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Abstract— The generation of high-fidelity
synthetic genomic data is crucial for advancing
research while addressing privacy concerns and
data scarcity. Existing simulation tools often
struggle to capture the complex correlation
structures inherent in real genomes or lack
scalability for large cohort generation. We
introduce GenSynthVVAE, a novel framework for
generating realistic synthetic genomes based on a
distributed Variational Autoencoder (VAE)
architecture. Our approach leverages distributed
training across multiple nodes and a controllable
latent space representation to synthesize genomes
that preserve key population characteristics and
linkage disequilibrium patterns. Performance
results on a large-scale HPC system demonstrate
GenSynthVAE's ability to scale effectively,
generating synthetic cohorts’ orders of
magnitude faster than sequential simulators
while achieving high statistical similarity (e.g.,
<0.05 Jensen-Shannon divergence for k-mer
distributions) to real genomic datasets.
Compared to baseline deep learning models,
GenSynthVAE shows an average 3.8x
improvement in training efficiency and 2.5x
higher fidelity in capturing long-range linkage
disequilibrium at scale. Our framework enables
the generation of large, controllable, and realistic
synthetic genomic datasets for benchmarking,
method development, and privacy-preserving
data sharing. We make our source code publicly
availablet.

Index Terms— Synthetic Data Generation,
Genomics, Variational Autoencoder (VAE),
Deep Learning, Distributed Systems, High-
Performance Computing, Data Privacy, Genome
Simulation.

I. INTRODUCTION

The exponential growth of genomic sequencing data
presents immense opportunities for understanding
biology and disease, but also significant challenges
related to data privacy, accessibility, and
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computational cost [1], [2]. Synthetic genomic data,
computationally generated data mimicking the
properties of real genomes, offers a promising
solution to mitigate these challenges [3], [4]. It can
be used for developing and benchmarking new
bioinformatics algorithms [5], sharing data while
preserving individual privacy [6], augmenting
limited datasets [7], and for educational purposes.

Generating realistic synthetic genomes is non-
trivial. Genomes exhibit complex features, including
specific single nucleotide polymorphism (SNP)
frequencies, intricate linkage disequilibrium (LD)
patterns  reflecting  population  history and
recombination, and potentially rare structural
variants [8]. Early simulation methods often rely on
rule-based approaches or statistical models (e.g.,
Markov models) that may oversimplify these
complexities or require extensive parameter tuning
[9], [10]. While powerful, these methods often
struggle to scale to generating large cohorts
(thousands or millions) of whole genomes, a
requirement for modern genome-wide association
studies (GWAS) or large-scale benchmarking.

Recent advances in deep generative models, such as
Generative Adversarial Networks (GANs) and
Variational Autoencoders (VAEs), have shown
promise for generating complex data types,
including images and text [11], [12]. Applying these
to genomics could potentially capture intricate data
distributions more effectively than traditional
methods [4], [7]. However, adapting these models
for whole-genome synthesis faces significant
hurdles: the sheer scale of genomic data (billions of
base pairs), the need for high fidelity in representing
subtle statistical patterns, the requirement for
scalability in training and generation, and the desire
for controllability over the generated data's
characteristics (e.g., simulating specific ancestries or
disease predispositions).
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This paper addresses the need for a scalable, high-
fidelity synthetic genome generation method. We
have three main contributions:

e We design a distributed, scalable, and
controllable framework
(GenSynthVAE) for synthesizing
genomic data: The implementation
leverages a Variational Autoencoder
architecture trained using data parallelism
across distributed compute nodes. It
employs techniques for efficient genomic
sequence encoding and a structured latent
space for controllable generation.

o We apply our framework to high-scale
generation of synthetic human genomes
and achieve high fidelity compared to
real data and state-of-the-art
simulators: We demonstrate
GenSynthVVAE's ability to capture complex
allele frequency spectra and LD patterns,
evaluated using rigorous statistical metrics
and downstream task utility (e.g., GWAS
power simulation). Our results show
significant improvements in realism and
generation speed over baseline simulators
and non-distributed deep learning models.

e We perform a deep dive performance
analysis: We analyze training time,
generation throughput, scalability, and
resource utilization (GPU, memory,
network) on a modern HPC system,
identifying key performance factors and
bottlenecks for large-scale genomic data
synthesis.

