HAYYHO-TEXHUYECKMI BECTHUK MH®OPMALIMOHHBIX TEXHOIOM I, MEXAHVKI 1 OMTUKN

° mapT-anpens 2026 Tom 26 N2 2 http://ntv.ifmo.ru/  wavum O-TEXHUYE CKMA BECTHMK
I IITMO SCIENTIFIC AND TECHNICAL JOURNAL OF INFORMATION TECHNOLOGIES, MECHANICS AND OPTICS ““m“pMA““““HMX IH““"M““, MHR““K“ “ “"T“K“
March-April 2026 Vol. 26 No 2 http://ntv.ifmo.ru/en/
ISSN 2226-1494 (print) ISSN 2500-0373 (online)

doi: 10.17586/2226-1494-2026-26-2-295-305

Spectral-based multi-band recurrent neural networks
for black-box modeling of dynamic range compressors
Andrei F. Balykin!™, Ivan S. Blekanov?2

1.2 St. Petersburg State University (SPbU), Saint Petersburg, 199034, Russian Federation

1 5t054659@student.spbu.ru™, https://orcid.org/0009-0003-1554-2873
2 i.blekanov@spbu.ru, https://orcid.org/0000-0002-7305-1429

Abstract

Deep learning approaches have been increasingly adopted for virtual analog modeling, which aims to replicate the sonic
characteristics of analog audio devices. In the context of analog dynamic range compressor modeling, many existing
methods operate directly on raw audio waveforms which are high-dimensional and contain fine-grained temporal
features at high sampling rates. These representations are computationally demanding and limit model efficiency. We
propose a feature extraction pipeline that leverages the magnitude component of the Short-Time Fourier Transform in
combination with a spectral amplification mechanism which acts similarly to a spectral mask but can both attenuate and
amplify selected frequency components. We employ multi-band Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU) architectures that split the magnitude spectrum into several frequency bands for independent processing,
substantially reducing computational complexity while preserving high modeling accuracy. To evaluate our approach,
we created two datasets consisting of recordings of the consumer-grade analog compressor Alesis 3630 and its digital
counterpart, discoDSP NightShine. We conducted extensive experiments comparing our method against raw waveform
baselines using four objective metrics, theoretical and empirical measurements of computational performance, and a
subjective listening test. Results indicate that single-band models based on the proposed feature extraction pipeline
outperform raw-audio baselines across all evaluation metrics. Multi-band configurations further improve the efficiency
balance. In particular, four-band LSTM and GRU architectures achieve higher perceptual fidelity at substantially lower
computational cost. Moreover, we conducted a subjective listening test that yielded results aligned with the objective
metrics. All source code and pretrained models are provided for reproducibility.
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AHHOTALUA

BBenenue. [logxonasr r1y0oKoro 00y4eHMsS BCE aKTHBHEE MPUMEHSIOTCS IS 3a7ad BUPTYaJIbHOTO aHAJIOTOBOTO
MOJICJIUPOBAHUS, L[E€JIb KOTOPBIX 3aKJII0YAaeTCs B BOCIPOU3BEIEHUM 3BYKOBBIX XapaKTEPUCTUK aHAJIOT'OBBIX
aynuoycTpoiicTB. B 001acTH MOJENMPOBAHUS aHAIOTOBBIX KOMIIPECCOPOB JHHAMHYECKOTO JUANA30HA MHOTHE
CYIIECTBYIONUE METOJBI PA0OTAIOT C ayIHOCUTHATIAMHU BO BPEMEHHON 00acTH, 4TO O0YCIaBIMBACT BBICOKYIO
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Spectral-based multi-band recurrent neural networks for black-box modeling of dynamic range compressors

pa3MepHOCTh BXOHOTO CUTHAJIA TIPH BBICOKOH YacToTe Auckperusanun. O0padoTka TaKNX BBICOKOETATN3UPOBAHHBIX
MPU3HAKOB SBJISICTCS BBIYMCIUTEIBHO 3aTPAaTHOW U CHUKAET 3G (PeKTUBHOCTH Mojeneil. Mertoa. [IpencrasieH
METO]] MPeABAPUTENLHON 00pabOTKH MPU3HAKOB, UCTIONB3YIOMINN aMIUTUTYHYI0 KOMIIOHEHTY KPAaTKOBPEMEHHOTO
npeobpazoBanns Dypbe B COUCTAHNH C MEXaHH3MOM CHEKTPAIBHOTO YCUICHUS, (PyHKIIHOHUPYIOIIUM aHAIOTHIHO
CHEKTPaIbHOM Macke, HO CHOCOOHBIM KaK OCIA0ATh, TaK M yCHJINBATh YaCTOTHBIE KOMIIOHEHTHI. B kadecTBe
paccMaTpuBaeMbIX apXHUTEKTyp OBUIM MpeokeHsl MHOromnonocHsle ceti Long Short-Term Memory (LSTM) n
Gated Recurrent Unit (GRU), xoTopble pa3nensioT aMIDIUTYHBII CIIEKTP Ha HECKOJIbKO YAaCTOTHBIX IOJIOC IS
HEe3aBHCUMOW 00pabOTKH, YTO CYNIECTBEHHO CHHMIKAeT BBIYMCIUTEIBHYIO CIOXKHOCTH IIPH COXPAHEHNWH BBHICOKON
TOYHOCTH MojenupoBanus. OcHOBHBIE pe3yabTaThl. [lJisl OLEHKH IPe/CTaBISHHOr0 MOIXoa ObLIH C(OPMHPOBAHBI
JBa Habopa JaHHBIX, COEPIKAIIMX 3AMMUCH C aHAJIOroBOro kommpeccopa Alesis 3630 u ero nudpoBoit aMysun
discoDSP NightShine. Ha Bo1OpaHHbIX HaO0Opax JaHHBIX ObLIN TPOBEICHBI IKCIIEPUMEHTBI, B KOTOPBIX MPEAT0KESHHBIN
METOJ CPaBHUBAJICS C 6a30BBEIMU MOZIENISIMHU TIO YETHIPEM OOBEKTUBHBIM METPHKAM, TEOPETHUECKAM U SMITUPUIECKIM
MOKa3aTeNsIM BBIYHCIUTENBHOM MPOU3BOANTENBHOCTH, a TAKXKe Pe3ylbTaTaM CyOBEeKTHBHOTO MPOCITYHIMBAHUS.
Oocyxnenne. Pe3ynbraTsl OKa3aln, 9TO OAHOIOIOCHBIE MOAEIH C MCIIOJIB30BaHINEM Pa3pabOTaHHOTO METoja
W3BIICUCHYS IPU3HAKOB MPEBOCXOIAT Oa30BbIe MOJIENH 10 BCEM OIIEHOYHBIM MeTpHKaM. MHOTOmoIocHbIe KOH(UTyparm
obecrieunBaroT 0oJee BHITOHBIN OaaHC MKy KaueCTBOM M BEIYHCIHTENBEHON 3G ¢eKTuBHOCTRIO. B wacTtHOCTH,
yeTbIpexnonocHele apxuTekTypbl LSTM u GRU neMoHcTpupytoT 6osee BbICOKYIO NEPLENTUBHYIO TOYHOCTh MPHU
CYILIECTBEHHO MEHBIIINX BBIUMCIUTEIBHBIX 3aTparax. KpoMe Toro, ObUT poBeieH CyObeKTHBHBIH TECT MPOCITYINBAHMS,
pe3yabTaThl KOTOPOTO COTTACYIOTCS ¢ 0OBbEKTUBHBIMU METpUKaMH. MCXOAHBINH KOJ M mpenoOyueHHbIe MOAENN
OITyOIMKOBAaHBI B OTKPBITOM JOCTYIE AT 00€CTeUeH s BOCTIPOM3BOANMOCTH PE3yIbTaTOB.

