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Abstract

This paper explores the capabilities of Generative Adversarial Networks (GANSs) for audio synthesis. Particularly, it focus
on WaveGAN, which works directly with raw waveforms, and DCGAN trained on spectrogram representations. These
models were trained using internal combustion engine sounds collected from the Google AudioSet corpus. The study
aims to assess how data representation and architectural choices affect not only quality but also training dynamics in
synthesis. It exposed different behavioral characteristics of both approaches thus underlining the fact that signal repre-
sentation largely defines the generative process and perceptual properties of output. Modelling on spectrograms, even
though phase information is naturally lost, proved more robust and stable than waveform generation directly from wave-
forms. The results have further affirmed that a fair share of decisive synthesis quality with GAN-based audio synthesis
resides in factors including data complexity, the domain of representation, and hyperparameter configuration.
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1. Introduction allowing fine-grained control over timbre through instru-
The rapid advancement of artificial intelligence has high- gz?gggrézeddlng s and smooth interpolation within the la-

lighted the prominence of Generative Adversarial Net-
works (GANs) [1]. Unlike Large Language Models,
GAN:Ss focus primarily on the autonomous generation of
novel data, integrating content synthesis with advanced
pattern recognition [2]. This study empirically evaluates
the effectiveness of GANs for audio synthesis, specifi-
cally examining how different input data representations
impact the quality of the generated signal.

To address the challenge of modelling complex
acoustic structures, two hypotheses were formulated:

H1: Generative Adversarial Networks are an ef-
fective tool for audio synthesis tasks.

H2: The input data representation significantly
impacts the quality of the generated audio samples. 2.2. Generative Adversarial Networks
The paper compares two distinct architectures: Wave-
GAN (raw waveforms) and DCGAN (spectrograms), us-
ing the AudioSet dataset [3]. The main contribution lies
in the comparative analysis of these representations un-
der challenging training conditions, highlighting that
spectrogram-based approaches can offer greater resili-
ence to catastrophic model failure than direct waveform
synthesis.

Bazin et al. [5] introduced a VQ-VAE-2 architecture
for interactive musical instrument synthesis, employing
spectrogram inpainting and transformer-based token
masking to reconstruct missing spectral regions. Their
system demonstrated real-time control capabilities and
high efficiency on the NSynth dataset.

Deep autoencoders have also been utilized to emulate
nonlinear audio effects, effectively capturing temporal
dependencies and analog-like nonlinearities [6]. Alt-
hough these models enable the creation of novel effects
from curated datasets, issues such as noisy outputs and
generalization remain open challenges.

Generative Adversarial Networks (GANSs), introduced by
Goodfellow et al. [1], have become a cornerstone of gen-
erative machine learning. A GAN consists of a generator
that synthesizes data and a discriminator that evaluates
authenticity, forming a minimax optimization process
that drives mutual improvement and enables unsuper-
vised learning of complex data distributions.

Despite their success, GANSs are difficult to train due
2. Literature review to instability and mode collapse, where the generator pro-

. . titi low-di it les. T itigat
Although Generative Adversarial Networks (GANSs) duces. repetitive or fow diversity sampres. 1o mitigate
. . . L these issues, variants such as Wasserstein GAN (WGAN)
have dominated discussions on content synthesis, it is es-

. . o s and WGAN-GP, as well as stabilization techniques like
sential to first consider the contributions and capabilities D .
. L . spectral normalization, label smoothing, and controlled
of other neural architectures in this domain. L
noise injection, have been proposed [2, 7].
2.1. Neural networks in sound synthesis GANSs have been applied across multiple modalities,
including image, speech, and music generation, as well
as neural decoding from brain signals [8]. In audio syn-
thesis, convolutional and conditional GANs are particu-
larly relevant, as they can model intricate temporal and
spectral patterns. Common evaluation metrics include the

Recurrent Neural Networks (RNNs) have been effec-
tively applied to audio generation, as demonstrated by the
RNN-WaveNet model proposed by Kim et al. [4]. This
approach integrates RNNs with a WaveNet vocoder,
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Inception Score (IS), Fréchet Inception Distance (FID),
and Wasserstein Distance, complemented by expert per-
ceptual assessments [2, 7].

