [9]. The processing network builds upon both causal
TCN [32] and WaveNet [33] architectures, and integrates
band-aware conditioning and Feature-wise Linear Modu-
lation (FiLM) [34]. An overview of the proposed architec-
ture is summarized in Fig. [T} and presented in detail in the
following sections.

2.1 Architectures
2.1.1 Latent Extractor

The latent extractor is a 1D convolutional variational
encoder-decoder architecture. The encoder gy produces a
latent representation z € R% with d. = 8 from the input
sine sweep sw € R7*!_ where T denotes the number of
samples, such that z = g4 (sw) ~ 4 (i, diag(6?)), while
a decoder py reconstructs the input sw = pg(sw|z). The
two modules are symmetrical, each composed of convolu-
tional blocks, with LeakyReL U activations in g4 and Sig-
moid Linear Unit (SiLU) in pg. Finally, the latent projec-
tion layer imposes a bounded latent prior by applying tanh
activation after re-parametrization:

z=tanh(U + 6 O €) (H

This enforces a known normalized range, which is benefi-
cial for using these latents as conditioning signals.

2.1.2 Processing Network

Overall, the network processes an input audio block x €
RT*! given a set of latent conditioning vectors ¢ = {¢;}2 |
- where B is the number of frequency bands and each ¢; €
R% is derived from the respective latent representation z -
and outputs an audio block §, along with a state buffer s’
which preserves the last R — 1 samples corresponding to
the receptive field R (see Sec.[3.2), prepended to the input
for causal processing:

¥,8' = fo(x,¢c,s). )

While vanilla TCNs rely on stacks of dilated convo-
lutions [32], Prism exploits structurally refined residual
blocks, aiming at improving both robustness and effi-
ciency for real-time usage. Each block features a depth-
wise convolutional layer with exponentially increasing di-
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Fig. 1: Summary scheme of the training pipeline, showing: 1. the VAE trained separately on individual per-setting sweeps,
extracting latents for conditioning; 2. the pseudo-ground-truth algorithm, which randomly assembles target waveforms for
training; and 3. Prism: the TCN-based processing network and its conditioning modules. Colored waveforms exemplify the
signals decomposed into different bands, whose number B € {2,3,4,6,8} is defined by the chosen model configuration.

lation dy = 2¢=1 and fixed kernel size k = 3. In addition,
early blocks apply a 1 x 1 expansion convolution to in-
crease channel capacity. After the depthwise convolution,
group normalization, and SiLU activation replace the typi-
cal tanh and o gating of WaveNet-style models [33], yield-
ing smoother gradients and improved stability. FiLM mod-
ulation (see[2.1.4) is then applied to inject global condition-
ing, followed by a Squeeze-and-Excitation (SE) [35] mech-
anism that adaptively re-weights feature channels based on
their global statistics.

The input block first passes through a stem network
producing the initial hidden representation hy. Then, each
residual block ¢ transforms its input hy_; as

zy = SiLU(GN(Convgy (hy—1))),
=N O+ P &)
2 = SE(%Z) = %y © o(W> PReLU(W; GAP(%)))

where Convgy(-) denotes a depthwise dilated convolu-
tion with pointwise projections before and after, GN(-) is
Group Normalization, and (yy,¢) are the layer-specific
FiLM parameters derived from the global conditioning
vector. The SE module first applies Global Average Pool-
ing GAP(+) to obtain channel descriptors, then processes
them through two learned projections W; and W, (im-
plemented as 1 x 1 convolutions) with PReLU [36] and
sigmoid activations, yielding channel-wise gating coeffi-
cients.

Finally, the residual output h, (passed to the subsequent
block) and skip connection sy are computed as

h; =h,_; 4+ 0.5 Conv'*!(2),

IXI(Z[)

“

sy = Conv

where Conv!*!(-) denotes a pointwise convolution. The
skip connections from all blocks are accumulated and pro-
cessed through a final output network to produce §.