Il. BACKGROUND

This section defines synthetic genome generation,
discusses its goals and challenges, provides an
overview of VAES, summarizes existing genome
simulation approaches, and describes the underlying
distributed computing principles leveraged by our
framework.

A. Synthetic Genome Generation

The goal of synthetic genome generation is to create
artificial DNA sequences or variant datasets that are
statistically indistinguishable from real genomic
data sampled from a target population, while
ensuring that the synthetic data does not correspond
to any real individual [3]. Key properties to replicate
include:
e Allele Frequencies: The prevalence of
different genetic variants (e.g., SNPs) in
the population.

IJERTCONV 141 S050053

o Linkage Disequilibrium (LD): The non-
random association of alleles at different
loci, reflecting population history,
recombination rates, and selection.

o Haplotype Structure: The specific
combination of alleles inherited together on
a chromosome segment.

o Population Stratification: Genetic
differences between subpopulations, if
relevant.

o Genome-wide correlations: Complex
dependencies across the entire genome.

Challenges include the high dimensionality of
genomic data, the need to capture both local
(haplotype) and long-range (LD) correlations, the
computational cost of generation, and ensuring
privacy guarantees [4], [8].

B. Variational Autoencoders (VAES)

VAEs are a class of deep generative models that
learn a probabilistic mapping from a high-
dimensional data space (e.g., genomes) to a lower-
dimensional latent space, and back [12]. A VAE
consists of two neural networks:

e Encoder (Probabilistic): Maps input
data x to parameters (mean p and
variance ¢?) of a probability distribution
(typically Gaussian) in the latent space z.

Mathematical Formulation:
[w, log 6?] = Encoder_¢(x)
q_¢(z[x) =N(z | p, diag(c?))

e Decoder (Probabilistic): Maps
points z sampled from the latent
distribution back to the original
data space, generating new data X..

Case 1: Real-valued Data (eg.,
Normalized Image Pixels)

p_0(x|z) = N(x | W'(2), diag(c™(2)))

Case 2: Binary Data (e.g., Black and
White Images)
p_O(x|z) =TI iBer(x_i|p_i(z))

VAEs are trained by maximizing the Evidence
Lower Bound (ELBO), which involves a
reconstruction loss (how well x' matches x) and a
regularization term (KL divergence) that encourages
the learned latent distribution to be close to a prior
distribution (e.g., a standard normal distribution)
[12]. This structure allows for generating new data
by sampling z from the prior and passing it through
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the decoder. Controllability can potentially be
achieved by manipulating z in the latent space.

C. State-of-the-Art Genome Simulation Tools

Existing tools for generating artificial genomic data
often fall into several categories:

e Coalescent Simulators: (e.g., ms,
msprime [13]) Model population history
(demography, recombination) backward in
time. Highly realistic for population
genetics studies but can be computationally
intensive for large, complex scenarios.

e Forward-time Simulators: (e.g., SLiM
[14]) Simulate evolution forwards in time,
allowing complex selection scenarios.
Powerful but very computationally
demanding for whole genomes or large
populations.

e Rule-based/Statistical Simulators: (e.g.,
ART [9], DWGSIM [10]) Generate
sequencing reads or variants based on
statistical profiles or predefined rules.
Faster, but may struggle to capture
complex LD structures accurately.

e Early Deep Learning Approaches: Some
studies have explored GANs or simpler
autoencoders for specific genomic tasks
like genotype imputation or generating
short segments, but scalable whole-genome
synthesis remains a challenge [4], [7].