KiroueBsie ciioBa
00paboTKa CHUTHANOB, TIIyOOKOE 00y4YeHHE, BUPTyaIbHOE aHAJOTOBOE MOJACIUPOBAHHIE, METO YEPHOTO SIIHKa,
PEKYPPEHTHbIC HEHPOHHBIE CETH
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Hay4no-TexHu4ecknii BecTHUK MH()OPMAIMOHHEIX TEXHOJIIOTHH, MeXaHUKH 1 onTHKH. 2026. T. 26, Ne 2. C. 295-305
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Introduction

Analog audio devices have established the technological
foundation for the modern recording industry and remain
fundamental tools for music producers and audio engineers
due to their high-fidelity processing and distinctive tonal
characteristics [1]. However, physical implementations
of such devices present significant limitations, including
maintenance requirements and high manufacturing costs.
In addition, their operation requires dedicated space and
complex connectivity when multiple devices are used.

Among these devices, analog compressors remain
one of the most widely employed tools in modern studio
environments. Compressors are specifically designed to
control the dynamic range of audio signals by reducing
the volume difference between their loudest and quietest
parts. Dynamic range reduction in analog compressors
is combined with nonlinear amplitude and phase
modifications introduced by internal circuitry, resulting in
analog coloration [2].

With advancements in recording technology, analog
hardware has been progressively replaced by digital
solutions. The integration of Digital Audio Workstations
(DAWs) into mainstream audio production has
fundamentally reshaped both engineering practices and
creative workflows [3]. Central to DAW functionality are
digital signal processing algorithms which include digital
audio compressors frequently implemented as Virtual
Studio Technology (VST) plugins [4]. Compared to analog
compression, digital compressors often sound overly clean
or sterile due to minimal distortion and limited amplitude
and phase modification during dynamic range processing.

Increasing interest in replicating the sound and behavior
of analog hardware in digital form has established virtual

analog modeling as a major research direction [5].
Traditionally, achieving accurate models of analog devices
has required substantial manual effort and expertise. Recent
advancements in deep learning, however, have made this
process more efficient by enabling neural networks to learn
directly from audio recordings of analog equipment [6].
Despite these advancements, many neural network methods
work at the raw audio sample level, resulting in challenges,
such as limited access to global signal context, reduced
generalization across different device parameters, and high
computational costs that restrict their practical use.

In response to the computational and dimensional
complexity of raw audio data, preprocessing techniques,
such as Mel-spectrograms, Mel-Frequency Cepstral
Coefficients (MFCCs) [7], and Short-Time Fourier
Transform (STFT)-based methods, have been proposed to
provide more compact audio features. Furthermore, various
approaches have been developed for processing STFT
spectral bins, such as using their raw complex values [8],
separating magnitude and phase components [9], or relying
exclusively on magnitude information with subsequent
phase reconstruction through vocoders.

In this paper, we introduce an STFT-based model that
leverages magnitude response amplification, a promising
approach within virtual analog modeling. Furthermore, we
propose a multi-band Recurrent Neural Network (RNN)
architecture which partitions the spectral bins into multiple
parallel frequency bands for independent processing,
enabling an optimal balance between modeling precision
and computational complexity. Our study relies on two
newly created datasets: one representing the consumer-
grade analog compressor Alesis 3630, and another
produced using discoDSP NightShine, a digital model of
the same device.
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Related Work

Research in digital audio effects has shifted toward
digital emulation of analog devices, driven by the
standardization of computer-based editing software [10].
Digital compressors exemplify the significant influence of
algorithmic design on the perceptual qualities of processed
audio, often deriving inspiration from analog hardware to
replicate the sonic characteristics of classic units [11].

The digital emulation of analog devices, known as
virtual analog modeling, relies on two primary strategies
defined by the level of available internal knowledge. With
full circuit schematics, a white-box methodology can
precisely simulate component interactions using techniques
like state-space models and wave digital filters [12, 13].
With unknown schematics, the modeling task shifts to
a black-box paradigm. The black-box methods address
cases in which the internal structure of the analog device
is unknown or inaccessible, relying solely on observable
inputs, control parameters, and outputs to reproduce system
behavior. Common black-box techniques include Wiener
models [14] and Volterra series [15] which are widely used
to capture input—output relationships.

Recently, deep learning methods have gained popularity
in audio processing, showing strong performance in
tasks, such as Automatic Speech Recognition, Text-to-
Speech synthesis, and Automatic Speaker Verification.
The WaveNet architecture [16] introduced causal dilated
convolutions which have since been widely adopted in
audio applications, including virtual analog modeling.
RNN:Ss, particularly LSTM and GRU architectures, have
also been used to model analog devices directly from raw
waveforms [17]. In addition, fully connected, recurrent,
and convolutional neural networks have demonstrated the
ability to model various analog hardware systems in real-
time [18, 19].

One of the earliest studies on modeling analog
compressors with deep neural networks was introduced by
SignalTrain [20] which proposed a two-branch architecture
that processes magnitude and phase responses separately.
Additionally, the authors introduced a dataset of recordings
from the LA-2A analog compressor, enabling further
research in the field. Following this work, a lightweight
Temporal Convolutional Network (TCN) architecture was
proposed for modeling the LA-2A compressor utilizing
the same SignalTrain LA-2A dataset [21]. Subsequently,
an encoder-decoder model based on LSTM networks was
introduced in [22], effectively modeling LA-2A and CL-1B
analog compressors.

Subsequent research concentrated on optimizing the
accuracy and efficiency with the state-space approach.
The Structured State-Space (S4) model, employed in
[23], offered a high-performance alternative to recurrent
architectures, demonstrating superior results compared to
the models used in [21]. This was further advanced in [24]
with the Selective State-Space (S6) model which provided
a more accurate and efficient solution for modeling analog
COMPressors.