2.1.3 Band-aware conditioning

This module receives the conditioning set ¢ = {¢;}2 |,
encoding information for specific spectral sub-bands. Each
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¢; is concatenated with a trainable per-band embedding
¢; € R% and processed by a shared Multi-Layer Percep-
tron (MLP) with PReL.U activations, ensuring explicit band
identity. The resulting band-wise hiddens are then stacked
and passed through a final projection layer to produce a
single global conditioning vector ¢, € [Réeond,

2.1.4 FiLM-based modulation

The global conditioning vector ¢, is then mapped to per-
layer modulation parameters {y,B;}}_, through a stan-
dard, lightweight FILM module, which projects ¢, through
a shared two-layer MLP with SiLU activations followed by
layer-specific linear heads:

(72, Be]

where W1, W5, and W are the learned projection matrices.

= W, SiLU(W; SiLU(W ¢,)), 5)

2.2 Objectives
2.2.1 VAE

The VAE is trained in an unsupervised fashion, whose
objective is to maximize the Evidence Lower Bound
(ELBO), balancing reconstruction accuracy and latent
space regularization:

Lyag = E — Dku (g (2[sw)||p(2))
(6)

While the second term is the Kullback-Leibler (KL) di-
vergence, the first one deserves a more detailed expla-
nation. It refers to the reconstruction loss correspond-
ing to the sum of Mean-Squared Error (MSE) loss, as
n (7), and Multi-Resolution Short-Time Fourier Trans-
form (MR-STFT) loss [37], computed as the mean of
both linear and log-magnitude differences between pre-
dicted and target spectrograms over multiple STFT scales
s;i € W{1024,512,256,128,64}, as shown in ().

9 (2|sW) [lOg Pe (SW|Z)]

Aase = [lsw — sWw][3, )
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Zirer = KX, (8% — SSll + [log(S, + &) — log(SW + )11 )
®)

In ), S{ = |STFT,,(sw)[2 and S{i = |STFT,; (sw)|2
denote the magnitude spectrograms of the predicted and
ground-truth signals at scale s;, and € is a small constant.

2.2.2 Processing Network
In line with the literature, e.g., [9} [15} [20]], the model is
trained to minimize a composite loss objective, balancing
temporal/spectral accuracy and perceptual consistency by
combining three complementary elements: the MR-STFT
loss defined above, an Error-to-Signal Ratio (ESR) loss,
and a per-band Mean-Squared Error (bMSE) loss. The ESR
loss promotes convergence by explicitly accounting for en-
ergy variations across training samples, preventing under-
fitting, especially in low-energy audio blocks:
E[(y-9)’]
ZESR = Eyi+e - ©)
The predicted and target signals are split into B mel-
frequency bands, and a per-band weighted MSE is applied:

1 & .
ZMSE = 3 Y % - MSE(§5,5), (10)
b=1

where A, is a scaling factor relative to each band; higher
frequency bands are given more relevance to better capture
fine-grained details. The total Prism objective is expressed
as the sum of these three components:

ZreN = ZstrT + ZLESR + LHMSE- (1D

3 EXPERIMENTAL SETUP

3.1 Dataset

Three well-known nonlinear analog pedals widely used
in modern guitar practice were selected for modeling, cov-
ering a wide range of timbral characteristics: an overdrive
- AnalogMan King of Tone (KoT), a distortion - Suhr Riot
Reloaded (RR), and a Muff-based [18] fuzz - Jam Red
Muck (RM). As for the overdrive, KoT recordings were
taken from the pOD-set dataset [9], which provides high-
quality recordings of individual settings, for a total of 36
gain/tone knobs combinations. The profiling procedure of
the remaining two pedals follows the same setup used
in [9]: a ~6-minute input file, containing 4-second sine
sweeps along with multisource recordings of various in-
struments originally presented in [38]], is processed through
each effect, for all combinations of 6 gain/tone settings.
Recordings were taken at 48 kHz, 24-bit, and normalized
at -3 dB, compensating audio latency for temporal align-
ment. The whole dataset contains ~ 10 hours of audio data.

3.2 Training Pipeline and Hyperparameters

A series of training cycles is conducted, in which sep-
arate models are trained with an increasing number of

4

bands, B € 2,3,4,6,8. An additional cycle with B =1 is
performed to provide a baseline for validation.

