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Abstract This paper presents a systematic and
comprehensive comparison between Generative Adversarial
Networks (GANs) and Deep Belief Networks (DBNs) across
multiple dimensions including output quality, training
stability, computational efficiency, and domain applicability.
Both architectures are capable of generating synthetic data;
however, they operate through fundamentally different
learning paradigms. GANs employ an adversarial two-network
framework comprising a generator and a discriminator, while
DBNs leverage a hierarchical, layer-by-layer probabilistic
learning approach. Experiments conducted on benchmark
datasets MNIST reveal that GANs consistently produce
superior-quality image outputs, whereas DBNs exhibit more
stable and resource-efficient training dynamics. The findings
provide practical guidance for selecting between these
generative models based on application requirements,
resource constraints, and tolerance for training instability.

Index Terms-generative adversarial networks, deep
belief networks, generative models, machine learning,
neural networks, image synthesis, training stability,
computational efficiency

1. INTRODUCTION

Generative modeling is the heart of modern machine
learning research. By creating new data samples that appear
realistic from a learned distribution, one can do a lot of
things such as data augmentation, semi-supervised learning,
image synthesis, natural language generation, and anomaly
detection . Generative frameworks that have achieved
widespread adoption are represented by two distinct
paradigms, both architecturally and philosophically:
Generative Adversarial Networks (GANs) and Deep Belief
Networks (DBNs).

GANSs, introduced by Goodfellow et al. [1] in 2014, work by
means of an adversarial game between two neural networks:
a generator that creates synthetic samples and a
discriminator that tries to differentiate real data from
generated outputs.

This competitive dynamic forces the generator to produce
highly realistic samples. DBNs, proposed by Hinton et al. [2]
in 2006, employ a layer-wise pretraining scheme, based on

probabilistic graphical models. Each layer in a DBN is trained
as a Restricted Boltzmann Machine (RBM), learning more
abstract representations of the input data.

Nevertheless, systematic comparisons of the two models are
scarce in the literature, despite their prominence. Most prior
work focuses on improvements within a single model family
[4, 5] without making a cross-paradigm benchmark. This gap
introduces uncertainty for practitioners who have to selecta
generative model for specific real-world applications.

1.1 Research Objective
This study’s main aims are:

¢ To make a fair comparison between GANs and DBNs
over MNIST datasets.

 To evaluate performance on image generation tasks.

e To measure the stability of training and the
computational resource needs.

e To formulate actionable model selection guidelines
based on evidence.

1.2 Paper Organization

The rest of this paper is organized as follows. Section 2
surveys the background and related work. Section 3 outlines
the experimental design. Section 4 discusses the
architectural properties of both models. Section 5 presents
the experimental results. Section 6 discusses the findings
and implications. Section 7 provides practical
recommendations. Section 8 discusses the applications of
GANs and DBNs. Section 9 presents the limitations of the
study, while Section 10 outlines future research directions.
Finally, Section 11 concludes the paper.

2. BACKGROUND AND RELATED WORK
2.1 Deep Belief Networks (DBNs)

Hinton, Osindero and Teh [2] introduced Deep Belief
Networks as a solution to the vanishing gradient problem
that hindered the training of deep networks. A DBN is a
probabilistic generative model consisting of multiple layers of
latent variables. Every two adjacent layers make up a
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Restricted Boltzmann Machine (RBM). RBMs are trained
greedily in a bottom-up manner with contrastive divergence.

The pretraining period initializes the network weightsina
part of the parameter space that is amenable to later fine
tuning by backpropagation. In a hierarchy, the lower layers
extract simple features, such as edges and textures, and the
higher layers extract semantically = meaningful
representations.

Hinton [8] and Salakhutdinov & Hinton [9] showed that
this architecture is excellent for feature learning and
dimensionality reduction. Salakhutdinov and Murray [16]
demonstrated how Annealed Importance Sampling (AIS) can
be used to efficiently estimate the partition function of an
RBM, giving a principled way to select models and
quantitatively evaluate DBNs as generative models.

DBNs have strong points such as stable and predictable
learning, understandable intermediate representations, and
good performance with limited data. The main disadvantages
are slow convergence relative to modern alternatives, limited
architectural flexibility, and less generative fidelity relative to
adversarial methods.