2.3. GANs in sound synthesis

The application of Generative Adversarial Networks
(GANSs) to audio synthesis has rapidly advanced, encom-
passing both waveform and spectrogram domains. Early
architectures such as WaveGAN and SpecGAN [9]
demonstrated the feasibility of adversarial learning for
raw audio, though they faced limitations due to high sam-
pling rates and computational cost.

Later developments, including MelGAN [10], GAN-
Synth [11], HiFi-WaveGAN [12], FGP-GAN [13], and
EVA-GAN [14], introduced convolutional generators,
multi-scale discriminators, and spectral or phase-based
losses, enabling real-time synthesis and enhanced per-
ceptual quality. Specialized models have been applied to
speech, singing, and instrumental sound synthesis, with
WGANSIing [14], DrumGAN [15], and EnvGAN [16]
representing notable examples.

Training stability and perceptual realism were further
improved through multi-resolution discrimination, spec-
tral normalization, and loss functions tailored to human
auditory perception. Attention-based mechanisms have
proven effective in capturing long-term dependencies
[17], while modern systems integrate GAN models into
production workflows as VST plugins or modular envi-
ronments [18].

Recent research trends emphasize hybrid and multi-
modal architectures, self-supervised learning, and inter-
active synthesis tools allowing real-time control [19, 15].
From early designs like WaveGAN to contemporary con-
ditional models such as MelGAN and DrumGAN, GANs
continue to evolve into powerful and versatile instru-
ments for sound generation.

3. Materials and methods

To test the formulated hypotheses, a comparative exper-
iment was conducted. A dataset of vehicle engine sounds
was curated from the Google AudioSet collection, under-
going extensive preparation that included slicing, aug-
mentation, and filtering. Subsequently, two distinct GAN
architectures were implemented and trained on this da-
taset: WaveGAN, which operates directly on raw audio
waveforms, and DCGAN, which learns from 2D spectro-
gram images.

The effectiveness of both models was assessed
through a combination of objective quality metrics and
subjective perceptual analysis of the generated audio.
The experiment was conducted on a high-performance
workstation to ensure efficient, multi-epoch training.
The key hardware component was an NVIDIA GeForce
RTX 4090 GPU, supported by an AMD Ryzen
Threadripper PRO 7965WX CPU and 512 GB of DDR5
RAM. The implementation was developed in Python
3.11.9 using the PyTorch framework. Core libraries for
the experiment included torchaudio for audio signal pro-
cessing and model implementation, alongside numpy,
pandas, and scipy for data manipulation and analysis.

3.1. Dataset preparation

The experiment utilized the Google AudioSet, a collec-
tion of over 2 million 10-second audio samples from
YouTube, to create a specialized subset for synthesizing
vehicle engine sounds. The selection resulted with a total
of 14 classes related to engine operations, such as engine,
medium_engine_mid_frequency, vehicle, truck, en-
gine_knocking, engine_starting, motorcycle, motor ve-
hicle_road, car, rumble, heavy engine low frequency,
light _engine_high frequency, accelerating_rev-
ving vroom and race car_auto_racing, giving in an ini-
tial set of 1,881 samples.

This dataset underwent a rigorous six-stage pro-
cessing pipeline to enhance its quality and diversity for
training the GAN models:

1. Source Data Selection and Filtering: Recordings
from the selected classes were extracted, and irrele-
vant samples were removed.

2. Sample Slicing: The 10-second clips were divided
into 2-second segments with a 1-second overlap to in-
crease the number of examples and stabilize the learn-
ing process, resulting in 16,780 segments.

3. Data Augmentation: To improve model generaliza-
tion, controlled random transformations were ap-
plied, including pitch shifting, volume adjustment,
and spectrogram masking. This expanded the dataset
to over 167,000 examples.

4. Signal Filtering: Samples with excessively low
or high volume, high noise levels, or atypical fre-
quency characteristics were removed based on met-
rics like RMS and Spectral Flatness. This rigorous fil-
tering rejected approximately 51.1% of the aug-
mented data, reducing the dataset to 82,109 samples.

5. Voice Activity Detection (VAD) Filtering: The Si-
lero VAD model was used to eliminate samples con-
taining human speech, ensuring the domain purity of
the dataset. This step removed an additional 11,586
samples.

6. Spectrogram Generation and Finalization: For
each audio file, a corresponding spectrogram
and metadata file were prepared.

