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Abstract—The generation of synthetic data is also another
active area of research in machine learning and data science,
considering the continuous need for large quantities of data in
these fields. However, it is challenging to obtain high-quality real
data due to issues of privacy, availability, and ethics. The main
contribution of this paper is to propose a hybrid generative
model by integrating two different generative architectures,
namely Deep Convolutional Generative Adversarial Networks
and Wasserstein Generative Adversarial Networks with Gradient
Penalty, for generating synthetic data. The use of DCGAN in this
paper is motivated by its ability to extract high-level feature rep-
resentations of data using deep convolutional layers. At the same
time, the incorporation of WGAN-GP into our model is based
on the robustness it offers in dealing with issues such as mode
collapse and unstable gradients, as encountered in the traditional
GAN architectures. In order to ascertain the reliability and
quality of the generated synthetic data, the proposed framework
has incorporated various stages of evaluation, verification, and
validation. The quality and efficiency of the generated synthetic
data can be ascertained through the application of various
machine learning evaluation parameters such as precision, recall,
and F1 score.These metrics assess the quality of the produced
synthetic data in facilitating the classification or prediction task.
Furthermore, the proposed framework has verification steps,
such as using SeqKit to assess the characteristics and statis-
tical properties of the produced synthetic data. An additional
validation step is incorporated in the proposed framework to
verify if the produced synthetic data still contains significant
patterns and realistic nucleotide distribution. The experimental
results demonstrate the effectiveness of the proposed model in
producing high-quality synthetic tabular data with significant
characteristics of the original data set.

Index Terms—Synthetic DNA Generation, DCGAN, WGAN-
GP, Bioinformatics, Evaluation Metrics
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I. INTRODUCTION

The rapid increase in the generation of genomic data has had

a considerable effect on the growth of contemporary biological

research, leading to the emergence of breakthroughs in areas

such as bioinformatics, disease prediction, and personalized

medicine. However, the key problem with the growth of

biological datasets is that there is limited access to large

quantities of high-quality DNA sequence data due to the issues

of privacy and ethics associated with the use of the data, as

well as the high cost of acquiring it.

However, in recent times, the GANs have received signifi-

cant interest because of their capability to learn complex data

distributions and produce synthetic data that is very similar

to the real data. The general framework for the GANs is

composed of two main neural networks: the generator and the

discriminator. These two networks are trained in an adversarial

way, wherein the generator generates synthetic data while the

discriminator checks the authenticity of the synthetic data.

Despite the fact that promising results have been obtained

through the application of the GANs-based approaches, the

conventional GANs have some problems that are quite serious.

These problems include instability in the training process,

gradient vanishing, and mode collapse.

A. Motivation

The generation of synthetic DNA sequence has gained im-

portance for various applications, including data augmentation

of genomic data, data sharing for preserving privacy, and

analysis of biological data on a large scale. The usage of

statistical models might not be sufficient to manage complex

structural relationships in the data. The usage of traditional

GAN models for synthetic data generation might not be

suitable for DNA sequence generation due to the instable

nature of the training process and the quality of the data

produced. Considering the limitations of traditional models for

synthetic data generation, it has become essential to utilize

a powerful model for synthetic data generation. Utilizing

convolutional neural networks for one-hot encoded matrices
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of DNA sequence can be utilized for determining structural

relationships of nucleotide sequences. Utilizing powerful mod-

els for synthetic data generation has opened doors to newer

opportunities.

B. Contributions

In the proposed work, we propose a hybrid architecture that

is able to inherit the feature learning capability of DCGANs,

along with the training stability of WGANs. This is achieved

by proposing a synthetic DNA sequence generation frame-

work that is able to inherit the feature learning capability of

DCGANs. This is achieved by encoding the DNA sequence

in a structured numerical form using the one-hot encoding

mechanism. This enables convolutional neural networks to

learn the feature dependencies in the DNA sequence. In

addition, the proposed framework is able to inherit the training

stability of WGANs by using the Wasserstein loss function.