2.2 . Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) were introduced
by Goodfellow et al. [1] as a class of generative models that
learn to generate realistic-looking data through an
adversarial training procedure. A GAN is composed of two
neural networks, a Generator and a Discriminator. The
Generator is trained to generate synthetic samples from
random noise and the Discriminator is trained to distinguish
real samples from generated samples. This competition
between these networks goes on. As a result the Generator
gets better and better at creating outputs that look like real
data.

GANSs are implicit generative models in the sense that they
do not explicitly model the underlying data distribution, but
learn to generate samples directly. This property allows them
to produce high-quality results and has helped them succeed
in applications of image synthesis.

Several variants have been developed since then, such as
CGAN, LAPGAN, AAE, GRAN, InfoGAN, and BiGAN, which have
extended the applications of GAN in different domains [19].
In order to improve the stability of training, researchers
proposed Wasserstein GANs [7], feature matching, minibatch
discrimination [6] and gradient penalty regularization [14] to
make GANs more robust and effective for practical
applications.

2.3 Related Work and Research Gap

Lucic et al. [4] conducted a large empirical study on GAN
variants and found that training procedures have more
impact on performance than architectural choices. Borji [5]
surveyed on GAN evaluation metrics, and pointed out that
there is no universal fidelity metric. See Mescheder etal. [15]
for convergence properties of GAN training algorithms.
Bengio [12] provided a seminal review of learning deep
architectures, including DBNs and related probabilistic
models. An alternative generative framework was proposed
by Kingma & Welling [13] in the form of Variational
Autoencoders (VAEs). In their ACM Communications paper in
2020, Goodfellow et al. [18] revisited the theory of GANs,
presenting GANs as game-theoretic generative models and
listing their applications in image synthesis, domain
adaptation, data augmentation, and scientific simulation.

A systematic comparative analysis of seven GAN variants
concerning network architecture, gradient optimization and
performance metrics was carried out by Hitawala [19] which
showed that the progression from multilayer perceptrons to
convolutional and recurrent architectures significantly
enhanced GAN capability. The first quantitative evaluation of
DBNs with AIS was presented by Salakhutdinov and Murray
[16]. They obtained a lower bound on the log-likelihood,
which enables a direct comparison of the performance of
DBNs with different architectures. Mohamed, Dahl and
Hinton [17] showed that DBNs are superior to the traditional
HMM based acoustic models for phone recognition on TIMIT.
We are unaware of any prior work that has directly
compared GANs with DBNs in a controlled head-to-head
manner on image generation benchmarks, with standardized
evaluation protocols. This study addresses the gap.

3. METHODOLOGY
3.1 Research Design

We conduct a controlled experimental setting in which both
model families are trained and tested under the same
conditions: same datasets, same hardware environment,
same compute budgets and same evaluation protocols. To
account for stochastic variability both models were trained
and evaluated under comparable experimental conditions
using the MNIST dataset.

3.2 Datasets

The experiments are all based on MNIST dataset. The MNIST
dataset consists of 70,000 images of handwritten digits (0-9)
in grayscale, each at 28x28 pixels resolution. It is widely
used as a benchmark dataset for evaluation of generative
and classification models.
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3.3 Model Configurations

The dataset of MNIST was used for the implementation and
training of the models of GAN and DBN. The GAN is made up
of a Generator , which generates images of handwritten
digits from random noise , and a Discriminator , which
distinguishes between real images and generated samples .
The DBN is a composition of stacked Restricted Boltzmann
Machines (RBMs) trained using a layer-wise learning
algorithm. To fairly compare the image generation quality,
training stability and computational efficiency, both models
were trained under similar conditions.

3.4 Experimental Protocol

The two models were trained on the same MNIST training
dataset and were evaluated for their ability to generate
realistic handwritten digit images. The generated samples
were compared by visual inspection and qualitative analysis.
Evaluation was also performed with consideration for
training stability, convergence behavior and computational
requirements. This setup allows us to practically compare
the strengths and limitations of GANs and DBNs for image
generation tasks.

4. ARCHITECTURAL ANALYSIS
4.1 DBN Architecture and Learning Dynamics

Deep Belief Networks (DBNs) are generative models which
consist of several layers of Restricted Boltzmann Machines
(RBMs). Each RBM is trained independently in a layer-wise
manner before fine tuning the whole network. This
hierarchical learning enables the model to learn more and
more abstract features from the input data. For example, in
the MNIST dataset, the lower layers learn simple patterns
like edges and strokes, while the higher layers capture more
complex digit structures. The layer-wise training process
facilitates stable learning and reduces the difficulty of
optimization. Therefore DBNs are well-known for their
reliable training behavior, good feature extraction capability
and effectiveness in working with limited computing
resources.

