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Generative Adversarial Networks (GANs) have demonstrated remarkable success in high-quality image
synthesis, with StyleGAN and its successor, StyleGAN2, achieving state-of-the-art performance in terms of
realism and control over generated features. However, the large number of parameters and high floating-point
operations per second (FLOPs) hinder real-time applications and scalability, posing challenges for deploying
these models in resource-constrained environments such as edge devices and mobile platforms. To address this
issue, we propose Evolutionary Channel Pruning for StyleGANs (ECP-StyleGANSs), a novel algorithm that
leverages evolutionary algorithms to compress StyleGAN and StyleGAN2 while maintaining competitive
image quality. Our approach encodes pruning configurations as binary masks on the model’s convolutional
channels and iteratively refines them through selection, crossover, and mutation. By integrating carefully
designed fitness functions that balance model complexity and generation quality, ECP-StyleGANs identifies
optimally pruned architectures that reduce computational demands without compromising visual fidelity,
achieving approximately a 4 x reduction in FLOPs and parameters, while maintaining visual fidelity with
only a slight increase in FID (Fréchet Inception Distance) compared to the original un-pruned model. This
study should be interpreted as a preliminary step towards the formulation and management of the generative
AT pruning problem as a multi-objective optimisation task, aimed at enhancing the trade-off between model
efficiency and image quality, thereby making large deep models more accessible for real-world applications
such as edge devices and resource-constrained environments. Source codes will be available.
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1. Introduction

Generative Adversarial Networks (GANs)' have
significantly advanced the broader field of generative
modeling, making it possible to produce realistic
data across diverse domains such as the medical
field,” industrial applications,”® and beyond. Among
these, GANs have been particularly impactful in
image synthesis, where they generate high-fidelity
images through an adversarial training process.®"
However, traditional GANs often face challenges
such as mode collapse, limited control over generated
features, and unstable training dynamics.® To
address these limitations, StyleGAN®'" introduced a
novel architecture that separates the latent space
from the generated image space, allowing for more
precise control over image attributes through style
modulation at multiple layers. This innovation not
only improves image quality and diversity but also
facilitates fine-grained manipulation of visual fea-
tures, making StyleGAN particularly well-suited for
applications requiring high-resolution, photorealistic
image synthesis.'''? Despite these advantages, Sty-
leGANs ability to produce highly realistic images
comes with a high computational cost, which restricts
its deployment in resource-constrained environments
such as edge devices and mobile platforms, where both
computational power and memory are limited.
Various network compression techniques have
been explored to reduce the computational demands
of StyleGAN architectures. Among these, pruning
has proven to be an effective approach for eliminat-
ing redundant parameters.'®!? Two common prun-
ing strategies, weight pruning and channel pruning,
are often applied to the convolutional layers of
StyleGANs, which are the most computationally
intensive components.'” Weight pruning removes
individual weights (connections) within a layer based
on some importance criterion, resulting in a sparse
weight matrix. Channel in contrast,
removes entire feature channels (and their associated
kernels) from a layer, yielding a smaller dense net-
work. While StyleGAN? introduced a groundbreak-
ing architecture that enabled high-quality image
synthesis with fine control over generated features,
StyleGAN2'Y refined this approach by addressing
some of the limitations of its predecessor. StyleGAN2
improved perceptual quality by removing artefacts,
the

pruning,

enhancing generators normalisation, and
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introducing path length regularisation, which stabi-
lised training and increased image fidelity. Although
early pruning methods primarily focused on condi-
tional GANs (e.g. pix2pix'° and CycleGAN'),
recent research has extended these techniques
to unconditional GANs, such as StyleGAN and
StyleGAN2.

Jiwoo Chung et al.'® introduced a channel prun-
ing method that leverages the varying sensitivities
of channels to latent vectors, enhancing sample di-
versity in the compressed model. Yuchen Liu et al.'’
proposed a specialized combination of channel
pruning and knowledge distillation for unconditional
GAN:Ss, focusing on preserving critical content areas
such as human faces. These methods target specific
objectives, such as maintaining diversity or retaining
quality in specific regions, but may fail to capture
globally significant yet less salient features. This
limitation can lead to suboptimal performance in
tasks that require high overall image quality and
balanced feature representation.