This ensures that the proposed architecture is able to avoid

GAN-related issues. Thus, the proposed architecture is able

to generate synthetic DNA sequences that can be used in

genomic studies. From the experimental results, it is clear

that the proposed architecture is able to generate high-quality

synthetic DNA sequences.

II. LITERATURE SURVEY

In this proposed study, GANs will be employed in gener-

ating biologically relevant synthetic DNA sequences that re-

semble real genomic data. Before the advent of deep learning-

based generative models, several approaches were employed

in generating synthetic DNA sequences. One of the earliest

approaches was the Markov chain model [1]–[3] in which

DNA sequences were generated based on the probability of

transition from one nucleotide to another. Although Markov

models were simple and computationally inexpensive, these

approaches only considered short-range dependencies in DNA

sequences. However, long-range dependencies [4] in DNA

sequences, as seen in real genomic data, cannot be mod-

eled by Markov chain approaches. One of the most popular

approaches in generating synthetic DNA sequences was the

Hidden Markov Model [5]–[7] in which hidden states were

introduced to model biological phenomena, including gene

regions or motifs.

The HMM was extensively employed in gene prediction

and sequence alignments. However, these approaches heav-

ily rely on transition probabilities, making these approaches

limited in modeling biological phenomena. Other statistical

simulation techniques, like Monte Carlo simulation [8], were

also employed to generate synthetic sequences. The techniques

include probabilistic sampling methods [9], among others. The

techniques generate sequences by random sampling of statis-

tical distributions [10]. Although these techniques could be

used to approximate simple sequence features, they could not

maintain higher-order dependencies, hence failing to generate

synthetic sequences with biological realism. Because of these

limitations, these methods are not suitable for modern large-

scale genomic studies, where the data is highly complex and

multidimensional. This is because these methods rely heavily

on manual assumptions, do not learn complex patterns in the

data, and cannot learn non-linear relationships within the DNA

sequences. In contrast, the proposed model which is DCGAN

architecture [11], was proposed with the aim of improving

the stability and quality of generated data by utilizing CNNs.

The DCGAN architecture enables the learning of hierarchical

features and complex structures from the input data. Therefore,

the DCGAN architecture is applicable to the modeling of

genomic sequence data with complex structures. However, the

GAN and DCGAN models are limited by their instability and

mode collapse problems. The instability and mode collapse

problems are tackled by the WGAN architecture [12]–[16].

The WGAN architecture is an advancement over the GAN and

DCGAN models in that it uses the Wasserstein distance metric

to measure the difference between the real and generated

data distributions. The WGAN architecture provides more

meaningful gradient updates and improves the stability of the

models. The WGAN-GP architecture is an advancement over

the WGAN architecture and is obtained by replacing the clip-

ping function with the gradient penalty term. In the proposed

work, the DCGAN and WGAN-GP models are utilized for

generating synthetic DNA sequences in a realistic fashion.

DCGAN is useful in helping the model learn the patterns in the

sequence with the help of the deep convolutional structures.

Through adversarial training, the generator network is able

to learn the intricate dependencies between nucleotides in the

DNA sequences. Furthermore, the model also includes a set of

rigorous verification and validation processes. In the first place,

the generated sequences are validated using machine learning

performance measures such as precision, recall, F1 score, and

accuracy. In the second place, the sequences are validated

using a tool called SeqKit [17] that analyzes the distribution

of nucleotides, sequence composition, and other statistical

measures to determine whether the generated sequences of

DNA follow realistic patterns. This framework guarantees that

the synthetic sequences generated will not only be statistically

valid but will also be valid from a biological perspective.

Additionally, the proposed research also considers the 3D

visualization of the DNA sequences to better understand the

structural and compositional characteristics of the generated

data. In the visualization component of the model, different

nucleotides will be represented using different colors for better

interpretation. For instance, adenine (A), thymine (T), guanine

(G), and cytosine (C) will be represented using different color

mappings [18]–[20]. This will enable the researchers to better

understand the spatial arrangement of the nucleotides in the

generated DNA sequences.