4.2 GAN Architecture and Learning Dynamics

Generative Adversarial Networks (GANs) are composed of
two neural networks: a Generator and a Discriminator. The
Generator creates synthetic images from random noise, and
the Discriminator attempts to differentiate between real
images and generated images. During training both
networks compete in an adversarial process . This makes the
Generator constantly improve the quality of its outputs . For
the MNIST dataset, the Generator learns to generate realistic
images of handwritten digits, and the Discriminator learns to

identify the generated samples. This competitive learning
process enables GANSs to produce sharp and visually pleasing
images. However, training of GANs is less stable than DBNs
and may require careful tuning of the model parameters.

4.3 Comparative Summary

Table -1:
Aspect DBN GAN
Learning Method Laver- Generator-
_y Discriminator
wise training
RBM
training
Training Behavi Canb tabl
raining Behavior | . an be unstable
Output Quality Good Better visual
quality
Complexity Lower Higher
Suitable For Feature Learning | Image Generation

5. EXPERIMENTAL RESULTS

5.1.Image Generation-MNIST

The two models were trained on MNIST, a dataset of
handwritten digits. Visual inspection demonstrates the clear
quality advantage of the GAN. The samples generated by
DBN possess the characteristic smoothness and blurriness,
which is consistent with the probabilistic and energy-based
generation process of the model. GAN samples possess
sharper edge definition, more consistent stroke width, and
greater within-class stylistic diversity. Below Image shows
visual comparison of the samples generated by GAN and
DBN on MNIST dataset. Samples generated by the GAN
model are shown at the top row . Samples generated by the
DBN are shown at the bottom row . GAN outputs show
sharper edges, better digit structure and better visual
fidelity. On the contrary, DBN-generated samples look more
blurry and smooth, which is in line with their probabilistic
generation mechanism.

GAN Generated

S.

DB Generated
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5.2 Training Characteristics and Computational
Efficiency

In the experiments, the GANs and DBNs exhibited very
different training behavior. The DBN adopted a layer-wise
training strategy, which guaranteed stable and predictable
learning during the training process. In contrast, training
GANs requires a delicate balance between the Generator and
Discriminator to get satisfactory results. The generated
images of handwritten digits by the GANs were visually
sharper but the training process was generally more
complicated and sensitive to the choice of parameters.

The training of the DBN was relatively simple from the
computational point of view. The training of the GAN was
more demanding in terms of computational resources as two
neural networks were trained simultaneously. These
observations illustrate the trade-off between output quality
and training stability. GANs produced more realistic images
but the DBNs offered a simpler and more stable training
experience.

6. DISCUSSION
6.1 Quality vs. Stability Trade-off

From the MNIST experiments, the trade-off between image
quality and training stability is obvious. The GANs produced
sharper and more realistic handwritten digit images,
showing their capabilities in image synthesis applications.
However, DBNs produced relatively smoother and less
detailed outputs, but showed a more stable and predictable
training process. This trade-off highlights the fundamental
differences in the learning mechanisms of the two
architectures. GANs are concerned with realistic sample
generation using adversarial learning, whereas DBNs are
based on probabilistic layer-wise learning which results in
training reliability.

6.2 Interpretation of Experimental Results

During training, the Generator and Discriminator interact
with each other which lead to the better image quality
generated by GANs. The Generator continues to improve and
gradually learn how to generate outputs that closely
resemble real data. This allows GANs to learn complex visual
patterns and produce images with higher quality
appearance. In contrast, the focus of DBNs is learning
hierarchical feature representations. While this technique
leads to stable learning and successful representation of
particular features, it probably will not reach the visual
realism exhibited in generated instances using GAN.

6.3 Insights from Previous Studies

Besides the observations gained from the MNIST
experiments, previous work also provides valuable insights

into the wider capabilities of GANs and DBNs. GANs have
been reported to achieve state-of-the-art performance in
image synthesis tasks, but they also suffer from training
instability and mode collapse [18][19]. Similarly, Mohamed
et al. [17] showed that DBNs are able to learn hierarchical
representations for sequential data, thus the architecture is
still valid in the light of the emergence of more recent
generative models. These results indicate that the strengths
and limitations uncovered in this study align with trends
reported in the literature.