Evolutionary algorithms (EAs) provide an effec-
tive solution to these challenges by simulating
pruning processes to find optimal pruning config-
urations.”®?! Unlike traditional approaches that rely
on fixed heuristics,
dynamically explore the solution space through
iterative refinement, leveraging evolutionary opera-
tors, i.e. selection, crossover and mutation operators,

evolutionary methods can

to evaluate and evolve multiple pruning strategies
simultaneously.? This population-based mechanism
in EAs has demonstrated effectiveness in various
optimisation tasks, ranging from image classifica-

24-26

tion?*?* to engineering design, especially for

automatically discovering good neural archi-
tectures.’”?® However, leveraging EAs for pruning
StyleGANs remains an underexplored domain.

To bridge this gap, we propose Evolutionary
Channel Pruning for StyleGANs (ECP-Style-
GANs), an EA framework that achieves channel-
wise pruning for StyleGANs by trade-offing between
model efficiency and image fidelity. The proposed
method iteratively prunes model channels through
evolutionary operators — selection, crossover, and
mutation, guided by fitness criteria that jointly
evaluate parameter count reduction, image diversity,
and perceptual quality. Specifically, through cross-

over and mutation operators,”” ECP-StyleGANs



explores a diverse set of pruning configurations,
enabling it to avoid suboptimal solutions. The
selection criterion strategically guides pruning deci-
sions by balancing different critical aspects of model
performance. By continuously refining the model
through an evolutionary process based on perfor-
mance metrics, our method ensures a balance
between computational cost and high-quality image
generation. Extensive experiments demonstrate that
pruned models achieved by ECP-StyleGANs effec-
tively reduce the number of parameters and FLOPs
(Floating Point Operations), achieving a 3 x 4 X
reduction on StyleGAN and StyleGAN2, respec-
tively, while maintaining visually negligible image
quality loss compared to the full-size model.

The proposed evolutionary channel pruning
StyleGANs (ECP-StyleGANs) offers the following

contributions:

We apply evolutionary algorithms to compress
StyleGAN and StyleGAN2. By encoding binary
masks on model channels and iteratively refining
them through selection, crossover, and mutation,
our method effectively reduces the number of
parameters and FLOPs while maintaining high
image quality.

We design and implement selection criteria within
the evolutionary process to guide pruning deci-
sions. These criteria enable a thorough exploration
of trade-offs between model complexity, genera-
tion quality, and diversity, ultimately leading to
an optimally pruned model.

We provide a comprehensive evaluation framework
that uses Pareto front graphs® to systematically
analyze the trade-offs between model efficiency and
generated image quality. This framework facilitates

_,|Evolutionary
search phase

Pruned generators

Full-size generator

Fig. 1.

Evolutionary Channel Pruning for StyleGANs

a nuanced comparison between ECP-StyleGANs
and state-of-the-art (SOTA) methods.

The rest of the paper is organized as follows.
Section 2 details the proposed method, while Sec. 3
presents the experimental results. Finally, Sec. 4
concludes the paper with key findings and remarks.

2. Proposed Method

As illustrated in Fig. 1, the framework of ECP-Sty-
leGANSs consists of two main phases: the evolution-
ary search phase and the training phase. The process
begins with a full-size StyleGAN generator serving as
the base model for pruning. During the evolutionary
search phase, an evolutionary algorithm is adopted
to iteratively explore different candidate pruning
solutions, generating K distinct pruned models,
each representing a unique channel reduction
strategy. Given the proposed selection criterion
that considers different objectives, all candidate
pruned models are evaluated and the best-per-
forming pruned generator is identified. Following
this, the training phase allows the optimal pruned
generator to be trained with noise inputs to gener-
ate images, which are subsequently evaluated by a
discriminator that differentiates between real and
generated images.