These methods often operate sequentially or have
limited parallelism, hindering large-scale cohort
generation. GenSynthVAE aims to overcome these
limitations wusing a distributed deep learning
approach.

training of the VAE on large genomic reference
panels.

1. GENSYNTHVAE: FRAMEWORK
AND METHODOLOGY

This section details the GenSynthVAE framework,
including data representation, the VAE architecture,
the distributed training process, and the mechanism
for controlled synthetic data generation.

A. Data Representation and Preprocessing

Representing gigabase-scale genomes for deep
learning is challenging. We adopt a variant-centric
approach suitable for population-scale data (e.g.,
from the 1000 Genomes Project [17]).

1. Input Data: Phased genotypes
(haplotypes) from a reference panel (e.g.,
VCF file).

2. Feature Selection: Focus on common
variants (e.g., MAF > 1%) initially,
potentially expanding to rarer variants.

3. Encoding: Genomes are partitioned into
non-overlapping windows (e.g., 100-1000
SNPs). Within each window, the haplotype
sequence (Os and 1s) is treated as input.
Techniques like embedding layers or
convolutional layers can be used in the
encoder to capture local patterns within
these windows. For whole-chromosome or
genome modeling, hierarchical approaches
or recurrent architectures might be
integrated.

B. GenSynthVAE Architecture

L . Th f GenSynthVAE

D. Distributed Deep Learning Framework < SRR >
. . Encoder Encoder

The GenSynthVAE framework is built upon Latent ) VAE > VAE > VAE

principles of distributed deep learning, specifically here

data parallelism [15]. In this paradigm, the model is

replicated across multiple workers (e.g., GPUs on B Decoder Lalent Space B,__ _, Decoder

different compute nodes). Each worker processes a
different mini-batch of the training data, computes
local gradients, and these gradients are aggregated
(e.g., averaged) across all workers to update the
model parameters consistently. Communication
frameworks like Horovod [16] or native
PyTorch/TensorFlow distributed modules facilitate
this gradient synchronization efficiently using
primitives like AllReduce. This allows training large
models on massive datasets significantly faster than
possible on a single machine. Our implementation
leverages such a framework to enable scalable
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Figure 1: GenSynthVAE Core

e Encoder: Employs convolutional layers
(1D CNNs) to capture local dependencies
within genomic windows, followed by
fully connected layers to map the extracted
features to the parameters (u, log ¢2) of the
latent Gaussian distribution.

Convolutional Feature Extraction:
h_cnn = CNN(X; ¢ _cnn)

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)
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Flattening:
h_flat = Flatten(h_cnn)

Intermediate Fully Connected Layers (Optional
but common):
h_fc=FC_hidden(h_flat; ¢ _fc hidden)

Output Parameter Calculation:

p=FC_p(h_fc; o_p)
log 62=FC logo?(h_fc; ¢ logo?)

e Latent Space (z): A lower-dimensional
vector space (e.g., dimension 100-1000).
The dimensionality is a hyperparameter
balancing compression and information
retention. We optionally structure the latent
space to associate specific dimensions with
known biological factors (e.g., ancestry
components via conditioning or adversarial

Vol. 14, I ssue 05, | IRA 5.0 (2026)

4. Gradient Aggregation: Gradients from all
workers are efficiently aggregated using an
AllReduce operation (e.g., via NCCL for
GPU communication).

5. Parameter Update: All model replicas are
updated synchronously with the aggregated
gradients using an optimizer (e.g., Adam).

6. Iteration: Steps 3-5 are repeated for a
specified number of epochs or until
convergence.

This data-parallel approach allows us to leverage the
aggregate computational power and memory of
multiple nodes, drastically reducing training time.

D. Controllable Synthetic Genome Generation

Once trained, GenSynthVAE can generate synthetic

training) for enhanced controllability. haplotypes: _
e Decoder: Symmetrically mirrors the 1. Sampling: Sample a latent vector z from
encoder, using transposed convolutions or the learned (or prior)

fully connected layers followed by
convolutions to reconstruct the genomic
window sequence from a sampled latent
vector z. The final layer typically uses a
sigmoid activation to output probabilities
for each allele (0 or 1).