Offline ground-truth data construction procedure is sum-
marized in Algorithm |1} For each input block x € R, the
dataloader retrieves B processed versions of the same seg-
ment, each corresponding to a distinct effect configuration.
Each waveform is then decomposed into B mel frequency
bands with £5% overlap using a bank of linear-phase, 513-
coefficient FIR filters, implemented as a set of 1-D con-
volutions, producing band-limited signals {yfb) 1B | with
minimal phase distortion. A composite pseudo-ground-
truth y is constructed by randomly selecting, for each band
index i, one of the B effect configurations, then summing
them. The conditioning tensor c¢ is formed accordingly by
concatenating the corresponding latent vectors.

Algorithm 1 Pseudo-Ground-Truth Random Assembly

Input: Input block x € R”, filterbank PBme with B
bands, processed samples {y®), c(”)}ff:1
QOutput: Composite pseudo-ground-truth waveform y
and concatenated conditioning tensor ¢
l.forb=1,...,B:

Decompose processed sample into mel bands:

YO = Ba(y®) = {y",....v5"}

2.fori=1,...,B:

Randomly select b; ~ Z {1,...,B}

Assign band component y; = ygb")

Assign corresponding latent vector ¢; = ¢(%)
3. Assemble pseudo-ground-truth: y = Zle Yi
4. Stack per-band conditioning: ¢ = [¢/ ;...;¢5 ]
returny, ¢

Finally, the predicted processed output ¥ is also decom-
posed into sub-bands via the same Mel filterbank, and
immediately recomposed before loss computation. While
this step may seem redundant, it guarantees spectral con-
sistency between prediction and target and prevents minor
artifacts that could arise from mismatched filter responses.

Models are initialized with eight residual blocks, yield-
ing a receptive field R = 511 samples (~10 ms). Early
blocks use multiplicative expansion factors, while later
blocks retain the base width of 64 channels. The band con-
ditioning module produces a 64-D global representation
¢, for the FILM module. All experiments are conducted
on a single NVIDIA GeForce RTX 4090 GPU, using the
AdamW optimizer with an initial learning rate of 1 x 1073
and weight decay of 1 x 107>, a linear decay schedule
reducing the learning rate to 1 x 107, and a batch size of
64. Models are trained for 300 epochs using an 80/20%
train/test split, with audio block sizes of 2048 samples at a
sampling rate of 48 kHz.

3.3 Additional Evaluation and Ablations

For an extensive assessment of the proposed pipeline and
to support consistent benchmarking, a structured series of
in-depth experiments has been performed. Each configura-
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tion involved training the entire pipeline through complete
training cycles, covering the following settings:

1. Individual setting - [KoT, RR, RM]: models trained indi-
vidually on each of the three pedals considered;

2. Pair settings - [KoT+RR, KoT+RM, RR+RM]: models
trained on pairs of pedals;

3. Monotype setting - [KoT+DK+JR]: models trained on
three pedals, each belonging to the same type of non-
linear effect - overdrives. Here, further data from the
pOD-Set dataset [9] have been included, namely Tan-
abe Dumkudo (DK) and Vemuram Jan Ray (JR);

4. Multitype setting, alt. cond. - [KoT+RR+RM]: replica-
tion of the main experiments using alternative condi-
tioning strategies to evaluate their impact on models’
accuracy, specifically: (i.) standard discrete condition-
ing (effect type, gain, tone) as in e.g., [20, 38]], and (ii.)
a 4-dimensional latent conditioning scheme.

Performing all aforementioned experiments across every
choice of B would be computationally demanding: for this
reason, training cycles have been performed only for B €
{1,4}, which still provides a representative and sufficiently
informative set of conditions for evaluation.

4 RESULTS

4.1 Audio Quality Metrics

Reconstruction metrics for all the multiband models
and 1-band baseline are reported in Table m Overall,
performance is inversely proportional to the number of
bands. This reflects the increasing difficulty for the network
to learn end-to-end multiband transfer functions. As the
pseudo-ground-truth incorporates more frequency bands,
the waveform structure becomes more complex and chal-
lenging to reconstruct. This challenge is further aggravated
when models are conditioned with very different settings,
e.g., low-gain overdrive in one band and very high-gain dis-
tortion in another, producing a highly intricate target wave-
form - Fig.[2] Despite this, the models still capture the sig-
nal structure, and the degradation is smooth and sufficiently
predictable.

