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Abstract—Designing effective architectures for Generative Ad-
versarial Networks (GANs) remains a challenging task due to
the strong interdependence between generator and discriminator
structures, the instability of adversarial training, and the sensitiv-
ity of performance to architectural choices. Existing evolutionary
Neural Architecture Search (NAS) approaches for GANs often
optimize a single component or evaluate candidate architectures
under a fixed generator–discriminator pairing, in spite of their
distinct roles in adversarial training, which can lead to biased
evaluations and poor generalizable designs. To address these
limitations, we propose here an evolutionary NAS framework
for GANs based on a Genetic Algorithm (GA). Each individual
represents a full adversarial model and is evaluated at the GAN
level using standard image quality metrics. Generator archi-
tectures are recombined using a standard crossover operator,
while discriminator architectures are optimized via a Decuple
Crossover Scheme (DCS), which is a recently introduced struc-
tured crossover scheme that generates multiple discriminator
candidates through hierarchical recombination. Each offspring
generator is paired with all discriminator candidates, and the
resulting GANs are jointly evaluated to select the best-performing
architectures for the next generation. This strategy enables
efficient exploration of generator designs alongside deep, memetic
refinement of discriminators, improving stability, robustness, and
generative performance. Experimental results on standard image
generation benchmarks show that our proposed framework
consistently outperforms baseline GANs and existing evolutionary
approaches.

Index Terms—Generative Adversarial Networks (GANs), Neu-
ral Architecture Search (NAS), Evolutionary Computation (EC),
Decuple Crossover Scheme (DCS), Deep evolution, Discriminator

I. INTRODUCTION

GANs [1] have achieved remarkable success in image
synthesis and representation learning [2], but their training
remains remarkably unstable. A GAN relies on the inter-
action between a generator G, which synthesizes data, and
a discriminator D, which evaluates realism. The quality of
this adversarial process depends on maintaining a suitable
balance between the two models. While much prior work
has focused on G improvements, loss reformulations, and
regularization strategies [3]–[6], the design of D architectures
remains comparatively underexplored, despite its direct impact
on the learning signal received by G. In practice, discrimina-
tors are often inherited from standard convolutional designs
with limited adaptation, even though both insufficient and
overly strong discriminators can harm convergence.

From an optimization perspective, GAN training implicitly
assumes that D can track G closely enough to provide infor-
mative gradients, an assumption that rarely holds under non-
stationary adversarial dynamics. Consequently, architectural
design becomes a key factor in controlling training dynamics.
Evolutionary algorithms (EAs) [7], [8] provide a suitable
alternative to pure gradient-based optimization, as they explore
populations of candidate solutions and are less sensitive to
non-convexity and instability. However, most existing methods
either evolve G and D symmetrically or rely on shallow evo-
lutionary operators, without fully exploiting the hierarchical
structure of discriminative models nor reflecting the distinct
functional roles of the two components.

In this work, we propose a population-based evolutionary
framework for NAS in GANs that explicitly accounts for
these role differences. Each individual represents a complete
adversarial architecture and is evaluated solely at the GAN
level using standard image quality metrics. G architectures are
evolved using canonical genetic operators to promote explo-
ration, while D architectures are optimized using a DCS [26],
which is a recently introduced deep evolutionary recombina-
tion scheme that performs multi-level recombination within a
single reproduction event, generating multiple candidate dis-
criminators and enabling structured architectural refinement.
For each G offspring, several D variants produced by DCS are
paired and evaluated. This one-to-many pairing allows the D
to adapt more effectively to evolving generative distributions,
reduces adversarial bias, and discourages over-specialization
to a single opponent. This results in targeted D refinement
while preserving exploratory evolution for generators.

The main contributions of this work are as follows:
• We propose to model the GAN architecture design as an

evolutionary NAS problem
• We introduce an evolutionary strategy that applies stan-

dard genetic recombination to G and a deep evolutionary
scheme to D, reflecting their distinct roles in adversarial
learning.