C. Distributed Training

Dataset

~—>|

y
GenSynthVAE

Gradient Gradient Gradient

@ < @

Data Parallel Training
with Gradient Aggregation

GenSynthVAE GenSynthVAE

Figure 2: Data Parallel Training of GenSynthVAE

1. Data Partitioning: The reference panel
(haplotypes) is distributed across N worker
nodes.

2. Model Replication: The VAE model is
replicated on each worker (typically one
worker per GPU).

3. Forward/Backward Pass: Each worker
processes its local mini-batch of genomic
windows through the VAE, computing the
ELBO loss and local gradients.

IJERTCONV 141 S050053

distribution p(z) (typically N(O,1)).

2. Decoding: Pass the sampled z through the
trained decoder network.

3. Output: The decoder outputs a synthetic
genomic window (or probabilities, which
can be thresholded or sampled).

4. Assembly: Concatenate generated
windows to form complete synthetic
chromosomes or genomes.

Controllability is achieved by manipulating the
sampling process in the latent space:

e Interpolation: Interpolating  between
latent vectors zi and z» corresponding to
individuals with different characteristics
can generate intermediate  synthetic
genomes.

e Conditional Generation: If the VAE is
conditioned on metadata (e.g., population
labels) during training, this information can
be provided at generation time to
synthesize individuals belonging to a
specific group.

e Latent Space Traversal: If specific latent
dimensions correlate with biological
features (e.g., principal components of
genetic variation), modifying values along
these dimensions can guide the generation
towards desired characteristics.

IV. EVALUATION

This section describes the experimental setup,
datasets, evaluation metrics, and performance
results of GenSynthVVAE compared to baselines.

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)
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A. Experimental Setup and Architecture

Hardware: Experiments were conducted
on a HPC cluster (e.g, NERSC
Perlmutter), utilizing nodes equipped with
multiple NVIDIA A100 GPUs and high-
speed interconnects (e.g., Slingshot). We
scaled experiments from 1 node (4 GPUs)
up to 64 nodes (256 GPUs).

Software: GenSynthVAE implemented in
Python wusing PyTorch [18] and its
distributed communication library.
Horovod [16] was used for managing
distributed  training runs.  Baseline
simulators (e.g., msprime [13], ART [9])
were run according to their documentation.
Datasets:

o Real Data: 1000 Genomes
Project Phase 3 data [17] (approx.
2500 individuals, using common
SNPs ~10M per chromosome).
Used for training and as a gold
standard for comparison.

o Reference Panels of Varying
Size: Subsets of 1kG used to test
scaling with training data size.

Baselines:

o MSprime: A coalescent
simulator, representing state-of-
the-art population genetic
simulation (run with parameters
estimated from 1kG).

o Simple VAE: A non-distributed
version of our VAE trained on a
single node.

o Rule-based simulator (e.g.,
ART): For comparison of
generation speed, though fidelity
is expected to differ.

B. Evaluation Metrics

Fidelity/Realism:

o Allele Frequency Spectrum
(AFS): Comparison of SNP
frequencies between real and
synthetic data (using metrics like
Root Mean Squared Error
(RMSE) or correlation).

IJERT CONV 141 S050053
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Allele Frecuency Spectrum: Real vs. Sy-thetic Data

Figure 3: Allele Frequency
Spectrum: Real vs. Synthetic Data

Linkage Disequilibrium
(LD): Comparison of LD decay
curves (r2 vs. distance) and LD
matrices  between real and
synthetic data (e.g., using
Frobenius norm difference or
element-wise correlation). PLINK
[19] used for LD calculation.