Proposed methods

STFT Features

In this work, we leverage STFT transformations to
extract frequency-domain features which are used as
inputs to neural networks, replacing the direct processing
of raw waveforms. Stable reconstruction is provided by
the Nonzero Overlap-Add (NOLA) condition, requiring
squared and shifted analysis windows to overlap without
gaps. In our setup, we used a Hann window with 50 %
overlap which satisfies the NOLA condition, enabling
inverse STFT reconstruction via least-squares Weighted
Overlap-Add (WOLA), where the overlap-added frames
are normalized by the window energy. For a discrete signal

x[n] the STFT is defined as:
N-1 —jzjkm
X(k,n)=Y x[nR+m]wimle N

m=0

,k=0,..,N-1,

where, k, n, R, N, m, wim] are frequency bin index, time
frame index, hop size, FFT size, sample index within a
frame, and analysis window, respectively.

In audio compression, the core processing operation is
a parameterized volume adjustment which mainly affects
the magnitude component of the STFT. For simplicity and
efficiency, we utilize only the magnitude components of
the STFT as input features for the neural network. The
original phase is combined with the processed magnitude to
reconstruct the final audio signal via inverse STFT (iSTFT).
Let the processed magnitude be A(k, n), the original phase
be ¢(k, n) = arg{X(k, n)}, and the reconstructed complex
spectrogram be X(k, n) = A(k, n)e/®®n), The time-domain
reconstruction is obtained by least-squares WOLA. We first
perform the per-frame inverse Discrete Fourier Transform
(DFT), and y,[m] denotes the reconstructed time-domain
frame for the n-th STFT frame:

2n
+j—km

N-1
Vu[m] L S Xtk,n)e ¥ ,m=0,..,N—1,
N =0
which transforms each spectral frame back into the time
domain. Then we apply overlap-add with window-sum-
of-squares normalization, with € as a small constant added
for numerical stability (set to 10-8 in our implementation),
resulting in the reconstructed time-domain signal x[m]:

> yulm — nRlw[m — nR]
X[m] ="~

S wm—nR] +¢

Moreover, we modified the commonly used spectral
masking approach employed in music source separation
tasks to manipulate the spectral content [8]. Typically,
spectral masks are computed within the [0, 1] range,
facilitating attenuation of frequency-domain magnitude
components derived from the STFT. However, due to the
nonlinearities in audio compression devices, our approach
requires both attenuation and enhancement of frequency-
domain features. Therefore, we introduce a learnable
magnitude amplification parameter, allowing the network
to dynamically adjust spectral content beyond attenuation.
We refer to this approach as spectral amplification and
will use this term throughout the rest of the paper. The
corresponding pipeline is shown in Fig. 1.
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Fig. 1. Schema of the proposed audio processing pipeline

Single-band Model

Both LSTM and GRU networks employ the same
input feature shape and can be used interchangeably.
In this section, we refer to LSTM and GRU networks
as RNNs, meaning that either of these or other similar
recurrent architectures could be used in their place. We
consider an input sequence of magnitude components
obtained from the STFT transform and concatenated with
the device parameters vector as an input for a multi-layer

[B, T, Bins]
Learnable Amp
[B, T, H] A
Sigmoid
[B, T, H] A
MLP
[B, T, H+ P] A
LSTM/GRU, 4 Layers

[B, T, Bins + P] A
Concatenation
STFT Parameters
[B, T, Bins] [B, T, P]

Fig. 2. Single-band RNN architecture. B, T, Bins, P, H represent
the batch size, sequence length, number of STFT bins, number
of conditioning parameters, and hidden size, respectively

RNN (Fig. 2). Then the Multi-Layer Perceptron (MLP) is
applied to post-process RNN outputs concatenated with the
parameters vector once again to condition the MLP layer
on device parameters.

The spectral amplification mask is formed by passing
the MLP outputs through a sigmoid function and scaling the
result with a learnable parameter, enabling both attenuation
and amplification of individual frequency bins. The inverse
transform is then applied to the modified magnitude
components together with the original phase, resulting in
the processed audio signal.

Multi-band LSTM

Real-time and causal processing is crucial for
integrating deep learning models into DAWs, requiring
models to operate efficiently across multiple channel
configurations. For the widely used RNN architectures,
LSTM and GRU, the computational complexity per time
step of LSTM cells is given by O(4(d + h)h) and for GRU
cells by O(3(d + h)h) where d is the input dimensionality,
and / is the hidden state dimension. When d and % are of
comparable magnitude, the total cost of the matrix-vector
multiplications scales as O(dh + h?). Considering d = O(h)
in our study, the resulting complexity is O(h2) with the
input-to-hidden and hidden-to-hidden products contributing
comparable amounts.

We propose a multi-band RNN architecture that
mitigates computational complexity by partitioning the
STFT magnitude bins into n equal frequency bands and
enabling parallel processing across bands. In our approach,
each frequency band is processed by an independent RNN
branch with a reduced hidden state dimension:

d h
dy==, hy=—.
n n

By applying band-limited parameters to each branch,
the computational complexity per time step of an LSTM
cell is expressed as follows:

n

(¢m+w>
O&(dy + hphp) = O 4—— |.

Considering the previously set d = ®(#), the resulting
hl
term scales as - and summing over all n parallel branches

n
h? h?
O n—2 —0(- .
n n

therefore yields:

which represents an n-fold reduction relative to the single-
band baseline with complexity of O(42). Finally, the output
of each branch is independently modulated using a sigmoid
activation function and scaled by a trainable amplification
coefficient. This design enables the network to adaptively
scale the contributions of each band, resulting in a more
efficient configuration (Fig. 3).

Datasets

Source audio from the Freesound [25] and Voice
Cloning ToolKit (VCTK) [26] datasets was used to
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Fig. 3. Proposed multi-band RNN architecture. B, T, Bins, P, H, N represent the batch size, sequence length, number of STFT bins,
number of conditioning parameters, hidden size, and dimensionality of conditioning vector respectively

construct the target dataset of processed outputs from the
selected devices. As the model is intended for both music
and voice processing tasks, the selected audio samples were
carefully chosen to encompass a diverse range of audio
categories. Specifically, we included complete music tracks,
individual instrument recordings, and drum kit samples
from the Freesound dataset as well as voice recordings
captured via two distinct microphone setups from the
VCTK dataset. All audio signals were concatenated into
a single file and standardized to stereo 44.1 kHz, 16-bit
Waveform Audio File (WAV) format. This concatenated
file includes a 3-second silent interval between each source
audio segment, ensuring that the compressor fully resets
its attack and release stages. The resulting consolidated
audio file served as the input audio for the collection of the
device dataset.