• We embed DCS into D architecture optimization, en-
abling hierarchical recombination and effective local re-
finement beyond conventional crossover operators. The
proposed GAN designed through DCS is termed Decuple
Crossover-based Evolution of GAN (DCE-GAN).

• We achieve improved stability and generation perfor-



mance over baseline GANs and existing evolutionary
methods on standard image generation benchmarks.

II. PREVIOUS RELATED WORK

A. Generative Adversarial Networks

GANs, first introduced by Goodfellow et al. [1], formulate
data generation as an adversarial game between a G and
a D. The G maps latent variables z ∼ pz(z) to synthetic
samples, while the D aims to distinguish generated data from
real samples drawn from pdata(x). Their joint optimization is
normally expressed as [1]:

min
G

max
D

V (G,D) =

Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))]. (1)

Despite its elegance, this formulation is difficult to optimize
in practice. GAN training is often affected by mode collapse,
vanishing gradients, and oscillatory behavior, largely because
the G depends on the D to provide stable and informative
learning signals. Consequently, both model capacity and archi-
tectural design have a strong impact on convergence and final
image quality. Prior work has addressed these issues through
improved objectives [4] and regularization methods [5], [9],
as well as through architectural advances such as DCGAN [3]
and StyleGAN [11]. However, these architectures remain pre-
dominantly handcrafted and generally emphasize G design,
whereas D design is more often reused than systematically
optimized.

B. Neural Architecture search for GANs

NAS aims to automate network design by exploring a pre-
defined search space using data-driven optimization strategies.
Applying NAS to GANs is challenging due to adversarial
coupling, unstable training, and the need to jointly evaluate G
and D performance. Early approaches such as AutoGAN [12]
and E2GAN [13] focused on G search while fixing D, whereas
others attempted joint optimization using reinforcement learn-
ing or gradient-based methods [14], [15]. Subsequent stud-
ies [16] showed that strong generator–discriminator coupling
often biases the search and hinders convergence, highlighting
the need for more robust NAS strategies that can better tolerate
adversarial instability.

C. Evolutionary NAS for GANs

EAs provide a natural framework for NAS in GANs, as
they can effectively handle discrete and heterogeneous de-
sign spaces, noisy fitness evaluations, and non-differentiable
objectives. Several evolutionary NAS-GAN frameworks have
been proposed. COEGAN [17] co-evolves generators and
discriminators, while EAGAN [18] formulates GAN design
as a multi-objective search problem. Nevertheless, these ap-
proaches either focus only on G optimization or evolve G and
D using identical evolutionary operators, without reflecting
their distinct roles in adversarial learning. As a consequence,
D architectures are often underexplored, despite their crucial
influence on training dynamics and stability.

TABLE I: Summary of representative evolutionary NAS ap-
proaches for GAN optimization. Our proposed approach is
listed in the last row.

Method Searched Optimization Change Deep
network scope operators Evolution

EvoGAN [27] G+D A+H M ✗
Bi-GAN [33] G A+P M ✗
NSGA-II DCGAN [32] G A C+M ✗
COEGAN [17] G+D A M ✗
EAGAN [18] G+D A C+M ✗
EAS-GAN [28] G A M ✗
EWSGAN [29] G A C+M ✗

DCE-GAN (Ours) G+D A+H C+M ✓

A: Architecture, H: Hyperparameters optimization, P: Parameters; C:
Crossover, M: Mutation.

EAs have also been applied directly to GAN training rather
than architecture search. Approaches such as EGAN [19]
and Evolution-GAN [20] focus on evolving G parame-
ters under multiple objectives or mutation strategies to en-
hance diversity. Other frameworks, including Lipizzaner [21],
Mustangs [22], and CDE-GAN [23], evolve populations of
generator–discriminator pairs to improve robustness and to
mitigate mode collapse. More recently, GAGAN [24] demon-
strated that evolving D parameters using GAs while training
a single G can improve stability and generative performance.