III. PROPOSED METHODOLOGY

The proposed framework for the generation of synthetic

DNA sequences is based on the hybrid framework that utilizes

the feature learning property of the DCGAN and the stable

training property of the WGAN. The proposed framework is

based on the two neural networks, which include the generator

G and the critic D.
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The generator is responsible for the generation of the synthetic

DNA sequences based on the random noise vectors, and the

critic is responsible for the evaluation of the similarity between

the generated sequences and the real DNA sequences. During

the adversarial training, the generator improves its capability

to generate the realistic and meaningful DNA sequences.

A. Data Representation

DNA sequences consist of four nucleotides:

N = {A, T,C,G} (1)

As neural networks require numerical input, each nucleotide

is represented using one-hot encoding in the form of a vector.

In the vector representation, each nucleotide is represented as

a binary vector:

A = [1, 0, 0, 0] (2)

T = [0, 1, 0, 0] (3)

C = [0, 0, 1, 0] (4)

G = [0, 0, 0, 1] (5)

For a DNA sequence of length L, the encoded representation

can be expressed as:

X ∈ R
L×4 (6)

This matrix representation enables convolutional neural net-

works to learn spatial dependencies among nucleotides.

B. Latent Space Modeling

For generative models, the latent space is a compressed

feature space from which the model generates synthetic data.

The input to the generator is a randomly selected vector from

the prior probability distribution:

z ∼ Pz(z) (7)

Usually, Pz(z) is a Gaussian or a uniform distribution.

The latent vector represents the structural patterns that the

generator will later transform into meaningful DNA sequences.

The generator learns a nonlinear transformation from the

latent space to the data space:

G : z → Xfake (8)

where Xfake is the generated DNA sequence matrix. During

training, the generator gradually starts to learn how to map the

various parts of the latent space to the most plausible DNA

patterns.

The latent representation helps the model create diverse se-

quences by sampling different noise vectors, thereby ensuring

variability and diversity in the generated synthetic dataset.

C. DCGAN Generator

The generator network receives a random noise vector

sampled from a latent distribution:

z ∼ Pz(z) (9)

The generator learns a mapping function that transforms the

latent vector into synthetic DNA sequences:

G(z; θg) → xfake (10)

where G is the generator network, θg is the parameters of

the generator, and xfake is the generated DNA sequence.

The generator of the DCGAN model consists of several

transposed convolutional layers, which progressively transform

the latent vector into a structured sequence. Each of these

layers applies the transformation:

hl+1 = σ(Wlhl + bl) (11)

where:

• Wl represents learnable weights

• bl represents bias terms

• σ represents the activation function

• hl represents intermediate feature maps

Batch normalization is applied after convolution operations

to stabilize training and accelerate convergence.

D. WGAN Critic Network

Unlike the traditional discriminator that uses a probabilistic

approach to distinguish between real and fake data, the novel

framework utilizes a critic network that is inspired by the

Wasserstein GAN. The critic network scores the real data as

well as the generated data.

D(x; θd) (12)

where θd is a symbol for the critic parameters.

The critic is designed to reward real data with high scores

and punish generated data with low scores, helping the gen-

erator improve in its creation of realistic DNA sequences.

E. Wasserstein Loss Function

The Wasserstein distance is used in WGAN to measure

the difference between the real data distribution Pr and the

generated data distribution Pg:

W (Pr, Pg) = inf
γ∈Π(Pr,Pg)

E(x,y)∼γ [||x− y||] (13)

In practice, this distance is approximated using the follow-

ing loss function:

L = Ex∼Pr [D(x)]− Ez∼Pz [D(G(z))] (14)

The generator minimizes the critic score of generated sam-

ples:

min
G

−Ez∼Pz
[D(G(z))] (15)
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The critic maximizes the difference between real and gen-

erated samples:

max
D

Ex∼Pr
[D(x)]− Ez∼Pz

[D(G(z))] (16)

To enforce the Lipschitz constraint required for Wasserstein

distance, weight clipping is applied:

w ← clip(w,−c, c) (17)

F. Training Stability Techniques

Training GAN models is usually challenging because of

problems like vanishing gradients, unstable convergence, and

mode collapse. To overcome these challenges in training GAN

models, various techniques that stabilize training are integrated

into the proposed framework.