For this study, we selected the consumer-grade
analog compressor Alesis 3630 as the primary device
for experimental evaluation. Additionally, we collected
audio from discoDSP NightShine, a digital emulation of
the Alesis 3630 available in VST plugin format, to better
assess the performance and generalization of the model,
while maintaining relevance to the original hardware.

Audio signals were recorded using an Audient iD14
audio interface, introducing the influence of the interface
analog-to-digital converter into the signal chain. Latency
introduced by the audio interface was compensated
by temporally aligning all output signals with their
corresponding inputs using a cross-correlation method.
We generated 144 unique parameter combinations using the
Cartesian product of a predefined set and enhanced model
generalization by adding randomly sampled combinations
outside this set.

Although the datasets contain stereo recordings, the
analysis focuses on single-channel modeling, using only
the first channel of each pair as both the input and target.
During training, audio segments of 1.5-second duration
were randomly sampled as individual examples, while for
evaluation, the segment length was extended to 4 seconds.
The model state was not retained between audio segments
during training or evaluation phases. To unify the amplitude
ranges of the conditioning parameters within a single vector,
parameters were normalized as follows: the ratio parameter
is divided by 10, threshold by 102, attack and release by
103. For augmentation, we apply random phase inversion
to both input and target signals with a probability p = 0.5.
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Experiments

All models were trained for 120 epochs with an initial
learning rate of 3-10-4, using a Cosine Annealing learning
rate scheduler and the Adam optimizer with default
hyperparameters from the PyTorch framework. The training
and evaluation were performed with mini-batches of 64 and
16 examples, respectively. All experiments were conducted
on an NVIDIA RTX 3060 GPU with mixed precision
enabled, with a total training duration of approximately 16
hours across all experiments. The training objective was
formulated as the sum of the STFT and L; losses, where
Ly denotes the time-domain mean absolute error between
the predicted and reference signals. In the following, X
represents the magnitude spectrogram of the predicted
signal and Y the magnitude spectrogram of the reference
signal, where ||-||r denotes the Frobenius norm and |||
denotes the | element-wise norm:

11X - Y]l
= 4 |[InX] — In|Y]]|1,
AT + [[In|X] — In|Y]{|;

L=Lsrrr+ L.

Model performance was evaluated using four objective
metrics. Both the L1 and STFT losses, used during training,
are included in the evaluation. The Root Mean Square
(RMS) error is used to measure volume discrepancies.
Lastly, we include the absolute LUFS (Loudness Units
Full Scale) error between the predicted and target signals,
computed using the ITU-R BS.1770 standard. These
metrics are reported in the comparison tables in the
following sections, with RMS metrics omitted in some
cases for readability.

Computational complexity is reported in GMACs,
corresponding to the number of billions of Multiply—
Accumulate (MAC) operations per forward pass.

Additionally, we assessed practical computational
performance using the Real-Time (RT) factor, a metric
representing the actual inference speed of the pipeline on
consumer-grade hardware. The RT factor measurements
were conducted on an Intel Core i5-12600KF CPU with
chunk duration equal to 1.5 seconds. If P denotes the
number of processed samples, T the processing time in
seconds, and S represents the sampling rate, the RT factor
is calculated using the following formula:

RT P
actor = .
s N

Results

In this section, we present and analyze results for both
the Alesis 3630 and discoDSP NightShine datasets in a
unified table, facilitating a direct comparative assessment.
The experimental setup and parameters were preserved
across both datasets to ensure comparability.

Features

An important contribution of this work is the use of
STFT-based feature representations combined with spectral
amplification. We evaluated three configurations of window
and hop sizes that satisfy the NOLA condition ordered by
computational cost in GMACs. For this study, we used a
one-layer, four-band LSTM/GRU network with a hidden
state size of 1,024; and a 3-layer MLP that transforms
hidden states to the required window size for the iSTFT
transform.

Table 1 shows that the proposed configuration with
smaller window and hop sizes enhances modeling quality
for both devices. Among all evaluated settings, the best
performance is achieved with a window size of 512 and
a hop size of 256. We argue that variations in window
size have minimal impact, while reductions in hop size
substantially increase computational cost and influence

Table 1. Comparison of quality metrics and computational cost for different STFT configurations on the NightShine and Alesis 3630
datasets. Boldface indicates the best value in each column. “Params” column indicates the number of trainable parameters
(M = million). Window and hop sizes are reported in samples

Model Window |  Hop | GMAGs Params L STFT LUFS
discoDSP NightShine
LSTM 2,048 1,024 0.21 3.2M 7.72:10-3 0.364 0.773
LSTM 1,024 512 0.33 2.5M 5.22-1073 0.301 0.519
LSTM 512 256 0.57 2.2M 4.97-103 0.280 0.490
GRU 2,048 1,024 0.17 2. M 7.39-103 0.335 0.693
GRU 1,024 512 0.28 2.1M 5.53-103 0.305 0.523
GRU 512 256 0.49 1.9M 3.41-103 0.266 0.333
Alesis 3630
LSTM 2,048 1,024 0.21 3.2M 1.24-102 0.670 1.082
LSTM 1,024 512 0.33 2.5M 9.87-1073 0.527 0.694
LSTM 512 256 0.57 2.2M 8.55:10-3 0.472 0.486
GRU 2,048 1,024 0.17 2. M 1.08-102 0.582 0.981
GRU 1,024 512 0.28 2.1M 8.79-10-3 0.506 0.498
GRU 512 256 0.49 1.9M 7.98-10-3 0.455 0.415
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model performance by producing more frames with finer
temporal resolution.

Multi-band configurations

The impact of different band configurations on model
performance was evaluated using a multi-band architecture
with 1, 2, 4, and 8 bands. Feature extraction was performed
using an STFT with a window size of 1,024 and a hop size
of 512. Each configuration utilized a single-layer LSTM
or GRU with a hidden state size of 1,024, followed by a
3-layer MLP.

As demonstrated in Table 2, increasing the number
of bands effectively reduces computational complexity,
including fewer GMAC operations, model parameters,
and improved RT factors. However, this computational
efficiency comes with a trade-off in audio-quality metrics.
Specifically, the LSTM architecture achieves an average
12.1-fold improvement in RT factor when increasing from
1 to 8 bands, with a 29.3 % average relative degradation
in the STFT loss. In comparison, the GRU architecture
demonstrates a smaller real-time improvement of 3.1-fold
while incurring a larger average STFT loss degradation of
approximately 56 %.

Furthermore, emulating the Alesis 3630 processing
resulted in a higher modeling error, as reflected by
significantly higher L;, STFT, and RMS losses compared
to discoDSP NightShine. Notably, discrepancies between
theoretical GMAC complexity and practical RT factor
suggest hardware-specific optimizations significantly
impact performance, particularly the lack of internal
optimization negatively affecting GRU models configured
with 8 bands.