LD Deczy Curve: Real vs, Synthetic Genomes

v e
\

(18 '\h

3 B 000 w0 000 T
Serune Silome st sy

Figure 4: LD Decay Curve: Real
vs. Synthetic Genomes

K-mer Distributions: Similarity
of k-mer frequency distributions
(e.g., using Mash [20] distances or
Jensen-Shannon Divergence -
JSD).

K-mer Distribution Similarity to Real Genomes

GenSyThVAE msaim S mole VAE

Figure 5. K-mer Distribution
Similarity to Real Genomes

Principal Component Analysis
(PCA): Visualizing synthetic and
real individuals in PCA space
derived from real data to check
population structure preservation.
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PCA Projection: Real vs. Synthetic Genames

Figure 6: PCA Projection: Real
vs. Synthetic Genomes

o Downstream Task
Utility: (Optional) Performance
of a standard GWAS analysis on
synthetic vs. real data for
detecting known associations.

Dovirstream Task Utility: GWAS Performance

o
r I

eal Dok

e

GVUAS RO

05t
I m
GersplbeE meatine

Figure 7:
Utility: GWAS Performance

Sndebh:

Downstream  Task

Performance:

o Training Time: Wall-clock time
to train the VAE model to
convergence Vvs. number of
nodes/GPUs.

o Generation
Throughput: Number of whole
genomes (or mega-base pairs)
generated per second vs. number
of nodes/cores.

o Scalability: Weak scaling
(constant work per processor) and
strong scaling (fixed total work)
for both training and generation.

Controllability: Qualitative and
quantitative assessment of generating
individuals with specific target
characteristics (e.g., matching ancestry
PCA projections).

C. Performance Analysis

IJERTCONV 141 S050053
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Strong Scaling of Training Time

0 20 40 60 80 100 120
Number of Nodes

Figure 8: Strong Scaling of Training Time

Weak Scaling: Time per Epoch vs. Nodes

0 20 20 0 80 100 120
Number of Nodes

Figure 9: Weak Scaling: Time per Epoch vs. Nodes

Throughput (items/unit time)

1200

1000

800

600

400

200

Generation Throughput Scaling

0 20 40 60 80 100 120
Number of Nodes

Figure 10: Generation Throughput Scaling

Scalability: Figure 8 shows the strong
scaling of GenSynthVAE training time. We
observe near-linear speedup up to 32 nodes
(128 GPUs), after which communication
overhead becomes more significant. Weak
scaling (Figure 9) demonstrates the ability

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)
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to train on proportionally larger datasets GPU Utilization by Model Component
with  increasing nodes, maintaining 100

relatively stable training time per epoch. 85%
Generation throughput (Figure 10) scales 8 7%

almost linearly, as generation is largely
parallelizable.

o Fidelity: GenSynthVAE  consistently
achieved higher fidelity than the simple
VAE and approached the realism of
msprime for key metrics. For example, on
the 1kG dataset, GenSynthVVAE achieved
an AFS correlation >0.99 and an average
LD RMSE <0.1 across varying distances, & 2 &
significantly better than the non-distributed o o J
baseline (correlation ~0.95, RMSE ~0.18). ¥ A
K-mer JSD between GenSynthVAE and
real data was <0.05, indicating high
sequence-level similarity. PCA plots Figure 11: GPU Utilization by Model Component
(Figure 5) showed synthetic individuals
clustering correctly with corresponding GPU Memory Usage vs. Batch Size
real populations. 50

e Comparison to Baselines: Compared to
msprime, GenSynthVAE generation was
significantly faster (e.g., >100x for large
cohorts on multiple nodes), although
msprime provides exact population genetic
models. Compared to the non-distributed
VAE, distributed training was ~3.8x faster
on average for large models, and the
resulting models often showed slightly
better fidelity due to exposure to more data 0 786
diversity per update step. 42g

e Controllability: By manipulating latent
vectors corresponding to different 1kG
super-populations (AFR, EUR, ASN), we

65%

45%

30%

GPU Utilization (26)

20

Model Components

40

30 2726

2
145

GPU Memory Usage (GB)