Firstly, the proposed framework uses the Wasserstein loss

function instead of the common binary cross-entropy loss used

in standard GANs.

Secondly, weight clipping is used in the proposed frame-

work to satisfy the Lipschitz constraint of the Wasserstein

distance:

w ← clip(w,−c, c) (18)

where c is a predefined clipping threshold.

Third, the batch normalization technique is applied in the

generator network. This stabilizes the gradient flow and speeds

up the convergence of the generator.

Finally, the critic network is updated several times for every

update of the generator network. This ensures that the critic

network estimates the Wasserstein distance correctly before

the generator makes any update.

G. Adversarial Training Process

Training is performed in an iterative fashion, where the critic

is trained several times before training the generator. This is

done for stable training. During each iteration of training, the

critic network is trained to differentiate between the real DNA

sequences from the dataset and the synthetic DNA sequences

produced by the generator. This helps the critic approximate

the Wasserstein distance between the two data distributions.

The generator then updates its parameters based on the

feedback from the critic, with the aim of creating sequences

that are more and more similar to real DNA samples. Updating

the critic more often helps provide more accurate gradients,

which in turn ensures the stability of the adversarial training

and prevents problems such as mode collapse.The overall ad-

versarial training procedure of the proposed DCGAN–WGAN

model is summarized in Algorithm 1.

H. Synthetic DNA Sequence Generation

Once the training process converges, the generator is em-

ployed to generate new synthetic DNA sequences. A random

noise vector z is sampled from the predefined noise distribu-

tion and is used as input to the generator network G.

Algorithm 1 Adversarial Training of DCGAN–WGAN

Require: Real DNA dataset D
Ensure: Trained generator model

1: Convert DNA sequences to one-hot encoded matrices

2: Initialize generator G and critic D
3: for each training epoch do
4: Sample mini-batch of real DNA sequences x ∼ Pr

5: Sample random noise vector z ∼ Pz(z)
6: Generate synthetic sequences xfake = G(z)
7: Compute critic loss using Wasserstein objective

8: Update critic parameters

9: Sample new noise vector z
10: Generate sequences xfake = G(z)
11: Compute generator loss

12: Update generator parameters

13: end for
=0

The generator takes the random noise vector and generates

an output that is similar to the patterns observed in the real

DNA sequences that the generator was exposed to during the

training process. The generated output is then mapped to the

nucleotide representation to obtain the final DNA sequences.

This process is repeated several times to obtain the final set

of synthetic DNA sequences, which can be used for further

analysis and experimentation.

I. Architecture Overview

The proposed architecture is a combination of the strengths

of DCGAN and WGAN for the generation of realistic syn-

thetic DNA sequences. The generation of synthetic DNA

sequences starts with the generation of a random noise vector

z from a latent distribution, which is given as input to the

DCGAN-based generator.

The generated sequences are then passed through the dis-

criminator (critic) of the WGAN, which comprises convolu-

tional layers and LeakyReLU activation functions. This critic

is used to evaluate the quality of the generated data. The

critic compares the generated sequences with the real DNA

sequences from the dataset, which have been represented using

the one-hot representation.

The training objective is based on the Wasserstein loss func-

tion, defined as the distance between the real and generated

data distributions. This improves the training stability and

results in better synthetic DNA generation. This is achieved

by maximizing the distance in the discriminator, while mini-

mizing it in the generator. Through this adversarial training,

the model learns to gradually generate biologically plausible

DNA sequences that closely resemble real genomic data.

IV. RESULTS AND EVALUATION

For the evaluation of the effectiveness of the proposed

model based on the combination of the DC-GAN and WGAN

architectures, experiments were performed on the encoded

DNA sequence data. The generated sequences were compared
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to the actual sequences using various evaluation criteria such

as sequence similarity, precision, recall, and F1-score. As

depicted in Table I, the highest similarity score of 0.91 is

obtained using the proposed model compared to the standard

GAN architectures.