Temporal parameters

The stateless inference setup, operating on
approximately 1.5-second audio segments, motivates
evaluation of model performance across different temporal
parameter configurations of the audio compressor. In this
evaluation, the compressor threshold was fixed at —10 dB
and the ratio at 4:1, and the STFT performance of the
4-band GRU model was measured across a range of attack
and release values assessed separately for each device
(Fig. 4).

These plots indicate that an attack time of 0.1 ms and
a release time ranging from 50 to 500 ms represent the
most challenging conditions for the proposed model. This
observation aligns with prior findings from [22], where fast
attack dynamics similarly degraded model performance
when emulating the CL-1B compressor using LSTM-ED
architecture. We hypothesize that these limitations arise
from the large window and hop sizes which extract coarse-
grained features and thus fail to capture rapid transient
changes induced by fast attack parameters.

Comparison

We compared our single-band and multi-band GRU and
LSTM models with previously proposed raw waveform-
based TCN and LSTM architectures from [21]. Specifically,
causal variants of uTCN-100 and uTCN-300 were selected
as baseline models. Because the waveform-based LSTM-32
operates on individual samples and the proposed model on
blocks, their parameter counts are not directly comparable
(Table 3).

The single-band GRU consistently outperforms
waveform-based baselines. On NightShine, it reduces

Table 2. Comparison of quality metrics and computational cost for models with different band configurations on the NightShine
and Alesis 3630 datasets. Boldface indicates the best value in each column. “Params” column indicates the number of trainable
parameters (M = million)

Model Bands GMACs | Params | | sTFT RMS LUFS | RT Factor
discoDSP NightShine
LSTM 1 1.29 10M 4.98-103 0.273 0.0093 0.469 13.4
LSTM 2 0.65 5.0M 6.13-103 0.299 0.0109 0.625 15.5
LSTM 4 0.33 2.5M 5.36:103 0.304 0.0096 0.569 53.9
LSTM 8 0.17 1.3M 4.86-1073 0.324 0.0086 0.483 162.3
GRU 1 1.09 8.4M 4.68-10-3 0.244 0.0082 0.488 32.1
GRU 2 0.55 4.2M 5.54-1073 0.291 0.0094 0.547 63.8
GRU 4 0.28 2.1M 5.04-103 0.300 0.0089 0.475 107.4
GRU 8 0.14 1.1M 6.55-103 0.343 0.0111 0.638 99.4
Alesis 3630
LSTM 1 1.29 10M 9.28:10-3 0.421 0.0173 0.628 13.4
LSTM 2 0.65 5.0M 9.37-103 0.470 0.0170 0.594 15.5
LSTM 4 0.33 2.5M 9.85-103 0.574 0.0178 0.686 53.9
LSTM 8 0.17 1.3M 9.29-103 0.589 0.0170 0.623 162.3
GRU 1 1.09 8.4M 8.86:10-3 0.336 0.0159 0.423 32.1
GRU 2 0.55 4.2M 8.82:10-3 0.422 0.0159 0.505 63.8
GRU 4 0.28 2.1M 9.39-103 0.502 0.0168 0.551 107.4
GRU 8 0.14 1.1IM 9.13:103 0.576 0.0166 0.639 99.4
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Fig. 4. Heatmaps of STFT-based losses for different attack and release configurations.
Results are shown for the NightShine dataset (a) and the Alesis 3630 dataset (b)

L1, RMS, and LUFS metrics by approximately 2.1-2.2x
(and STFT loss by about 1.7x), while on the Alesis dataset
it achieves reductions of roughly 1.3—1.6%, with LUFS
improving by up to 3.5% in relative reduction. In addition,
it provides an inference speed-up of approximately 35 %
compared to uTCN-300, while maintaining comparable
computational cost to uTCN-100. The proposed multi-
band architectures substantially improved inference
speeds, increasing RT factors from 13.4 to 53.9 for the
LSTM and from 32.1 to 107.4 for the GRU. However,
this computational advantage was accompanied by the
degradation in objective metrics, mostly observed on the

Alesis 3630 dataset. Notably, the STFT loss exhibited the
most severe degradation, while the impact on L;, RMS, and
LUFS metrics was less significant.

Analysis of the results indicates that modeling the
analog device behavior presents greater difficulty than
modeling the digital emulation, as indicated by consistently
higher error metrics across all evaluated architectures.
Moreover, the most notable performance improvement
among proposed models relative to the baselines was
observed in the LUFS metric, with a two- to three-fold
improvement, indicating improved accuracy in perceptual
loudness modeling.

Table 3. Computational cost and quality metrics of the proposed models compared with the raw-audio-based baseline on the
discoDSP NightShine and Alesis 3630 datasets. Boldface indicates the best value in each column. “Params” column indicates the
number of trainable parameters (K = thousand, M = million)

Model GMACs Params Ly STFT RMS LUFS RT Factor
discoDSP NightShine

LSTM-32 [21] 0.35 5K 1.44-10-1 0.496 0.2276 0.924 322

uTCN-100 [21] 1.03 26K 1.40-10-! 0.501 0.2219 1.211 30.9

uTCN-300 [21] 2.48 51K 9.90-10-3 0.410 0.0179 1.076 23.7
LSTM-1B 1.29 10M 4981073 0.273 0.0093 0.469 13.4
GRU-1B 1.09 8.4M 4.68-10-3 0.244 0.0082 0.488 32.1
LSTM-4B 0.33 2.5M 5.36:1073 0.304 0.0096 0.569 53.9
GRU-4B 0.28 2.1M 5.04-10-3 0.300 0.0089 0.475 107.4

Alesis 3630

LSTM-32 [21] 0.35 SK 1.56-10-2 0.862 0.0263 2.045 322

uTCN-100 [21] 1.03 26K 9.68:10-3 0.606 0.0192 1.715 30.9

uTCN-300 [21] 2.48 51K 1.15-102 0.525 0.0240 1.486 23.7
LSTM-1B 1.29 10M 9.28-10-3 0.421 0.0173 0.628 13.4
GRU-1B 1.09 8.4M 8.86-10-3 0.336 0.0159 0.423 32.1
LSTM-4B 0.33 2.5M 9.85-103 0.574 0.0178 0.686 53.9
GRU-4B 0.28 2.1M 9.39:10-3 0.502 0.0168 0.551 107.4
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Fig. 5. Results of subjective listening study based on MUSHRA methodology

Subjective Evaluation

A subjective listening study was conducted using the
MUSHRA protocol to complement the objective evaluation.
Fig. 5 shows the aggregated results for the Alesis 3630
dataset presented as box plots. The test involved nine expert
listeners with backgrounds in audio engineering and music
production. One participant was excluded from the analysis
for assigning a score below 90 to the reference condition,
in accordance with MUSHRA guidelines. The listening test
was performed in studio-grade environments, with each
participant evaluating two stimuli per trial, resulting in a
total of 18 ratings per condition. In addition to the neural
models, the discoDSP NightShine plugin was included as
a software-based emulation reference for the Alesis 3630
COMPIessor.