The evolutionary search phase is further detailed
in Fig. 2. It begins with a randomly initialized pop-
ulation, where each individual represents a candidate
pruned generator. Note that each individual is
encoded as a binary mask vector, where bits repre-
sent the activation state (retained/pruned) of
corresponding channels in the StyleGAN generator.
This binary encoding not only simplifies the pruning

Generated
image

generate

Best pruned
generator

HU"U*

Discriminator

Real image

The framework of ECP-StyleGANSs. During the evolutionary search phase, K pruned generators are obtained from the

full-size generator, and the best-performing generator is selected for StyleGAN training according to their fitness values F(K).
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Fig. 2. Evolutionary search phase for channel pruning for StyeleGANs. It begins with the random initialization of a popu-
lation. The population is then evaluated using fitness functions, among which elit individuals are selected. Following this,
crossover and mutation operators are used to generate new individuals for the next generation of population. This process
repeats until the maximum number of generations is reached.

process but also facilitates efficient manipulation of
model structures during evolutionary search.

Each individual then undergoes fitness evaluation
based on predefined criteria considering different
objectives. Elite individuals are then selected as par-
ents for the next generation. A two-point crossover
operator is applied to these selected parents, where
segments of their binary encoding are exchanged to
generate offspring with mixed traits. Additionally, a
mutation operator is used to stochastically flip bits in
the offsprings binary encoding. This controlled ran-
domness prevents premature convergence to local
optima and enhances population diversity. This cycle
of selection, crossover, mutation, and evaluation
repeats until the maximum number of generations is
reached, gradually refining the population towards an
optimal pruned generator.

2.1. FEncoding and initialisation

Effective evolutionary search for StyleGAN pruning
requires a compact and interpretable encoding of
potential solutions. Given a StyleGAN network, we
encode the convolution layers in the generator using
binary masks, where each bit corresponds to a
channel within a layer. A value of 1 in the mask
retains the channel, while 0 deactivates it by setting
its weights to zero. This encoding method is illus-
trated in the right panel of Fig. 2, where the grey
blocks with 0 represent deactivated channels, and
the white blocks with 1 indicate active ones. We
randomly initialize a population of K candidate
individuals, each representing a pruning solution
with a unique configuration of binary masks.
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2.2. Fitness evaluation

The design of the fitness function plays a critical role
in evaluating the quality of each individual in the
population, as it directly influences the selection
process and guides evolutionary optimisation.*! The
proposed fitness function is designed to balance two
competing objectives: preserving visual quality and
reducing computational complexity. The fitness
function F, defined in Eq. (1), consists of two key
factors: the Fréchet Inception Distance (FID) Fyq,*
which measures the quality and diversity of the gen-
erated images, and the number of activated channels
F,, which measures the compression ratio. These
metrics are combined to assess the trade-off between
image generation quality and model efficiency, en-
suring that the evolutionary process converges to
pruning solutions that achieve an optimal balance.
Notably, unlike multi-objective optimization,**** the
fitness function is a single composite metric guiding
the evolutionary pruning process. Hence, we define the
fitness F'(k) for the kth individual as
F(k) = Fya(k) + Fu(K), (1)
where Fjq(k) is used to measure the distance between
the images generated by the kth compressed generator
and real images, the lower the better.
Specifically, the FID is calculated by

FID = ||, — py 15
+Tr<Z+Z—2<ZZ> ) (2)

where fi,, pt,, >, and ), are the means and the
covariance matrices of the real (subscripted as 7) and



generated data (subscripted as g) distributions, re-
spectively, and Tr() represents the trace operation.
The definition of Fj, is

1

Fiq(k) = 1o 7O (3)

where the value range of Fyq is [0,1].
To measure the compression ratio of the genera-
tor, Fy, is defined as

 sum(mask(k))

Fank) = 3 tmask (k)

(4)
where sum(mask(k)) cumulates the number of 1 in
the A-th binary mask, and len(mask(k)) is the
length of the A-th mask. The value range of F}, is also
[0,1]. The lower the F,, the smaller the number of
parameters in the compressed generator.