After this comprehensive preparation, the final da-
taset consisted of 70,523 audio samples, providing the
necessary acoustic consistency and diversity to effec-
tively train the WaveGAN and DCGAN architectures.

3.2. WaveGAN and DCGAN implementation

The WaveGAN architecture was implemented to analyze
the capabilities of generative models that operate directly
on raw audio signals. Unlike spectrogram-based ap-
proaches, WaveGAN generates 1D time-domain wave-
forms, which avoids the information loss that results
from transforming the signal into a two-dimensional rep-
resentation. The model was based on the Wasserstein
Generative Adversarial Network with Gradient Penalty
(WGAN-GP) framework, which enables more stable
training and mitigates the phenomenon of mode collapse.
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The implementation involves two competing net-
works:

e agenerator, which transforms a random noise vector
into an audio sample,
e a discriminator, which assesses the authenticity of

a sample through binary classification.

The generator was constructed using 1D transposed
convolutional layers with ReLU activations, which pro-
gressively upsample the signal to the target length
(44,100 values, corresponding to 2 seconds of audio at a
22.05 kHz sampling rate). The discriminator has a mir-
rored structure, employing standard 1D convolutional
layers and LeakyReLU activation functions. A key fea-
ture of the implementation is its modular configuration
via JSON files, which allows for flexible adjustment of
model parameters. The configuration includes, among
other things:

e paths to the dataset and output directories,

o the size of the latent vector and the length of the sam-
ples,

o the number of epochs, batch size, and learning rate,

o the frequency of saving checkpoints and generating
control samples,

e parameters of the loss function, including the weight
of the gradient penalty.

The DCGAN (Deep Convolutional Generative Ad-
versarial Network) architecture was implemented as
the second of the analyzed structures, in order to compare
the effectiveness of generative models that operate on
visual representations of sound. In contrast to Wave-
GAN, DCGAN processes spectrograms-two-dimen-
sional images that visualize the signal's energy in the
time-frequency domain. The generator's structure com-
prises a sequence of 2D transposed convolutional layers
that successively increase the image resolution. The dis-
criminator is built from standard 2D convolutional layers
with LeakyReLU activations and layer normalization.
The training process was based on the Binary Cross-En-
tropy (BCE) loss function.

The model implementation allows for a wide range of

configurations, defined in external JSON files. The pa-
rameters include:
the size of the latent vector (typically 100-256),
the dimensions of the input spectrograms,
the number of convolutional layers and filters,
the learning rates for the generator and discriminator,
the frequency of saving results and checkpoints,
paths to the data and results directories.
Thanks to its modular structure and the ability to dy-
namically adjust hyperparameters, DCGAN served as
a contrasting reference point to WaveGAN, allowing for
an evaluation of how data representation affects training
stability and the perceptual quality of the generated sam-
ples. A summary of the key differences between the mod-
els is presented in Table 1.

Table 1: Comparison of key aspects in the implementation of ar-

chitectures

Aspect DCGAN WaveGAN

Data type 2D Spectrograms 1D Audio (44100
(128x128 px) samples)

Convolutions | Conv2d/ConvTrans- | Convld/ConvTra
pose2d nsposeld

Kernel size 4x4 25

Loss function | Binary Cross-En- Wasserstein +
tropy Gradient Penalty

Training stra- | 1:1 (G:D) n_critic=5 (1:5)

tegy

Optimizer Adam (1r=0.0001) Adam (Ir=0.0001)

Latent dim 128-256 100-128

Batch size 384 64

Number of 800 8000

epochs

Preprocessing | Image normaliza- Audio resampling
tion

Output Spectrogram images | Raw audio sam-

ples

3.3. Measures of effectiveness and efficiency for the
implemented architectures

The evaluation of the WaveGAN and DCGAN models'
performance required the application of diverse
measures, encompassing both quantitative (numerical)
and qualitative (perceptual) aspects. The objective of
these measurements was to determine the extent to which
the audio samples generated by the networks corre-
sponded to the characteristics of real recordings, as well
as to assess the stability and efficiency of the training pro-
cess itself.

To quantitatively evaluate model performance, a ded-
icated analysis module was developed to compute and
log key metrics throughout the training process. The se-
lected metrics were divided into two categories: universal
indicators for monitoring GAN training dynamics and
data-specific measures for assessing the quality of the
generated samples.