The reference condition achieves the highest ratings,
with a median close to the upper bound and minimal
variance among the stimuli. GRU-1B achieves the highest
perceptual scores among the neural models, ranking
closest to the reference condition. GRU-4B and uTCN-100
show comparable performance, with GRU-4B showing a
slightly higher median score and uTCN-100 demonstrating
a narrower interquartile range. Importantly, GRU-4B
reaches this level of perceptual quality while operating
at approximately three times higher inference speed. The
LSTM-32 model demonstrates moderate performance with
lower median scores, while the software emulation receives
the lowest ratings overall, revealing a clear perceptual gap
relative to the neural approaches. Overall, these results
indicate that GRU-1B provides the strongest subjective
performance, while GRU-4B offers the most favorable
accuracy—efficiency trade-off.

References

1. Wilmering T., Moffat D., Milo A., Sandler M. A history of audio
effects. Applied Sciences, 2020, vol. 10, no. 3, pp. 791. https://doi.
org/10.3390/app10030791

2. Montenegro J. Design of an audio compressor with digital control.
TECCIENCIA, 2021, vol. 16, no. 30, pp. 51-64. https://doi.
org/10.18180/tecciencia.2021.30.4

Conclusion

In this study, we introduced a Short-Time Fourier
Transform (STFT)-based modeling approach that leverages
magnitude response amplification and a spectral-based
multi-band Recurrent Neural Network architecture that
partitions the STFT magnitude spectrum into multiple
parallel frequency bands for independent processing,
achieving a balance between modeling precision and
computational complexity. To support our experiments,
we developed a dedicated data collection procedure
and created two parallel datasets: recordings from the
consumer-grade analog compressor Alesis 3630 and from
discoDSP NightShine, its corresponding digital emulation.

Experimental results demonstrate that the proposed
single-band and multi-band architectures consistently
outperform raw waveform-based Long Short-Term Memory
and Temporal Convolutional Network baselines across
multiple objective audio-quality metrics and a subjective
evaluation, while significantly reducing computational
cost. However, a limitation of the current approach is
its reliance on the original phase during reconstruction,
which can produce phase dispersion artifacts. Methods
that jointly model amplitude and phase therefore represent
an important direction for future research. The present
validation is limited to two closely related devices, and
further work is needed to assess the generalizability of the
method to compressors with different architectures. Future
research will also address adaptive temporal resolution,
model compression, and perceptual loss integration to
improve performance and audio quality!.

I Code and datasets are available at: https://github.com/4antii/
vca-comp (accessed: 10.03.2026).

Jluteparypa

1. Wilmering T., Moffat D., Milo A., Sandler M. A history of audio
effects // Applied Sciences. 2020. V. 10. N 3. P. 791. https://doi.
0rg/10.3390/app10030791

2. Montenegro J. Design of an audio compressor with digital control //
TECCIENCIA. 2021. V. 16. N 30. P. 51-64. https://doi.org/10.18180/
tecciencia.2021.30.4

Hay4HO-TexXHU4eCcKnii BECTHUK MHDOPMALIMOHHbLIX TEXHONOM M, MEXaHUKK 1 onTukun, 2026, Tom 26, N2 2
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2026, vol. 26, no 2

303


https://github.com/4antii/vca-comp
https://github.com/4antii/vca-comp
https://doi.org/10.3390/app10030791
https://doi.org/10.3390/app10030791
https://doi.org/10.18180/tecciencia.2021.30.4
https://doi.org/10.18180/tecciencia.2021.30.4
https://doi.org/10.3390/app10030791
https://doi.org/10.3390/app10030791
https://doi.org/10.18180/tecciencia.2021.30.4
https://doi.org/10.18180/tecciencia.2021.30.4

Spectral-based multi-band recurrent neural networks for black-box modeling of dynamic range compressors

10.
11.

12.

13.

14.

15.

18.

19.

20.

21.

22.

23.

24.

25.

. Vilimiki V., Reiss J. All about audio equalization: solutions and

frontiers. Applied Sciences, 2016, vol. 6, no. 5, pp. 129. https://doi.
org/10.3390/app6050129

. Réveillac J.-M. Musical Sound Effects: Analog and Digital Sound

Processing. Wiley-ISTE, 2017, 558 p.

. Chowdhury J. A comparison of virtual analog modelling techniques

for desktop and embedded implementations. arXiv, 2020.
arXiv:2009.02833. https://doi.org/10.48550/arXiv.2009.02833

. Purwins H., Li B., Virtanen T., Schliiter J., Chang S.-Y., Sainath T.

Deep learning for audio signal processing. [EEE Journal of Selected
Topics in Signal Processing, 2019, vol. 13, no. 2, pp. 206-219. https://
doi.org/10.1109/jstsp.2019.2908700

. Liu X., Sahidullah M., Kinnunen T. A comparative re-assessment of

feature extractors for deep speaker embeddings. Proc. of the Annual
Conference of the International Speech Communication Association
Interspeech, 2020, pp. 3221-3225. https://doi.org/10.21437/
interspeech.2020-1765

. Sun'Y., Yang L., Zhu H., Hao J. Funnel deep complex U-Net for

phase-aware speech enhancement. Proc. of the Annual Conference of
the International Speech Communication Association Interspeech,
2021, pp. 161-165. https://doi.org/10.21437/Interspeech.2021-10

. Kong J., Kim J., Bae J. HiFi-GAN: Generative adversarial networks

for efficient and high fidelity speech synthesis. Proc. of the 34t
International Conference on Neural Information Processing Systems,
2020, pp. 17022—-17033.

Zodlzer U. DAFX: Digital Audio Effects. Wiley, 2011, 624 p

Kates J.M. Principles of digital dynamic-range compression. Trends
in Amplification, 2005, vol. 9, no. 2, pp. 45-76. https://doi.
org/10.1177/108471380500900202

Giannoulis D., Massberg M., Reiss J.D. Digital dynamic range
compressor design—A tutorial and analysis. Journal of the Audio
Engineering Society, 2012, vol. 60, no. 6, pp. 399-408.

D’Angelo S. Lightweight virtual analog modeling. Proc. of the 2214
Colloquio di Informatica Musicale (CIM), 2018.

Eichas F., Zolzer U. Virtual analog modeling of guitar amplifiers with
Wiener-Hammerstein models. Proc.of the 44" Annual Convention on
Acoustics (DAGA), 2018.