6.4 Practical Implications

The findings of this study indicate that the choice between
GANs and DBNs should be guided by application
requirements. When high-quality image generation is the
primary objective, GANs are generally the preferred option.
However, when training stability, interpretability, and
computational simplicity are important considerations,
DBNs provide a practical alternative. Therefore, neither
architecture can be considered universally superior; rather,
each model offers distinct advantages depending on the
target application and available computational resources.

7. PRACTICAL RECOMMENDATIONS
7.1 When to Use GANs?

Generally, GANs are recommended when high quality and
visually realistic synthetic data are the main objectives.
Using an adversarial learning framework, they are able to
model complex data distributions and generate outputs with
high perceptual fidelity. Therefore, GANs have been widely
used in image synthesis, data augmentation, image
enhancement, medical imaging, creative media and
computer vision research. In the previous studies, it has
been shown that the visual quality of GAN generated samples
is always better than traditional generative approaches.
However, GAN training is typically associated with careful
hyperparameter tuning and high computational costs. Thus,
GANS s are best utilized in situations where output quality is
important and sufficient compute resources are available.

7.2 When to use DBNs?

Deep Belief Networks (DBNs) are suitable for applications
that require training stability, interpretability, and
computational efficiency. The layer-wise learning strategy
makes the network learn the hierarchical feature
representation in a structured and predictable way. DBNs
have been successfully applied for feature extraction,
dimensionality reduction, representation learning, anomaly
detection and classification. Generally DBNs are less
sensitive to training instabilities and exhibit a more stable
convergence behavior than adversarial models. Also, the
probabilistic nature of DBNs comes in handy in cases where
it is important to understand the intermediate feature
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representations. Therefore, DBNs are still a viable option in
educational, research and resource constrained
environments.

7.3 Hybrid Approaches

A very interesting future work is to exploit the strengths of
the GANs and the DBNs in a single framework. Previous
works proved that pretraining based on DBNs can provide
meaningful feature representation and good weight
initialization before performing adversarial learning. Such an
approach may improve the stability of training while
preserving the high quality image generation capabilities of
GANs. Hybrid architectures could potentially address some
of the optimization challenges of adversarial training and
still benefit from the hierarchical feature learning
advantages of DBNs. Although further studies are needed,
the combination of probabilistic learning and adversarial
learning is an interesting research direction that may lead
to more robust and efficient generative models.

7.4 Model Selection Guidelines

The choice between GANs and DBNs should ultimately
depend on the specific requirements of the application.
When realistic image generation and visual quality are the
primary objectives, GANs are generally the preferred option.
In contrast, when training stability, interpretability, and
computational efficiency are more important, DBNs provide
a reliable alternative. Rather than viewing one model as
universally superior, practitioners should evaluate factors
such as data characteristics, available computational
resources, model complexity, and deployment requirements
before selecting a generative modeling approach.

8. APPLICATIONS OF GANs AND DBNs

The theoretical analysis in the previous sections has
demonstrated that GANs and DBNs have different
advantages in different tasks and data modalities. In this
section we show representative real-world application
domains, and where each architecture excels, providing a
structured comparative overview in Table 2.

8.1 Healthcare & Medical Imaging

GANs have become the tool of choice for image synthesis
tasks, e.g., synthesizing MRI and CT scans to augment
datasets or sharing datasets while preserving privacy.

The high perceptual fidelity and sharpness of GAN outputs
are relevant in clinical setting where preservation of subtle
anatomical details is required. Conditional GANs, like Pix2Pix
and CycleGAN, have shown great success in cross-modality
image translation (e.g., MRI-to-CT synthesis) and enable
multi-modal analysis without paired training data
[13].DBNSs, in contrast, are well-suited to structured clinical

data tasks such as disease risk stratification and electronic
health record (EHR) modeling. Their probabilistic inference
framework supports uncertainty quantification, an
important property in safety-critical medical decision
systems. Prior work has shown that DBN-based models can
effectively learn hierarchical representations from tabular
patient data, yielding competitive predictive performance
with high training stability [2].