Bands | STFT | ESR | MSE (x10%) | MAE (x107?)
2 0.362 | 0.053 0.582 1.105
3 0.538 | 0.092 1.031 1.656
! 0.613 | 0.117 1.214 1.885
6 0.843 | 0.168 1715 2512
8 0.959 | 0.204 2.109 2.927
1 [ 0318 0035 ] 0377 [ 0.903

Table 1: Evaluation metrics on unseen data across band
configurations. The 1-band case is shown as a baseline.

4.2 Computational Efficiency

Table 2] reports efficiency metrics, specifically MFLOPs
on the non-scripted model graph, and Real-Time Factor
(RTF) and Average Forward Time (AFT), computed on an
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Fig. 2: Two examples of comparison between target wave-
forms (pseudo-ground-truth) and the predicted outputs of
the 4-band model with the following per-band settings: B1
-RR(5,5),B2-KoT(0,0),B3-RR(5,5), B4 -RM(1,0).
Input and real filtered bands are also shown.

Apple M2 processor, on TorchScript-optimized versions -
averaged over 1000 forward passes. Each metric is com-
puted with random mock signals of 512 samples, compati-
ble with the models’ receptive fields. In this configuration,
all AFTs are confidently below 10 ms, resulting in an ac-
ceptable latency. Higher block sizes further improve RTF
but increase latency, and are therefore not suitable for real-
time audio processing; despite that, for the sake of com-
pleteness, performances for 1024, 2048, and 4096 block
sizes are still reported in Fig. [3] Reduced variance of per-
formances across band number reflects the single-pass pro-
cessing approach.

Bands | Params | MFLOPs | AFT (ms) | RTF
2 338,781 | 169.65 7289 | 0.683
3 342,885 | 169.65 7224 | 0.677
4 346,989 | 169.66 7280 | 0.682
6 355,197 | 169.68 7415 | 0.695
8 363,405 | 169.70 7467 | 0.700
1 334677 | 169.64 | 7172 [ 0.672

Table 2: Comparison of model performance across band
configurations. The 1-band case constitutes a baseline.
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E
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8

Fig. 3: RTF comparison depending on audio block size.

4.3 Models Assessment and Ablation

Table El reports reconstruction metrics for individual,
pair, and monotype settings, comparing 1-band and 4-band
configurations. First, consistently with the results in Table
[T} increasing the number of bands always leads to higher
reconstruction errors across all metrics. Moreover, results
for individual effects suggest that overdrive circuits are eas-
ier to model. Although this may depend on the specific de-
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. Individual Pairs Monotype

Setting

KoT RR RM KoT+RR KoT+RM RR+RM KoT+DK+JR
Bands 1 4 1 4 1 4 1 4 1 4 1 4 1 4
STFT 0.021 0.095 0514 0.726 0.283 0.434 | 0.307 0.586 0.184 0.355 0.457 0.778 | 0.033 0.154
ESR 0.010 0.059 0.026 0.077 0.035 0.072 | 0.027 0.114 0.040 0.086 0.034 0.112 | 0.011 0.060
MSE (x107%) 0.016 0.093 0.600 1.852 0.280 0.618 | 0.352 1426 0.197 0418 0.525 1.835 | 0.028 0.192
MAE (x107%) 0.066 0.346 1.222 2.646 0.698 1376 | 0.856 2.037 0.444 1.022 1.063 2.553 | 0.143 0.607

Table 3: Results of the additional evaluation on individual, pair, and monotype settings across 1 and 4-band configurations.

vice, the monotype results confirm this point: even when
trained on three different devices (KoT+DK+JR), they still
outperform models trained on a single Fuzz (RM) or Distor-
tion (RR), with the latter yielding the worst performance.
Similar patterns can also be identified in the pair settings,
with KoT contributing to increasing evaluation metrics and
RR decreasing them. This variability is also already re-
flected in the latent representation produced by the VAE
- Fig. [ Indeed, latent plots relative to the pair and multi-
type settings show well-defined clusters, while the mono-
type distribution appears overall more uniform - arguably
suggesting a less complex structure for the model to learn.
Cluster characteristics were found to be robust to t-SNE
hyperparameter tuning.