2.3. Selection, crossover and mutation

After evaluating the initial population, the evolution-
ary algorithm proceeds with standard genetic opera-
tions. Roulette selection®® is employed to choose
individuals for reproduction via crossover and muta-
tion operators, allowing those with better fitness values
to be selected with higher probabilities. This approach
ensures that better-performing solutions are favored
while preserving genetic diversity. Since our opti-
misation objectives are to minimize Fjq and F,,, the
selection probability of each individual is defined as

(F'(k)

i F(k)
where PF is the k-th individual in the population and K
is the population size.

The selected individuals then undergo a two-point
crossover, as shown on the right side of Fig. 2, in
which two parent individuals exchange segments of
their binary masks at two randomly chosen points.
This operation creates offspring that inherit char-
acteristics from both parents, promoting genetic
diversity while preserving beneficial traits. To fur-
ther enhance the exploration ability of the offspring
population, we apply flip mutation, as illustrated on
the right side of Fig. 2. Flip mutation randomly
selects bits within an individual’s binary mask, flip-
ping their values (i.e. Os become 1s and vice versa) to
explore the search space further and prevent

k

()

premature convergence.
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Algorithm 1. Evolutionary Channel Pruning for
StyleGANs (ECP-StyleGANSs)

1:

Input: Maximum number of iterations 7', pop-

ulation size K;

: Initialise a population with K individuals;

: Select the local-best individual P(©);

fort=1to T do

: Calculate the fitness of each individual based on
Eq. (1);

: Obtain selection probabilities based on Eq. (5);

: Preserve the local-best individual P(t=1);

for k=2 to K do

: Generate a random value 7 ~ [0, 1];

G W

© 0 NS

: Perform selection, crossover, and mutation to
generate offspring based on probability r;

end for

Replace the population with the offspring popu-
lation for the subsequent generation;

13: end for

Output: The optimal pruned generator P,

11:
12:

Additionally, we incorporate elitism®® to ensure
that the best individuals are preserved across
generations. The top-performing individual from
each generation is carried over to the next without
modification, preventing the loss of high-quality
solutions due to stochastic genetic operations.

This evolutionary process is repeated for T
generations, ultimately yielding the best-performing
individual, which is selected for further training.
Algorithm 1 outlines the detailed steps for searching
for the optimal pruned generator.

3. Experimental Results

The experiments on both StyleGAN and StyleGAN2
are conducted in two stages: the evolutionary search
stage and the training stage. In the evolutionary
search stage, we do not train the models from
scratch. Instead, we use pre-trained StyleGAN and
StyleGAN2 architectures, initially trained on the
FFHQ’ dataset. The evolutionary search process is
then applied to obtain various pruned generator
configurations based on these pre-trained models.
Each pruned individual in the population is trained
for 500 iterations, and the optimal pruned generator
is selected based on its balance between model
compression and image generation quality. In the
training stage, the selected model is fine-tuned
according to the original training scheme for addi-
tional iterations. All experiments are implemented
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using the PyTorch framework and executed on an
NVIDIA RTX 3090 GPU.

3.1. Ezperiments on StyleGAN

We employ two animal face datasets for StyleGAN
experiments: the Animal Face dataset,*” comprising
21 classes and 2,420 images with a resolution of
256 x 256 pixels, and the Animal FacesHQ (AFHQ)
dataset,*® consisting of 3 classes and 15,000 images
with a resolution of 512 x 512 pixels.