8.2 Finance and Cyber Security

Both architectures are useful for the financial applications,
but for different sub-tasks. GANs are being used more and
more for the generation of synthetic financial data, for
example, generation of realistic transaction records and
time-series data for model validation, regulatory stress
testing and privacy-preserving analytics. This context is
especially well-suited to the complex multivariate
distributional structure that GANs can capture. DBNs are the
preferred model for the task of fraud detection and anomaly
classification for structured tabular data. Their stable, layer-
wise training yields interpretable feature hierarchies that
can be directly audited by compliance teams, a key
regulatory requirement in financial services. DBNs are also
effective for cyber-security applications in modeling
sequential network traffic patterns for intrusion detection,
and GANs can be used to synthesize adversarial samples for
red-team exercises and robustness testing of classification
systems.

8.3 Generative Art and Creative Media

The domain of creative media is the major application
domain in which GANs have been widely deployed
commercially. GANs have been shown to achieve state-of-
the-art perceptual quality in terms of Inception Score and
Fréchet Inception Distance metrics, on a wide range of
applications, from photorealistic face synthesis (StyleGAN
[3]) to high-resolution landscape generation and video frame
interpolation. The adversarial training objective directly
optimizes for human-perceptible realism, making GANs the
natural choice for creative and entertainment applications
where visual fidelity is the paramount goal. DBNs are applied
for feature modelling of audio and music, since the
structured probabilistic representation of the temporal
features is suitable for interpretable generative modelling of
musical sequences.
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Table -2:
Domain Application | Preferred Reason
Model

Medical MRI/CT GAN High Fidelity
synthesis

Medical Risk DBN Probabilistic
prediction

Finance Fraud DBN Interpretability
Detection

Finance Synthetic GAN Multivariate
Data

Cyber Intrusion DBN Sequential
Detection

Cyber Adversarial | GAN Attack Vectors
Samples

Media Face GAN SOTA Quality
Synthesis

Media Audio DBN Temporal

9 LIMITATIONS

There are several limitations to be considered when
interpreting the results of this study. First, we performed the
experimental comparison over only MNIST dataset which
includes relatively simple images of hand-written digits. The
performance of GANs and DBNs can be different when they
are applied to more complex datasets such as CIFAR-10,
CelebA, etc. or other real-world image collections. Second,
only one implementation of each model was tested and
different architectures or hyperparameter settings may lead
to different results. Third, the evaluation was conducted
through visual inspection and qualitative analysis of
generated images. The study also uses findings from
previous research for a broader comparative perspective,
but direct comparisons may be difficult because of
differences in experimental setups, data sets and evaluation
methods across studies.

Finally, the field of generative modelling continues to evolve
rapidly, and newer architectures may offer improved
performance compared to the models considered in this
study.

10 FUTURE WORKS

This study paves the way for several future research
directions. Firstly, the comparison can be extended to more
complex image datasets such as CIFAR-10, CelebA, and other
real-world image collections to assess the scalability and
generalization capabilities of GANs and DBNs. Secondly, we
suggest future studies could use more comprehensive
quantitative evaluation metrics that can more holistically
assess image quality, diversity and distributional similarity.

Another promising research direction is the systematic
investigation of hybrid GAN-DBN architectures where the

DBN-based feature learning or pretraining is combined with
adversarial learning techniques. These approaches can
improve the training stability while maintaining the high
quality image generation ability of the GANs. Moreover,
recent progress in GAN architectures and training strategies
provide opportunities to enhance model robustness and
computational efficiency.

11 CONCLUSIONS

In this work we made a comparative study of Generative
Adversarial Networks (GANs) and Deep Belief Networks
(DBNSs) in terms of architecture, training characteristics,
performance and practical applications. We did a thorough
literature review and an experimental study on the MNIST
dataset to investigate the pros and cons of the two types of
generative modelling.

The results demonstrated that the GANs were able to
generate higher quality and more visually realistic
handwritten digit images, proving the effectiveness of
adversarial learning for image synthesis tasks. On the other
hand, DBNs showed a more stable and predictable learning
process thanks to their layer-wise probabilistic training
strategy. These results show an important trade-off between
output quality and training stability that is an important
consideration when selecting a generative model.

The wider literature also suggests that GANs have been very
successful in image generation, creative media and data
augmentation applications, while DBNs still have advantages
in feature learning, interpretability and stable model
training. Thus neither architecture can be considered as the
best in general. The selection of GANs or DBNs should be
based on the needs of the application, computational power,
and the trade-off between the output quality and training
reliability.

Overall, the present work contributes to a better
understanding of two influential generative modelling
paradigms and provides practical insights that may assist
researchers and practitioners in selecting suitable models
for future applications.
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