Universal training metrics included the generator and
discriminator loss functions, used to track the adversarial
learning process, and gradient norms, which served as a
crucial indicator of training stability. Monitoring gradient
norms was essential for diagnosing common training
problems such as vanishing gradients (values approach-
ing zero) or exploding gradients (rapidly increasing val-
ues).

For the evaluation of generated samples, distinct met-
rics were applied based on the data representation:

e for raw audio signals (WaveGAN), the primary met-
rics were the Fréchet Audio Distance (FAD), which
measures the perceptual quality by comparing feature
distributions of real and synthetic audio, and the Sig-
nal-to-Noise Ratio (SNR), which quantifies the level
of noise relative to the useful signal. These were com-
bined into a composite Audio Quality Score (AQS),
calculated as a weighted linear combination:

AQS = 0.6 - FADporm + 0.4 SNRporms (1)
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To ensure the score reflects quality on a 0-100 scale,
the FAD metric (where lower is better) was inverted
using the formula FAD, ., = 100 — FADg ore,

while the SNR (where higher is better) was normal-
ized by scaling the decibel value: SNR,, 11, = SNG% .

100.

e for spectrogram images (DCGAN), evaluation was
based on the Fréchet Inception Distance (FID) and
the Inception Score (IS), which measures both the
quality and diversity of the output images. Similarly,
these were aggregated into a composite Image Qual-
ity Score, prioritizing the distance metric with a 70%
weight:

1QS = 0.7 - FID,gypm + 0.3 * ISporm )

The normalization process involved scaling down the
FID metric (FIDyym = max (0,100 — %)) and lin-

early scaling the Inception Score (IS,orm =

max (0, (IS — 1) - 10)) to create a unified indicator

of visual generation performance.

These applied measures provided the data for an ob-
jective comparison of the architectures. The results
showed that WaveGAN exhibited greater computational
requirements but generated signals with a richer temporal
structure. In contrast, DCGAN provided higher training
stability at a lower computational cost, at the expense of
losing some phase information. Thus, the evaluation
made it possible not only to assess the quality of the re-
sults but also to analyze the relationship between data
representation, training stability, and the operational ef-
ficiency of each model.

3.4. Monitoring the training process

Effective monitoring was essential for ensuring experi-
mental stability and enabling detailed post-hoc analysis.
A comprehensive logging system tracked quantitative
metrics-including generator and discriminator loss func-
tions, iteration counts, and epoch durations-supple-
mented by the periodic generation of control audio sam-
ples for qualitative assessment.

The system also monitored hardware resource utiliza-
tion (CPU, GPU, RAM) to detect potential overloads. A
critical component was the automated checkpointing
mechanism, which regularly saved model states and hy-
perparameters. This feature ensured reproducibility and
allowed for resuming the training process or analyzing
results from any specific stage of the experiment.

4. Results and discussion

The objective of the analysis was to provide an objective
presentation of the training results for the WaveGAN and
DCGAN models and to verify the hypotheses regarding
their effectiveness in audio synthesis. The analysis com-
prised three stages: an evaluation of the training process
stability, an analysis of quantitative results, and a percep-
tual evaluation of the generated samples.

The first part focuses on the course of the learning
process and the stability of the architectures, utilizing the
saved logs of loss function values and gradient norms,

which are primary indicators of training progress. The
subsequent sections present the results of qualitative met-
rics and perceptual comparisons of the generated samples
with the source data.

4.1. Course and Stability of the Learning Process

The stability and dynamics of the learning process are a
crucial aspect of the effectiveness of GAN models,
whose operation is based on the competition between a
generator and a discriminator. The analysis of the logs
revealed that both models encountered significant con-
vergence problems, although these were of a different na-
ture.

For the WaveGAN model, the loss function values for
the generator and discriminator (Figure 1) exhibited ini-
tial stability for the first 14 epochs. This was followed by
a sharp increase in loss to the order of 107, indicating the
occurrence of a loss explosion. The implemented moni-
toring mechanism, with a loss_explosion_threshold of
200.0, correctly detected the anomaly and interrupted
further optimization steps, logging the warning: "Train-
ing stopped due to convergence: diverged."