These findings highlight the critical role of discriminators
in adversarial learning and suggest that targeted evolutionary
refinement of discriminators can significantly enhance GAN
training dynamics. A comparative summary of representative
evolutionary NAS approaches for GANs is provided in Table I.

D. Deep evolution

Beyond conventional EAs, recent works have introduced the
notion of deep evolution [25], [26], in which evolutionary op-
erators are applied hierarchically or repeatedly within a single
evolutionary step to intensify the exploitation of promising
structures. Unlike standard crossover schemes that generate
only two offspring per mating event, deep evolution empha-
sizes multi-level recombination, intermediate offspring reuse,
and progressive refinement before selection. This paradigm is
motivated by the limitations of canonical crossover operators,
which often disrupt meaningful sub-structures and provide
limited exploitation capability when optimizing complex rep-
resentations. Early deep evolution strategies [25] therefore
redefined crossover as a multi-stage process in which in-
termediate offspring are repeatedly recombined before final
selection.

A concrete instantiation of deep evolution is the DCS [26],
which produces ten offspring from two parents through a
structured sequence of recombination steps involving both
parents and intermediate solutions, enabling more intensive
local exploitation while preserving diversity.

To date, deep evolution has not yet been explored in
machine learning or NAS. Existing evolutionary NAS-GAN
methods still rely on standard crossover applied once per
generation, without exploiting hierarchical recombination or



role-specific evolutionary depth. To the best of the authors’
knowledge, this paper introduces deep evolution to GAN
architecture design for the first time, by embedding DCS into
the D evolution process. This enables deep, multi-level D
refinement under fixed G conditions, while preserving adver-
sarial coupling at the GAN level, establishing deep evolution
as a promising paradigm for GAN architecture search.

III. PROPOSED APPROACH

A. Overview of the proposed DCE-GAN

We propose DCE-GAN, an evolutionary NAS framework
in which G and D architectures are jointly evolved within a
GA. Each individual represents a complete GAN architecture
and is evaluated exclusively at the adversarial level using
a standard image quality metric. Unlike evolutionary GAN
methods that focus on weight optimization or hybrid evolu-
tion (i.e., gradient schemes), the proposed method operates
purely on architectural level: network weights are randomly
initialized, trained only during evaluation, and are not inherited
across generations. Consequently, evolution is driven solely by
architectural design choices.

The distinction between conventional evolutionary GANs
and DCE-GAN is illustrated in Fig. 1. In standard settings,
both G and D are recombined using the baseline crossover
scheme, producing two offspring GANs per mating event. In
contrast, Fig. 1(b) depicts the proposed framework, where
G and D architectures are recombined using DCS within
the same GA. Specifically, G architectures are evolved using
a standard crossover scheme to promote diverse structural
exploration. D architectures are optimized using the DCS,
which generates ten D candidates through structured recom-
bination, enabling deeper exploitation of the D architecture
space while preserving adversarial coupling with the evolving
G and maintaining architectural diversity.

Each individual in the population encodes a complete GAN
architecture as a structured chromosome

C = [AG | AD],

where AG and AD are fixed-length architectural genomes
describing high-level design choices such as the number of
layers, channel widths, kernel sizes, normalization strategies,
activation functions, and sampling operations. The correspond-
ing search space is summarized in Table II. While inspired
by DCGAN-style designs, the search space allows substantial
structural variation. Although G and D architectures are
manipulated independently during the evolutionary process,
they are never evaluated in isolation. All selection decisions
are based solely on the performance of the instantiated GAN.