Cheng C.M., Peng Z.K., Zhang W.M., Meng G. Volterra-series-based
nonlinear system modeling and its engineering applications: A state-
of-the-art review. Mechanical Systems and Signal Processing, 2017,
vol. 87, part A. pp. 340-364. https://doi.org/10.1016/j.
ymssp.2016.10.029

. van den Oord A., Dieleman S., Zen H., Simonyan K., Vinyals O.,

Graves A., et al. WaveNet: A generative model for raw audio. arXiv,
2016. arXiv:1609.03499. https://doi.org/10.48550/arXiv.1609.03499

. Wright A., Damskédgg E.-P., Vidliméki V. Real-time black-box

modelling with recurrent neural networks. Proc. of the 22nd
International Conference on Digital Audio Effects (DAFx-19),2019,
pp. 1-9.

Ramirez M.A.M., Benetos E., Reiss J.D. Deep learning for black-box
modeling of audio effects. Applied Sciences, 2020, vol. 10, no. 2,
pp. 638. https://doi.org/10.3390/app10020638

Damskidgg E.-P., Juvela L., Viliméki V. Real-time modeling of audio
distortion circuits with deep learning. Proc. of the 16 Sound and
Music Computing Conference, 2019, pp. 332-339.

Hawley S.H., Colburn B., Mimilakis S.I. SignalTrain: profiling audio
compressors with deep neural networks. arXiv, 2019.
arXiv:1905.11928. https://doi.org/10.48550/arXiv.1905.11928
Steinmetz C.J., Reiss J.D. Efficient neural networks for real-time
analog audio effect modeling. arXiv, 2021. arXiv:2102.06200. https://
doi.org/10.48550/arXiv.2102.06200

Simionato R., Fasciani S. Fully conditioned and low-latency black-
box modeling of analog compression. Proc. of the International
Conference on Digital Audio Effects Dafx, 2023.

Yin H., Cheng G., Steinmetz C.J., Yuan R., Stern R.M.,
Dannenberg R.B. Modeling analog dynamic range compressors using
deep learning and state-space models. arXiv, 2024. arXiv:2403.16331.
https://doi.org/10.48550/arXiv.2403.16331

Simionato R., Fasciani S. Modeling time-variant responses of optical
compressors with selective state space models. AES Journal of the
Audio Engineering Society, 2025, vol. 73, no. 3. pp. 144—165. https:/
doi.org/10.17743/jaes.2022.0194

Fonseca E., Favory X., Pons J., Font F., Serra X. FSD50K: An open
dataset of human-labeled sound events. [EEE/ACM Transactions on
Audio, Speech, and Language Processing, 2022, vol. 30, pp. 829-852.
https://doi.org/10.1109/taslp.2021.3133208

3.

10.
11.

20.

21.

22.

23.

24.

25.

Vilimaki V., Reiss J. All about audio equalization: solutions and
frontiers // Applied Sciences. 2016. V. 6. N 5. P. 129. https://doi.
0rg/10.3390/app6050129

. Réveillac J.-M. Musical Sound Effects: Analog and Digital Sound

Processing. Wiley-ISTE, 2017. 558 p.

. Chowdhury J. A comparison of virtual analog modelling techniques

for desktop and embedded implementations // arXiv. 2020.
arXiv:2009.02833. https://doi.org/10.48550/arXiv.2009.02833

. Purwins H., Li B., Virtanen T., Schliiter J., Chang S.-Y., Sainath T.

Deep learning for audio signal processing // IEEE Journal of Selected
Topics in Signal Processing. 2019. V. 13. N 2. P. 206-219. https://doi.
org/10.1109/jstsp.2019.2908700

. Liu X., Sahidullah M., Kinnunen T. A comparative re-assessment of

feature extractors for deep speaker embeddings // Proc. of the Annual
Conference of the International Speech Communication Association
Interspeech. 2020. P. 3221-3225. https://doi.org/10.21437/
interspeech.2020-1765

. SunY,, Yang L., Zhu H., Hao J. Funnel deep complex U-Net for

phase-aware speech enhancement // Proc. of the Annual Conference
of the International Speech Communication Association Interspeech.
2021. P. 161-165. https://doi.org/10.21437/Interspeech.2021-10

. Kong J., Kim J., Bae J. HiFi-GAN: Generative adversarial networks

for efficient and high fidelity speech synthesis // Proc. of the 34th
International Conference on Neural Information Processing Systems.
2020. P. 17022-17033.

Zblzer U. DAFX: Digital Audio Effects. Wiley, 2011. 624 p.

Kates J.M. Principles of digital dynamic-range compression // Trends
in Amplification. 2005. V. 9. N 2. P. 45-76. https://doi.
org/10.1177/108471380500900202

. Giannoulis D., Massberg M., Reiss J.D. Digital dynamic range

compressor design—A tutorial and analysis // Journal of the Audio
Engineering Society. 2012. V. 60. N 6. P. 399-408.

. D’Angelo S. Lightweight virtual analog modeling // Proc. of the 22nd

Colloquio di Informatica Musicale (CIM). 2018.

. Eichas F., Zolzer U. Virtual analog modeling of guitar amplifiers with

Wiener-Hammerstein models // Proc.of the 44th Annual Convention
on Acoustics (DAGA). 2018.

. Cheng C.M., Peng Z.K., Zhang W.M., Meng G. Volterra-series-based

nonlinear system modeling and its engineering applications: A state-
of-the-art review // Mechanical Systems and Signal Processing. 2017.
V. 87. Part A. P. 340-364. https://doi.org/10.1016/j.
ymssp.2016.10.029

. van den Oord A., Dieleman S., Zen H., Simonyan K., Vinyals O.,

Graves A., et al. WaveNet: A generative model for raw audio // arXiv.
2016. arXiv:1609.03499. https://doi.org/10.48550/arXiv.1609.03499

. Wright A., Damskédgg E.-P., Viliméki V. Real-time black-box

modelling with recurrent neural networks // Proc. of the 22nd
International Conference on Digital Audio Effects (DAFx-19). 2019.
P. 1-9.

. Ramirez M.A.M., Benetos E., Reiss J.D. Deep learning for black-box

modeling of audio effects // Applied Sciences. 2020. V. 10. N 2.
P. 638. https://doi.org/10.3390/app10020638

. Damskégg E.-P., Juvela L., Vélimédki V. Real-time modeling of audio

distortion circuits with deep learning // Proc. of the 16t Sound and
Music Computing Conference. 2019. P. 332-339.