. e %% o Jo oxoT
¥, 20 o0 o s g® ORM
& o o8 o - o ....:. RR
. &o2%
L 4 .. \.
¢ N % '-: >
e KOT °
e RM .
(@ (b) (©

Fig. 4: t-SNE on VAE latents for different settings:
(a) Pairs; (b) Monotype; (c) Multitype.

Differences between the models also emerge in the
frequency-response analysis, where processed sinusoidal
sweeps (g=5, t=5) from the dataset have been reused as
input for individually assessing the three pedals over three
model settings: 1) individual; 2) multitype single-band; and
3) multitype 8-band - Fig.[5

For the individual settings, the estimated responses
closely match the ground-truth curves across all effects.
In contrast, the multitype models - both single-band and
multiband - exhibit more distinctive behaviors.

Specifically, for KoT, both multitype models begin to de-
viate from the real response at ~150 Hz, remaining consis-
tently lower throughout the mid-range; such deviation is
more pronounced in the 8-band model. However, at higher
frequencies, both multitype versions approach the ground
truth more closely than the individually-trained model.

For RM, both multitype models produce lower amplitudes
in the low and high frequency regions and slightly higher
amplitudes in the mid-range. Again, the 8-band variant ex-
pands this trend.

6

In the case of RR, the single-band and 8-band multi-
type models show nearly identical behavior in the low-
frequency region - both slightly lower than the ground-
truth. Interestingly, above roughly 200 Hz, the 8-band
model starts to align almost perfectly with the real re-
sponse, whereas the single-band version continues to di-
verge slightly. This is in contrast with the evaluations in
both Table|I|- where the 8-band model performs worse on
average - and Table [3]- where individual and pair settings
involving RR also yield worse results.

Finally, Table [ reports the ablation results on the con-
ditioning signal. In the case of the single-band multitype
setting, all the conditioning modalities perform similarly,
with the discrete one even slightly better overall. However,
when the number of bands increases, latent conditioning
outperforms the discrete one in all metrics, signifying that
the conditioning modules benefit from structured represen-
tation proportionally as intra-band complexity grows.

Bands Cond. STFT ESR MSE (x10%) MAE (x107?)
1 Discrete 0.320 0.031 0.327 0.746
1 4 0.327 0.036 0.403 0.933
1 8 0.318 0.035 0.377 0.903
4 Discrete 0.696 0.126 1.397 2.087
4 4 0.619 0.120 1.214 1.924
4 8 0.613 0.116 1.206 1.885

Table 4: Ablation study for different conditioning strategies
on the KoT+RR+RM setting.

5 INFERENCE AND INTERFACE

The 8-band version of the final multitype model was
complemented with a graphical user interface, granting
quick access to the choice of effect type, gain, and tone
for each frequency band. Fig. [6] presents the user inter-
face while Fig. [/| details the real-time inference process.
Gain, tone, and effect parameters for each band are used
to retrieve the latent vectors previously extracted from
the whole dataset. The assembled conditioning vector ¢ =
[clT; ... ;CT] - relative to all bands - is then fed to the pro-
cessing network.

The interface was developed with the JUCE C++ frame-
work, and compiled as a standalone executable and audio
plugin. The current version sends open sound control mes-
sages to a Python runtime that processes the sound. Future
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Fig. 5: Frequency responses on sine sweeps of the ground-truth pedal output and three models for (a) KoT, (b) RM, and (c)
RR. Each panel compares the real processed signal (black) with the individual (blue) and 1-band multitype (red) baselines,
and the more complex multitype 8-band model (gold). All plots refer to the same (5,5) configuration.

work will focus on integrating the model inference directly
into the plugin.

i Band b
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%

Fig. 7: Real-time inference process. Per-band settings are
used to retrieve conditioning vectors z encoded by the
VAE. Latent vectors are fed to the conditioning input of
the modeling network along with real-time audio blocks.
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6 DISCUSSIONS

Table [5] provides a comprehensive performance compar-
ison of several state-of-the-art methods for real-time audio
processing against two versions - 2 and 8 bands - of Prism,
namely the less and more complex settings, respectively.
All of these works present conventional single-band mod-
els trained on single devices.