B. Evolutionary search procedure of DCE-GAN

The proposed DCE-GAN performs evolutionary NAS over
complete adversarial models. Each individual encodes both G
and D architectures and is evaluated solely through adversarial
performance.

a) GAN encoding: At generation t, the population is
defined as

Pt = {(At
Gi
,At

Di
)}Ni=1,

with each individual representing a GAN architecture.
The initial population is generated by randomly sampling

architectures from the predefined search spaces (Table II), and
weights are randomly initialized prior to evaluation. Despite
independent manipulation during variation, G and D are
always encoded, selected, and evaluated as a single adversarial
unit, preserving the intrinsic coupling of GAN training.

b) GAN evaluation: Evolution is driven exclusively by
GAN-level fitness. Each candidate architecture (AG,AD) is
instantiated, trained for a fixed and limited number of ad-
versarial updates, and evaluated using the the Fréchet In-
ception Distance (FID) [34] metric. Lower FID indicates
better performance. This evaluation protocol is identical for
all individuals and across all generations, ensuring a fair
comparison and isolating the effect of architectural design
from prolonged weight optimization. Parent selection is per-
formed using binary tournament selection at the GAN level,
meaning that generators and discriminators are always selected
jointly. This preserves adversarial coupling during evolution
while maintaining sufficient selection pressure and population
diversity. Evolution proceeds until a predefined Number of
Fitness Evaluations (NFE) is exhausted.

c) GAN deep variation: Given two parent GANs
(AG1

,AD1
) and (AG2

,AD2
), G architectures are first evolved

using standard genetic operators. Specifically, the uniform
crossover operator is applied to the encoded G design vari-
ables, producing two offspring G architectures. Each offspring
then undergoes architectural mutation with a fixed probability.
In contrast, D architectures are refined using the DCS, which
generates a set of ten D candidates through a structured,
multi-level recombination process involving both parents and
intermediate offspring. Unlike standard crossover, DCS explic-
itly intensifies exploitation of D search space by preserving
and recombining discriminative substructures across multiple
recombination stages.

Each offspring G is paired with all D candidates, forming
multiple GANs that are evaluated under identical conditions.
The two best-performing GAN architectures are selected to
populate the next generation, maintaining a constant popula-
tion size. The process continues until the evaluation budget
is reached, and the best-performing GAN is returned. By
combining standard evolutionary operators for generators with
deep evolutionary recombination for discriminators, DCE-
GAN allows for architectural exploration and gradual refine-
ment of D structures.

IV. EXPERIMENTAL STUDY

In the following subsections, we present the evaluation
metric adopted as well as the implementation details, fol-
lowed by a comparative analysis against twelve state-of-the-art
GAN approaches, including manually designed Reinforcement



(a) Baseline crossover (b) Deep Crossover Scheme

Fig. 1: Illustration of the difference between (a) a baseline evolutionary GAN, where both G and D are recombined using
standard crossover to produce two offspring GANs, and (b) the proposed DCE-GAN, where G undergo standard crossover
while D are optimized via DCS, yielding multiple candidates evaluated at the GAN level.

TABLE II: List of optimized decision variables related to G and D in a DCGAN-inspired evolutionary GAN framework.

Component Architectural Element Symbol Search Range Description

Generator

Latent dimension dz {64, 100, 128} Dimension of input noise vector z
Number of layers LG [4, 7] Total number of upsampling layers
Kernel size kG {3× 3, 4× 4, 5× 5} Kernel size for transposed convolutions
Channel width (initial) c0G {256, 512, 768} Channels at lowest resolution
Upsampling method — {TransConv, UpSample+Conv} Choice of upsampling operation
Normalization — {BatchNorm, InstanceNorm, None} Normalization strategy per layer
Activation function σG {ReLU, LeakyReLU, SELU} Nonlinearity for hidden layers
Output activation — {Tanh} Output image scaling to [−1, 1]

Discriminator

Input resolution — {32, 64, 96, 128} Input image size
Number of layers LD [3, 6] Total number of downsampling layers
Kernel size kD {3× 3, 4× 4, 5× 5} Kernel size for convolutions
Channel width (initial) c0D {64, 128, 256} Channels at highest resolution
Convolution type — {Conv, SepConv, GroupConv} Type of convolution operation
Normalization — {SpectralNorm, BatchNorm, None} Normalization or regularization method
Activation function σD {LeakyReLU, ELU} Nonlinearity for hidden layers
Output formulation — {Sigmoid, LeastSquares} Discriminator loss formulation

Learning-based (RL), gradient-based, and evolutionary frame-
works. Experiments were conducted on two standard bench-
marks: CIFAR-10 [30], which consists of 60,000 32×32 RGB
images across 10 classes and is widely used for low-resolution
generation, and STL-10 [31], which contains higher-resolution
images from 10 categories. In our setting, STL-10 images were
resized to 64×64, providing a more challenging scenario due
to increased visual complexity.