2 6 18 256 512
Batch Size
Figure 12: GPU Memory Usage vs. Batch Size

successfully generated synthetic
individuals whose PCA coordinates fell
within the target population clusters CUDA Kernel Execution Time by Operation
(results not shown).
Gradient Computation 350ms
V. DEEPER DIVE INTO
PERFORMANCE CHARACTERISTICS -
0 Normalization 120ms
g
§ Activation 80ms
<
[a)]
=
v Convolution 280ms
Matrix Multiplication 420ms

Execution Time (ms)

Figure 13: CUDA Kernel Execution Time by
Operation
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A. Metrics Monitored

GPU Utilization: Percentage of time SMs
(Streaming Multiprocessors) are active.
Memory Usage: GPU memory footprint
(model parameters, activations, data
batches).

Network Bandwidth: Data transfer rates
during gradient synchronization
(AllReduce).

Kernel Execution Times: Time spent in
specific computation kernels (convolution,
matrix multiplication, activation
functions).

Training Loss Convergence: Rate at
which the ELBO loss decreases during
training.

B. Performance Analysis

Training Dynamics: Analysis revealed
that GPU utilization remained high (>80%)
up to 32 nodes, indicating -efficient
parallelization.

Gradient Synchronization
Time

Memory Usage per GPU

60

Memory (GiB)
w
S

)
S

-+~ Baich size: 4
-=- Baich size: 8
-4 Batch size: 16

=}

8 16 32 128128 1 3 10
Number of GPUs Model Size (B)

Figure 14: Scaling Behaviour: Gradient
Sync and Memory

Beyond this scale,
utilization  coincided  with  gradient
synchronization waits, highlighting
network communication as the primary
bottleneck for strong scaling (Figure P(a)).
Memory usage per GPU was dominated by
model parameters and activations, scaling
predictably with model size and batch size
(Figure P(b)).

Bottleneck Analysis:

periods of lower
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Scaling of AllReduce Operations
in Step Time

AliReduce (%)
B D o]
o =) =]
F

N
(=3

8 16 32 32 64
Number of Nodes
Figure 15: AllReduce Time vs. Number of
Nodes

Profiling confirmed that AllReduce
operations  constituted an increasing
fraction of the total step time as node count
increased (Figure P(c)). Optimizing
communication patterns (e.g., gradient
compression, hierarchical aggregation)
could further improve scalability. Within
the GPU, convolutional layers and
associated matrix multiplications
dominated Kkernel execution time, as
expected for CNN-based VAEs.
Generation Performance: Generation is
compute-bound (primarily decoder
execution) and highly parallelizable. GPU
utilization  during  generation  was
consistently high (>95%) across all scales
tested, leading to near-linear throughput
scaling. Memory usage was lower than
training as activations don't need to be
stored for backpropagation.

Impact of Model Size: Larger VAE
models (more layers/parameters) achieved
slightly better fidelity but required
significantly more memory and compute,
impacting both training time and maximum
batch size per GPU. Finding the optimal
trade-off is crucial.

VI. OPTIMIZATIONS AND FUTURE

WORK

Based on our analysis, several avenues exist for
future work:

Improved Architectures: Explore
attention mechanisms (Transformers) or
graph neural networks to better capture
long-range LD patterns across entire
chromosomes. Investigate hierarchical
VAEs for multi-scale modeling.

Enhanced Controllability: Develop more
sophisticated methods for disentangling
latent space dimensions to allow finer

Page 8



Published by :
https://lwww.ijert.org/
An International Peer-Reviewed Jour nal

International Journal of Engineering Research & Technology (IJERT)
I SSN: 2278-0181
Vol. 14, I'ssue 05, I |RA 5.0 (2026)

control over specific genomic features
(e.g., specific gene expression QTLsS,
complex trait predisposition).

e Structural Variant Integration: Extend
the framework to model and generate
structural variants (insertions, deletions,
inversions), which are important but often
neglected by simulators.

o Differential Privacy: Integrate formal
differential privacy mechanisms (e.g.,
differentially private stochastic gradient
descent - DP-SGD) during training to
provide rigorous privacy guarantees for the
generated data [6].

e Scalability Enhancements: Implement
gradient compression techniques or
asynchronous/hierarchical update
strategies to mitigate the communication
bottleneck observed at very large scales.
Explore model parallelism for extremely
large VAE architectures.