1le7

Generator
Discriminator

Loss Function

-4 —

4000 5000 7000

Epoch

o 1000 2000 3000 5000 8000

Figure 1: Generator and discriminator loss functions for the Wave-
GAN model

Simultaneously, an analysis of the gradient norms re-
vealed that their values were 0.0 throughout the entire
process, confirming the occurrence of gradient vanishing.
This indicates a complete absence of a learning signal-
despite large errors, the model was unable to update its
weights, and the learning process was effectively halted.

An analysis of the epoch duration confirmed the con-
sequences of this collapse. Initially, a single epoch took
approximately 83 minutes, whereas after the 15th epoch,
this time was significantly reduced due to the automatic
interruption of the process upon error detection. Never-
theless, completing 8000 epochs took over 90 hours.

In the case of DCGAN, the loss function values (Fig-
ure 2) remained within a stable range, which initially sug-
gested that the training was proceeding correctly. How-
ever, an analysis of the gradient norms revealed that in
this case as well, the gradients were 0.0 for the entire du-
ration of the experiment. This means that despite the ap-
parent stability of the loss function, the model was not
learning, and the observed oscillations were the result of
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random fluctuations rather than actual weight changes.
This phenomenon was termed hidden stagnation.
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Figure 2: Generator and discriminator loss functions for the DCGAN
model

A summary of the most important parameters and
characteristics of the learning process is presented in Ta-
ble 2. The WaveGAN model required ~90 hours of train-
ing for 8000 epochs, whereas the DCGAN completed
800 epochs in approximately 40 minutes. These differ-
ences arise from different hyperparameters and the char-
acteristics of the input data-raw audio signals require sig-
nificantly more computational power than spectrogram
images.

Table 2: Hyperparameters from the configuration of both models

Parameter WaveGAN value DCGAN value
Number of 8000 800

epochs

Training time  ~ 90 hours ~ 40 minutes
latent_dim 128 128

batch size 96 384

4.2. Quantitative results: evaluation using effective-
ness metrics

Following the analysis of the problematic training pro-
cess of both models, this section presents the quantitative
results describing the quality of the samples generated
during the experiment. Although neither model under-
went successful training, the collected values provide in-
formation about the state of the models at the moment of
collapse (for WaveGAN) or stagnation (for DCGAN).
The original sample dataset was adopted as a baseline for
the audio metrics, for which the average values are pre-
sented in Table 3.

Table 3: Key metric values for the original sample dataset

Metric Value
FAD — average 14.6
FAD — standard deviation 1.64
SNR — average 9.23dB
SNR — standard deviation 2.47 dB
Audio Quality Score — average 574
Audio Quality Score — standard deviation ~ 0.79

The WaveGAN model, which collapsed at the 15th
epoch, generated samples of very low quality. The final
metric values, reflecting the state of the model just before
the loss of stability, are collected in Table 4.

Table 4: Key metric values after WaveGAN training

Metric Value
FAD 999
SNR 32.04 dB
Audio Quality Score 21.36

The evolution of the individual indicators during the
unstable training shows that the model exhibited no ten-
dency for improvement. The Fréchet Audio Distance
(FAD) value remained at a constant value of 999, which
confirms a large statistical discrepancy between the gen-
erated and real samples. The Signal-to-Noise Ratio
(SNR) consistently assumed negative values, indicating
the dominance of noise (Figure 3). As a result, the com-
posite Audio Quality Score showed no upward trend.

80 Average SNR

60

40

SNR [dB]

20

o} 1000 2000 3000 4000

Epoch

5000 8000 7000 8000

Figure 3: SNR metric evolution over the training epochs for Wave-
GAN

The DCGAN model, whose training was character-
ized by stagnation, generated spectrogram images for 800
epochs. Their quality, evaluated using visual metrics, is
summarized in Table 5.

Table 5: Final quality metrics for spectrograms generated by

DCGAN

Metric Value
FID 999
Inception Score 4.84
Image Quality Score 11.53
FAD 0.21
SNR -2.98 dB
Audio Quality Score 59.87

The lack of learning progress is reflected in the evo-
lution of the visual metrics. The Fréchet Inception Dis-
tance (FID) value remained at a constant, high value of
999 throughout the training, indicating no improvement
in the realism of the generated images. The Inception
Score (IS) oscillated within a narrow range, indicating
the generation of samples with low and unchanging qual-
ity and diversity (Figure 4).
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Figure 4: IS metric evolution over the training epochs for DCGAN

Consequently, the Image Quality Score remained at a low
level of approximately 11 points.