A. Evaluation metric

Generative performance is evaluated using FID [34], which
measures the discrepancy between real and generated image
distributions in the feature space of a pretrained Inception-
V3 network. Let (µr,Σr) and (µg,Σg) denote the mean and
covariance of real and generated features, respectively. The
FID score is defined as [34]:

FID = ∥µr − µg∥22 +Tr
(
Σr +Σg − 2(ΣrΣg)

1/2
)
. (2)

Lower FID values indicate better generative quality. All
experiments are repeated over 20 independent runs, and we
report the median FID to ensure robustness against stochastic
training effects. Following standard practice in the NAS-GAN

literature [12], [17], [18], [28], FID is computed using 50,000
generated images for each evaluated architecture.

B. Implementation and evolutionary settings

We adopted a DCGAN-inspired search space for both G and
D architectures (Table II), covering key design choices such as
depth, kernel sizes, channel widths, normalization, activation
functions, and sampling strategies. This design ensures both
architectural diversity and compatibility with standard GAN
training. Each candidate GAN was trained for a fixed number
of mini-batch updates using Adam with a learning rate of 2×
10−4 and momentum parameters (β1 = 0.5, β2 = 0.99). This
budgeted evaluation protocol was applied uniformly across all
individuals and compared methods, ensuring that performance
differences arise from architectural quality rather than from
extended training. No additional post-processing techniques,
truncation tricks, or architectural heuristics were employed.

The evolutionary configuration of the proposed DCE-GAN
is summarized in Table III. The search is terminated after
a fixed number of fitness evaluations (NFEs), providing a
computation-aware stopping criterion and enabling a fair com-
parison across all evolutionary methods. All experiments were



TABLE III: GA configuration for DCE-GAN.

Parameter Value

Population size 20
Selection Binary tournament
Crossover Uniform (prob. 1.0)
Mutation Uniform (prob. 0.05)
Stopping criterion 4,000 NFEs

implemented in PyTorch and executed on a single NVIDIA
GPU. For non-evolutionary baselines, we report the results
as published in the original works, following their respective
evaluation protocols.

C. Comparative results

Table IV reports the median FID scores across all methods.
DCE-GAN consistently outperforms both manually designed
and automated approaches.

On CIFAR-10, DCE-GAN achieves the lowest median FID,
indicating that the evolved architectures better approximate
the real data distribution. This confirms the effectiveness of
discriminator-centric deep evolution in improving adversarial
learning. On STL-10, which is more complex, due to higher
resolution and increased visual complexity, the performance
gap further widens. While all methods exhibit higher FID
scores compared to CIFAR-10, DCE-GAN maintains a clear
advantage over competing NAS-based and evolutionary GAN
approaches, demonstrating its ability to scale to more com-
plex data distributions where the discriminative capacity is
critical. Unlike existing approaches, where D architectures
receive limited focused exploitation, which can lead to weaker
or unstable adversarial feedback during training, DCE-GAN
explicitly allocates deeper refinement to discriminators via
DCS while maintaining exploratory evolution for generators.
This role-aware strategy leads to more stable and effective
adversarial interactions.

Finally, the results demonstrate that not only joint GAN evo-
lution but also the nature of architectural variation, particularly
for discriminators, is crucial for achieving high performance.
By combining standard G evolution with deep, structured D
recombination, DCE-GAN achieves superior image quality
compared to existing evolutionary NAS-GAN baselines.