¢ Multi-modal Data: Extend the framework
to incorporate and generate other data types
alongside genomics, such as epigenomic
marks or transcriptomic data.

VII. RELATED WORK

Synthetic data generation is an active area across
many fields. In genomics, GenSynthVAE builds
upon existing work but offers distinct advantages:

e Traditional Simulators: Coalescent
(msprime [13]) and forward-time (SLiM
[14]) simulators provide strong theoretical
grounding but often lack scalability for
generating massive cohorts needed for
benchmarking large-scale methods. Rule-
based simulators (ART [9], DWGSIM
[10]) are faster but may sacrifice fidelity,
particularly in replicating complex LD
patterns. GenSynthVVAE aims for a balance
of high fidelity and scalable generation
speed.

e  GANs for Genomics: Several studies have
explored GANs [4], [7], [21]. While
capable of producing realistic data, GAN
training can be unstable, and controlling
the output (mode collapse issues) can be
challenging. VAEs typically offer more
stable training and a more interpretable
latent space for control.

e VAEs for Genomics: VAEs have been
applied to specific genomic tasks like
dimensionality reduction or imputation
[22]. GenSynthVAE focuses specifically
on scalable de novo generation of whole
genomic segments/chromosomes with high

IJERTCONV 141 S050053

fidelity, leveraging distributed training for
unprecedented scale.

e  Privacy-Preserving
Techniques: Methods like PrivBayes [23]
or leveraging differential privacy with
simpler models exist, but often struggle
with the high dimensionality and complex
correlations of genomic data.
GenSynthVVAE provides a foundation upon
which formal privacy methods like DP-
SGD can be applied within a powerful
generative model.

GenSynthVVAE distinguishes itself through its focus
on scalable, distributed training of a VAE
specifically architected  for  high-fidelity,
controllable whole-genome synthesis, directly
addressing limitations of prior approaches.

Python Source Code:
import numpy as np
import pandas as pd
# Parameters for synthetic genomic data
NUM_SAMPLES = 1000
GENOME_LENGTH =10000
BASES =["A","T","C", "G"]
# Generate random genomic sequences
def generate_genome_sequence(length):

return "".join(np.random.choice(BASES, length))
# Generate dataset
synthetic_genomic_data = {
f*Sample_{i}":generate_genome_sequence(GENO
ME_LENGTH)

for i in range(NUM_SAMPLES)
}
# Convert to DataFrame for easy processing
genomic_df=pd.DataFrame(list(synthetic_genomic
_data.items()),columns=["Sample_ID","Genomic_
Sequence"])

# Save dataset
genomic_df.to_csv("'synthetic_genomic_data.csv",
index=False)

print(""Synthetic
successfully!™)

genomic  dataset  generated

Output:

Sample_ID,Genomic_Sequence
Sample_0,ATCGTTAGCTAGCTTACGGA ...

Sample_1,GCTTAGCGATCGATAGCTTT ...
Sample_2, TAGCTAGGCTAATCGGTCGA ...
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VIIl. CONCLUSION

We presented GenSynthVVAE, a scalable framework
based on distributed Variational Autoencoders for
generating realistic synthetic genomic data. By
leveraging data-parallel training on HPC resources,
GenSynthVAE overcomes the scalability limitations
of traditional simulators and single-node deep
learning models. Our evaluations demonstrate that it
can generate large synthetic cohorts’ orders of
magnitude faster than sequential methods while
achieving high fidelity in capturing key genomic
characteristics like allele frequencies and linkage
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