After converting the generated spectrograms into au-
dio files, they were evaluated using audio metrics. De-
spite the training stagnation, the values of these metrics
also oscillated at a relatively constant level.
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Figure 5: FAD metric evolution over the training epochs for DCGAN
(after spectrogram-to-audio conversion)

The FAD value for the reconstructed audio remained
in the 0.16- 0.3 range (Figure 5), the SNR oscillated
around - 3 dB (Figure 6), and the Audio Quality Score
stayed at a level of approximately 59 points.

—2.97

—2.981

—2.99 4

=3.00 1

~3.01

SNR [dB]

=3.024

=3.034

-3.04

—-3.05

100 200 300 400 500 600 700 800
Epoch

Figure 6: SNR metric evolution over the training epochs for DCGAN
(after spectrogram-to-audio conversion)

A key element of the experiment is the direct compar-
ison of the audio signal quality obtained from both archi-
tectures. The results of this comparison, along with the
baseline values from the original dataset, are compiled in
Table 6.

Table 6: Metrics between the models and the original dataset

Metric Dataset WaveGAN DCGAN

value value value
FAD 14.6 999 0.21
SNR 9.23 dB 32.04 dB -2.98 dB
Audio Quality 57.4 21.36 59.87
Score

These data provide interesting conclusions. Although
both models failed, their failure modes translated into
drastically different quality outcomes. The WaveGAN
model, which underwent a sudden collapse, generated
samples with an extremely high FAD value and a very
low Audio Quality Score. Surprisingly, the DCGAN
model, despite its complete stagnation, generated images
whose reconstructed audio form achieved significantly
better results. The FAD value is several orders of magni-
tude better than that of WaveGAN, and the Audio Quality
Score is incomparably higher. This suggests that even an
untrained DCGAN generator produced noise with a
structure more akin to spectrograms than the WaveGAN
generator's noise was to raw audio waveforms.

4.3. Qualitative results: perceptual analysis

Beyond the quantitative evaluation, a key element of the
analysis is the qualitative assessment of the generated
samples, which includes a visual analysis of spectro-
grams and a subjective, perceptual evaluation of the
sound. This stage allows for an understanding of the na-
ture of artifacts and imperfections that cannot always be
fully captured by metrics.
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3 i T
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100 120 0

Frequency [Hz]
Amplitude [dB]

£

Figure 7: Visual spectrograms: original sample, sample generated and
reconstructed by DCGAN, and sample generated by WaveGAN

A visual comparison of the spectrograms (Figure 7)
immediately highlights the fundamental differences in
quality between the original data and the samples
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generated by both models. The original spectrograms are
characterized by a complex structure with clearly visible
harmonic bands and dynamic changes over time. In con-
trast, the spectrograms generated by DCGAN are almost
entirely devoid of detail, resembling a replicated, simple
visual pattern dominated by blurred bands and blocky ar-
tifacts. The spectrograms obtained from the WaveGAN
samples also exhibit significant degradation, presenting
an image of chaotic, broadband noise.

The listening impressions confirm the conclusions
from the visual and quantitative analyses. Neither model
generated audio that resembled the training dataset; how-
ever, the nature of the failure in each architecture was di-
ametrically different. Listening to samples from the ini-
tial epochs of WaveGAN training revealed primarily cha-
otic noise enriched with clicking artifacts. In the middle
phase of the training, a certain repetitive, rhythmic audio
artifact could be discerned, but after the process col-
lapsed (from approximately the 5000th epoch), the gen-
erated samples were nothing but absolute silence. The au-
dio reconstructed from the DCGAN spectrograms had a
completely different character-it can be described as a
uniform, metallic humming sound, devoid of dynamics
and low frequencies. Artifacts typical of the audio recon-
struction process, such as phasing effects and synthetic
reverberation, were also observed.

The qualitative observations also made it possible to
assess the occurrence of mode collapse. In the case of the
WaveGAN model, classic mode collapse was not ob-
served; the samples, although of poor quality, showed
some diversity, and the final state was silence, which is a
form of catastrophic failure. The DCGAN model une-
quivocally succumbed to this phenomenon. Both the vis-
ual and auditory analyses confirmed that throughout the
entire training period, the model generated practically
identical, indistinguishable samples. All spectrograms
displayed the same pattern, and the audio reconstructed
from them had an identical, metallic timbre.