Hawley S.H., Colburn B., Mimilakis S.I. SignalTrain: profiling audio
compressors with deep neural networks // arXiv. 2019.
arXiv:1905.11928. https://doi.org/10.48550/arXiv.1905.11928
Steinmetz C.J., Reiss J.D. Efficient neural networks for real-time
analog audio effect modeling // arXiv. 2021. arXiv:2102.06200.
https://doi.org/10.48550/arXiv.2102.06200

Simionato R., Fasciani S. Fully conditioned and low-latency black-
box modeling of analog compression // Proc. of the International
Conference on Digital Audio Effects Dafx. 2023.

Yin H., Cheng G., Steinmetz C.J., Yuan R., Stern R.M.,
Dannenberg R.B. Modeling analog dynamic range compressors using
deep learning and state-space models // arXiv. 2024.
arXiv:2403.16331. https://doi.org/10.48550/arXiv.2403.16331
Simionato R., Fasciani S. Modeling time-variant responses of optical
compressors with selective state space models // AES Journal of the
Audio Engineering Society. 2025. V. 73. N 3. P. 144-165. https://doi.
org/10.17743/jaes.2022.0194

Fonseca E., Favory X., Pons J., Font F., Serra X. FSD50K: An open
dataset of human-labeled sound events // IEEE/ACM Transactions on
Audio, Speech, and Language Processing. 2022. V. 30. P. 829-852.
https://doi.org/10.1109/taslp.2021.3133208

304

Hay4yHO-TexHn4eckuii BECTHUK MHDOPMALMOHHBLIX TEXHONOMMIA, MEXaHUKN 1 onTukn, 2026, Tom 26, N2 2
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2026, vol. 26, no 2


https://doi.org/10.3390/app6050129
https://doi.org/10.3390/app6050129
https://doi.org/10.48550/arXiv.2009.02833
https://doi.org/10.1109/jstsp.2019.2908700
https://doi.org/10.1109/jstsp.2019.2908700
https://doi.org/10.21437/interspeech.2020-1765
https://doi.org/10.21437/interspeech.2020-1765
https://doi.org/10.21437/Interspeech.2021-10
https://doi.org/10.1177/108471380500900202
https://doi.org/10.1177/108471380500900202
http://Proc.of
https://doi.org/10.1016/j.ymssp.2016.10.029
https://doi.org/10.1016/j.ymssp.2016.10.029
https://doi.org/10.48550/arXiv.1609.03499
https://doi.org/10.3390/app10020638
https://doi.org/10.48550/arXiv.1905.11928
https://doi.org/10.48550/arXiv.2102.06200
https://doi.org/10.48550/arXiv.2102.06200
https://doi.org/10.48550/arXiv.2403.16331
https://doi.org/10.17743/jaes.2022.0194
https://doi.org/10.17743/jaes.2022.0194
https://doi.org/10.1109/taslp.2021.3133208
https://doi.org/10.3390/app6050129
https://doi.org/10.3390/app6050129
https://doi.org/10.48550/arXiv.2009.02833
https://doi.org/10.1109/jstsp.2019.2908700
https://doi.org/10.1109/jstsp.2019.2908700
https://doi.org/10.21437/interspeech.2020-1765
https://doi.org/10.21437/interspeech.2020-1765
https://doi.org/10.21437/Interspeech.2021-10
https://doi.org/10.1177/108471380500900202
https://doi.org/10.1177/108471380500900202
http://Proc.of
https://doi.org/10.1016/j.ymssp.2016.10.029
https://doi.org/10.1016/j.ymssp.2016.10.029
https://doi.org/10.48550/arXiv.1609.03499
https://doi.org/10.3390/app10020638
https://doi.org/10.48550/arXiv.1905.11928
https://doi.org/10.48550/arXiv.2102.06200
https://doi.org/10.48550/arXiv.2403.16331
https://doi.org/10.17743/jaes.2022.0194
https://doi.org/10.17743/jaes.2022.0194
https://doi.org/10.1109/taslp.2021.3133208

A.F. Balykin, I.S. Blekanov

26. Yamagishi J., Veaux C., MacDonald K. CSTR VCTK corpus: English
multi-speaker corpus for CSTR Voice Cloning Toolkit (version 0.92).
University of Edinburgh, Centre for Speech Technology Research
(CSTR), 2019, https://doi.org/10.7488/ds/2645

Authors

Andrei F. Balykin — PhD Student, St. Petersburg State University
(SPbU), Saint Petersburg, 199034, Russian Federation, s¢ 58548795200,
https://orcid.org/0009-0003-1554-2873, st054659@student.spbu.ru

Ivan S. Blekanov — PhD, Associate Professor, St. Petersburg State
University (SPbU), Saint Petersburg, 199034, Russian Federation,
8¢ 56149559700, https://orcid.org/0000-0002-7305-1429, i.blekanov(@
spbu.ru

Received 22.09.2025
Approved after reviewing 18.02.2026
Accepted 18.03.2026

26. Yamagishi J., Veaux C., MacDonald K. CSTR VCTK corpus: English
multi-speaker corpus for CSTR Voice Cloning Toolkit (version 0.92) //
University of Edinburgh, Centre for Speech Technology Research
(CSTR). 2019. https://doi.org/10.7488/ds/2645

ABTOpBI

Banbikun Angpeii ®@egopoBny — acnupant, Cankr-IlerepOyprekuit
rocynapcTBeHHbIH yHUBepenteT, CankT-IlerepOypr, 199034, Poccuiickast
Denepanus, s¢ 58548795200, https://orcid.org/0009-0003-1554-2873,
st054659@student.spbu.ru

Baexanos UBan CTaHHCJIaBOBHY — KaHANAAT TEXHUYECKUX HAyK,
JIOLEHT, 3aBeytomuii kadenpoii, Cankr-IlerepOyprekuit rocyiapcTBeH-
ublid yausepcutet, Cankr-IletepOypr, 199034, Poccuiickas deneparus,
s¢ 56149559700, https://orcid.org/0000-0002-7305-1429, i.blekanov@
spbu.ru

Cmamwsi nocmynuna ¢ pedakyuro 22.09.2025
0o0obpena nocne peyensuposanus 18.02.2026
Ipunama x newamu 18.03.2026

Pa6oTta gocTynHa no nuueHsnm
Creative Commons
«Attribution-NonCommercial»

Hay4HO-TexXHU4eCcKnii BECTHUK MHDOPMALIMOHHbLIX TEXHONOM M, MEXaHUKK 1 onTukun, 2026, Tom 26, N2 2

Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2026, vol. 26, no 2

305


https://doi.org/10.7488/ds/2645
https://orcid.org/0009-0003-1554-2873
https://orcid.org/0000-0002-7305-1429
http://i.blekanov@spbu.ru
http://i.blekanov@spbu.ru
https://doi.org/10.7488/ds/2645
https://orcid.org/0009-0003-1554-2873
https://orcid.org/0000-0002-7305-1429
http://i.blekanov@spbu.ru
http://i.blekanov@spbu.ru