Despite the larger complexity both in terms of the num-
ber of devices modeled simultaneously and explicit multi-
band conditioning, Prism achieves optimal audio qual-
ity that is in line with, and in some settings superior to,
those reported in prior works. For instance, considering
the 2-band model, only Comunita et al. report
marginally lower aggregated errors on the metrics avail-
able on their models. However, [15] targets substantially
narrower modeling tasks, where a single LSTM network is
trained on a Fuzz device conditioned solely on the gain set-
ting. On the contrary, [39]] trained a Gated Convolutional
Network (GCN) on a “custom fuzz” circuit conditioned
on multiple gain+attack-+release settings, suggesting a po-
tential hybrid effect behavior; while this may constitute a
closer approach to Prism, the authors do not provide a de-
tailed analysis of their circuit to assess its internal inter-
dependency. Dal Ri er al. [9] recently proposed a system
to morph between multiple overdrive settings using a tiny
GRU network, representing a related method to creatively
unify multiple devices in a single model; however, it oper-
ates on the full spectrum and is limited to a single type of
effect. In addition, distortion and fuzz being more difficult
to emulate aligns with the findings in [13].

All other surveyed works show equal or larger errors on
all provided metrics with respect to the 2-band setting, with
the 8-band one still achieving competitive results.

It is worth noting that several works in the literature re-
port substantially lower parameter counts for their models,
up to one or even two orders of magnitude smaller than the
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Authors Effect Type Architecture Conditioning SR (kHz) STFT ESR MSE (x10%) MAE (x107?)
Comunitd et al. [I5] OD (Amp) ~ S4TVF-L-16  G+Tjn, 48 0.988  n.d. n.d. 2.570
Comunité et al. [13] F LSTM-96 G 48 0.152  nd. n.d. 0.400
Comunitd et al. [39] F GCNTE-3 G+A+R 441 0279 nd n.d. 1.100
Dal Ri et al. [9] OD (mult) GRU G+T (emb) 48 0814 nd 0.836 n.d.
Simionato and oD LSTM G+T 48 0.750 0.113 1.710 nd.
Fasciani [20]

Simionato and oD FiLM-GCU G+T 48 0.406 0.176 0.292 nd.
Fasciani [40]

Vanhatalo et al. [S] D (Amp)  LSTM-32 G 441 0595 0.024 4.000 3.780
Prism 2bands)  OD+D+F  TCN G+T (emb) 48 0.362 0.053 0.582 1.105
Prism (§bands)  OD+D+F  TCN G+T (emb) 48 0.959 0.204 2.109 2.927

Table 5: Comparison of different real-time methods from the literature against the best (simpler, B=2) and worse (more

complex, B=8) multiband/multitype Prism models.

one in Prism (e.g., [9} 15, 138]]). However, given the com-
plexity of the task and the fact that the proposed models
still operate in real-time on a standard CPU, increasing the
network capacity has been an intentional design choice. In
the current implementation, the core processing network
contains 181,258 trainable parameters; the remaining ones
stem from the conditioning modules, whose size slightly
increases proportionally with the number of bands.

Therefore, beyond faithful emulation of three different
types of nonlinear effects simultaneously, Prism consti-
tutes a novel approach in the field, and its multiband con-
trol capabilities allow for a series of creative applications
that are not possible with standard VA modeling. Fig. [§]
highlights band-specific behaviors: low-gain settings cre-
ate spectral gaps where certain bands contribute minimally,
while higher-gain settings produce localized amplitude in-
creases.

5048

aaaaa

©

Fig. 8: Log-mel spectrograms of (a) the input signal, (b)
the model output, and (c) the difference between the two.
The audio is processed using the 4-band model with the
following per-band settings: B1 - RR (5,5), B2 - KoT (0,0),
B3 - RR (5,5), B4 - RM (1,0).

7 CONCLUSIONS

This paper presented Prism, a novel approach to neu-
ral audio modeling that enables fine-grained control on
multiband and multieffect settings simultaneously. Bypass-
ing explicit parallel multiband processing and operating di-
rectly on raw waveforms in a single forward pass, Prism al-
lows for fast and intuitive audio manipulations and enables
straightforward and creative hybrid effects design. Future
work will investigate tighter integration of the model into
Digital Audio Workstation environments, perceptual eval-
uations with expert end-users, and potential extensions to
other classes of nonlinear processors.
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