5. Conclusions

The experimental results unequivocally show that both
the WaveGAN and DCGAN models failed to effectively
learn the task of synthesizing internal combustion engine
sounds. However, the failure mode of each architecture
was fundamentally different. WaveGAN experienced a
catastrophic collapse, marked by an exploding loss func-
tion and vanishing gradients, which degraded its output
from chaotic noise to complete silence. In contrast,
DCGAN entered a state of hidden stagnation and mode
collapse; despite an apparently stable loss function, zero
gradient norms confirmed that the model was not learn-
ing.

Based on these outcomes, Hypothesis H1, which pos-
ited that GANs are an effective tool for this synthesis
task, must be rejected in the context of this experiment.
Neither model generated samples that resembled the
original dataset. This finding does not undermine the
general potential of GANs but highlights that their effec-
tiveness is critically dependent on achieving training

stability through precise hyperparameter tuning and ap-
propriate architectural choices.

Hypothesis H2, stating that the quality of generated
samples is predominantly influenced by the input data
representation, was fully confirmed. Paradoxically, audio
reconstructed from the untrained DCGAN model
achieved significantly better quality metrics than samples
from the unstable WaveGAN. This indicates that data
representation had a decisive influence on the nature of
the model's failure. Directly modeling the raw waveform
proved to be a highly unstable task, and its failure led to
a signal with chaotic properties. The two-stage approach
of DCGAN, which simplifies the problem to image gen-
eration, was "milder" in its consequences, as the recon-
struction algorithm produced a coherent, albeit incorrect,
audio signal.

The primary limitations of this study include the fail-
ure to achieve training stability, meaning the results pri-
marily document the behavior of the architectures under
unsuccessful learning conditions. Other limitations were
the use of the Griffin-Lim algorithm, which can introduce
artifacts, and the high complexity of the non-stationary
signals in the dataset.

6. Summary

This work undertakes the task of investigating and ana-
lyzing the capabilities of generative neural networks in
the domain of audio synthesis, focusing on a comparison
of the effectiveness of two fundamentally different archi-
tectures-WaveGAN and DCGAN-in the task of synthe-
sizing internal combustion engine sounds. The key re-
search assumption was the verification of the hypothesis
that the input data representation (a one-dimensional raw
audio waveform versus a two-dimensional spectrogram
image) has a decisive impact on the quality of the gener-
ated audio samples.

To achieve the stated objectives, an experimental
methodology was employed. Both models were imple-
mented and subjected to a training process on a carefully
prepared dataset derived from the Google AudioSet data-
base. The effectiveness of the architectures was evaluated
comprehensively, using objective metrics such as Fréchet
Audio Distance (FAD), Signal-to-Noise Ratio (SNR),
and Fréchet Inception Distance (FID), as well as through
subjective perceptual assessment. The entire training pro-
cess was monitored in detail to analyze its stability.

The experiment demonstrated that both implemented
models failed to effectively learn the audio synthesis
task, and their training process failed due to vanishing
gradients. Despite this, the analysis of the failure modes
of both architectures led to a crucial and paradoxical con-
clusion: data representation is of fundamental im-
portance, determining not only the potential quality of the
synthesis but also the very nature of the training failure.
The WaveGAN model, operating on the raw signal, ex-
perienced a catastrophic failure, generating samples with
extremely poor metrics and, ultimately, silence. Surpris-
ingly, the DCGAN model, despite complete stagnation,
produced images whose reconstructed audio form
achieved significantly better quality metrics. This audio,
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although unusable, was statistically closer to a coherent
signal than the chaotic noise from WaveGAN. This con-
firmed the hypothesis that the two-dimensional approach
(DCGAN), despite introducing artifacts during the signal
reconstruction stage, proved to be more "resilient" to cat-
astrophic collapse under the experimental conditions.
The conducted experiment and its results open ave-
nues for further research that could focus on overcoming
the observed limitations. The main directions for poten-
tial development include: optimizing the training process
to achieve learning stability; replacing the classic Griffin-
Lim algorithm with modern neural vocoders (e.g., Mel-
GAN, HiFi-GAN) for audio reconstruction from spectro-
grams; and exploring hybrid architectures that may offer
greater stability and quality in audio synthesis tasks.
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