D. Ablation study

1) Impact of deep discriminator recombination: To isolate
the contribution of deep D evolution, we compare DCE-GAN
with a baseline evolutionary GAN using identical settings,
search space, and evaluation protocol, differing only in the
D variation mechanism. In the baseline, both G and D are
evolved using standard crossover and mutation, producing two
offspring GANs per mating event (Fig. 1(a)). This symmetric
treatment assumes similar optimization needs for both compo-
nents, which is inconsistent with GAN dynamics: generators
benefit from exploration, whereas discriminators require rapid
and fine-grained adaptation.

As shown in Table IV, the baseline achieves FID scores
of 12.35 (CIFAR-10) and 25.78 (STL-10), significantly worse

TABLE IV: Median FID scores (lower is better).

Method Search method GPU Days CIFAR-10 STL-10

DCGANs [3] Manual — 37.7 —
WGAN-GP Manual — 29.3 —
Progressive GAN [10] Manual — 18.33 —

AGAN [14] RL 1200 30.5 52.7
AutoGAN [12] RL 2 12.42 31.01
E2GAN [13] RL 0.3 11.26 25.35

DEGAS [35] Gradient 1.2 12.01 28.76
AlphaGAN [16] Gradient 1 15.58 25.42
AdversarialNAS [15] Gradient 1 24.04 38.85

EGAN [19] EA 1.25 31.6 34.2
EAS-GAN [28] EA 1 33.2 38.84
EAGAN [18] EA 1 12.84 26.52

Baseline Evo GAN EA 1 12.35 25.78
DCE-GAN (Ours) EA 1 9.76 21.98

(a) CIFAR-10 (b) STL-10

Fig. 2: Evolution of D offspring positions producing the best
and second-best GANs. Curves denote the median across runs,
with shaded areas indicating the interquartile range (Q1–Q3).

than DCE-GAN (9.76 and 21.98). The improvement directly
stems from DCS, which enables deeper architectural refine-
ment by generating multiple D candidates. These results
demonstrate that standard genetic operators are insufficient
for D optimization and that deep recombination is critical for
robust adversarial learning.

2) Evolution of best GAN architectures within DCS: To
better understand the role of DCS, we analyze where the best-
performing GANs originate within the DCS hierarchy. At each
generation, we record the D offspring index (OD1–OD10)
associated with the best and second-best GANs, aggregated
over 20 runs on CIFAR-10 and STL-10.

Figure 2 shows that early generations exhibit high vari-
ability, with strong candidates emerging from intermediate
offspring positions, reflecting a highly exploratory behavior.
As the evolutionary process progresses, the best GANs in-
creasingly originate from deeper levels (OD6–OD10), while
variability decreases. This shift indicates that hierarchical
recombination progressively refines D architectures, and that
deeper DCS levels play a dominant role at later stages. These
observations provide empirical support for the effectiveness
of deep evolution, confirming that multi-level recombination
enables structured refinement that cannot be achieved with
shallow operators.

V. CONCLUSIONS AND FUTURE WORK

This paper presented DCE-GAN, an evolutionary NAS
framework for GANs in which complete adversarial models



are evolved and evaluated jointly at the GAN level. The
proposed approach explicitly differentiates the evolutionary
treatment of G and the D. G is optimized using standard
genetic recombination to promote exploration, whereas D
is refined via DCS, enabling deeper and more competitive
architectural exploitation. By evaluating candidate solutions
at the GAN level using FID, DCE-GAN preserves adversarial
coupling throughout evolution and avoids biases arising from
isolated component evaluation. Ablation studies further con-
firm that the performance gains are primarily driven by deep D
recombination. Experimental results on CIFAR-10 and STL-10
show consistent improvements in median FID and a reduced
performance variance compared to representative baselines,
indicating enhanced stability and robustness, highlighting the
importance of targeted D refinement within evolutionary GAN
architecture search.

Future work will explore several promising directions. First,
DCE-GAN can be extended to conditional settings, where D
specialization may play an even more critical role. Second,
incorporating multi-objective optimization criteria [36] would
enable more flexible trade-off analysis. Finally, adapting DCE-
GAN to higher-resolution datasets and more expressive GAN
families may further validate its scalability and generality.
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