TABLE I: Performance Comparison of GAN Models

Model Similarity Precision Recall F1 Score

Standard GAN 0.78 0.74 0.72 0.73

DCGAN 0.83 0.80 0.78 0.79

WGAN 0.86 0.84 0.81 0.82

Proposed Model 0.91 0.88 0.86 0.87

The results have shown that the proposed architecture offers

better performance with respect to the traditional GAN models.

The proposed architecture is a hybrid of DCGAN and WGAN

models. The proposed architecture offers better stability and

quality with respect to the generated DNA sequences.
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Fig. 1: Average edit distance comparison

Figure 1 illustrates the comparison of the average edit

distance for various GAN architectures that are applied for

synthetic DNA sequence generation. The edit distance is

the measure of similarity between the generated synthetic

DNA sequences and the real DNA sequences. The lower the

edit distance, the higher the similarity between the generated

synthetic DNA sequences and the real DNA sequences.

As seen from the figure, the DCGAN architecture has

the least edit distance of 0.15, thereby showing that the

synthetic DNA sequences generated are closer to the real DNA

sequences. On the other hand, the WGAN and the CGAN

architectures have higher edit distances, showing that the syn-

thetic DNA sequences generated are quite different from the

real DNA sequences. The gradual increase in the edit distance

for the various GAN architectures shows the variations that

exist in the performance of the various architectures.
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Fig. 2: Comparison of precision and recall scores for different

GAN models.

ED(s1, s2) = min(ins+ del + sub) (19)

where:

• ins : number of insertion operations

• del : number of deletion operations

• sub : number of substitution operations

As depicted in Eq. (19) the edit distance is a measure that

indicates the minimum number of operations that must be

performed to transform a given DNA sequence into another

sequence. In this regard, the operations that can be performed

include the insertion, deletion, and substitution of nucleotides.

The lower the edit distance is, the more similar the sequences

will be.

Figure 2 presents the comparison of precision and recall

scores of various GAN models. It is observed that the proposed

model has the highest precision and recall values, showing

better performance in terms of generating accurate and reliable

DNA sequences compared to Standard GAN, DCGAN, and

WGAN.

V. CONCLUSION

This paper proposes a hybrid generative model that utilizes

the DCGAN and WGAN architectures for the generation

of synthetic DNA sequences. The proposed model utilizes

the capability of the DCGAN model to learn features using

the convolutional neural network and the stable optimization

mechanism of the WGAN model.The proposed hybrid model

has achieved better results compared to the traditional GAN

model in terms of sequence similarity, precision, and recall,
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as observed from the experimental results. The generated

synthetic DNA sequences show promising results with respect

to the characteristics of the biological data.
The proposed approach can be utilized for various bioin-

formatics applications, including data augmentation, genomic

analysis, and privacy-preserving sharing of biological data.

VI. FUTURE WORK

The proposed architecture of DCGAN-WGAN [21] shows

promising results in terms of synthetic DNA sequence gen-

eration there are still many avenues that can be explored in

the future. One such direction that can be explored is the

incorporation of conditional generative models that can help in

the generation of DNA sequences based on certain attributes.

This would help in the controlled generation of data that can

be used in genomic studies.
Another potential way to go is to leverage the power of

advanced sequence-aware architectures, like those that use

attention mechanisms or transformer architectures [22], [23].

The biological sequences tend to exhibit intricate patterns over

long stretches, and it is expected that using these architectures

could improve the biological relevance [24], [25] of the

generated data.
Future studies could also investigate the application of the

proposed generative framework on larger and more diverse

genomic data sets in order to assess the scalability and

generalization potential [26] of the proposed approach. More-

over, incorporating domain-specific constraints during training

could potentially improve the biological validity of generated

sequences.
Lastly, the model that is being proposed can be extended

to facilitate the development of hybrid generative models that

incorporate generative adversarial networks with other deep

learning techniques [27]–[30] for the generation of synthetic

biological data. This will likely result in the development of

even more robust synthetic data that could be used for various

applications such as genomic predictions, bioinformatics, and

even the sharing of biological data.
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