During the evolutionary search phase, we config-
ure the following parameters: a maximum of T = 10
iterations and a population size of K = 15. It should
be noted that T'and K determine the total number of
candidate evaluations and can be adjusted according
to the computational budget and task complexity.
We adopt widely used settings from prior evolu-
tionary computation literature, setting the crossover
probability to 0.7 and the mutation probability to
0.1. After completing the evolutionary search phase
and obtaining the optimal pruned generator, we
proceed to fine-tune the StyleGAN model by training
it for an additional 50,000 iterations. Notably,
training was successfully conducted on both datasets
using the source models. Given the scarcity of re-
search on StyleGAN compression, we compare our
approach with two established pruning techniques:
L1 pruning (L1) and random pruning (Random). L1
pruning retains channels with higher cumulative
weight values, deactivating those with smaller
weights, while random pruning selects the pruning
ratio for each layer randomly. The StyleGAN im-
plementation is based on the repository at https://
github.com/sangwoomo/FreezeD.

3.1.1. Results on animal face dataset

To validate the effectiveness of the evolutionary
process, we test a randomly selected pruned gener-
ator, with a comparison to the optimal pruned gen-
erator presented in Fig. 3. Compared to a random
individual from the population, the optimal pruned
model can generate images with more details. For
example, there are no clear eyes on the eagle images
using the randomly selected individual, the faces of
panda and tiger are not completed, and the fur
texture on the dog, deer, and wolf is less clear. In
addition, cat and elephant images are entangled with
the backgrounds.

2550070-6

Tiger

Deer

Fig. 3. Comparison of generated images between the
optimal pruned generator (top) and a randomly selected
individual (bottom) on the Animal Face dataset.

To further demonstrate the effectiveness of our
proposed method, we compare our method with the
full-size model, L1 pruning, and random pruning.
The comparison of their generated images is shown
in Fig. 4. From the results, we can see the images
generated by our optimal pruned model maintain
visually negligible image quality loss compared to the
full-size model, with some slight blurring in the tex-
ture of the animal fur on bird and panda heads.
Images generated by L1 pruning and random prun-
ing are of lower quality, showing lower clarity and
head incompleteness, see the last two rows in Fig. 4.

To assess the quality and fidelity of the generated
images, we use the FID to measure the difference
between real and generated images, where lower
values indicate better quality. Additionally, we use
FLOPs to evaluate model efficiency, lower FLOPs
indicate more deactivated channels and a lighter
model. The comparative results with the full-size
model, L1 pruning and random pruning are pre-
sented in Table 1. From the table, it is clear that our
method reduces FLOPs by 3 x compared to the full-
size model, nearly half of the channels are deacti-
vated. For a fair comparison, we also compress the
L1 pruning and random pruning models to the same
FLOPs value of 13.2 M, their FID scores are higher
than our method. These results prove the effective-
ness of the proposed method on the Animal Face

Fig. 4. Comparison of generated images with the full-size
model, L1 pruning, and random pruning on the Animal
Face dataset (L1: L1 pruning, RC: random pruning).



Table 1. Comparisons of FID and FLOPs on An-
imal Face dataset.

Method FLOPs FID CH_num
* 409 M 58.84 2544
Ours 132 M 59.45 1231
L1% 13.2 M 62.23 1231
Random™’ 132 M 65.62 1231

Note: * the original full-size model. CH_num:
Number of active channels.

dataset, maintaining the quality of generated
samples while significantly improving the model
efficiency.

3.1.2. Results on animal FaceHQ (AFHQ) dataset

We further validate the effectiveness of our method
on the Animal FaceHQ dataset. The generated
images by using the optimal pruned generator and a
randomly selected individual are presented in Fig. 5.
From the bottom row, we can see that there are
obvious flaws on the heads of lions, tigers, and dogs.
The texture of cats is a bit blurred compared to that
of the optimal individual. It demonstrates the evo-
lutionary process can avoid sub-optimal individuals.

Similarly, we compare the optimal pruned model
with the full-size model, L1 pruning, and random
pruning techniques. The comparison of generated
images is illustrated in Fig. 6, and the comparison of
FLOPs, FID, and number of activated channels is
presented in Table 2. From the results, we can see
that there is a minor quality loss in cat lion images
between the full-size model and ours, while the fur of
the tiger head is less attractive. Images generated by
L1 pruning and random pruning are visually worse
on lions, tigers, dogs. Moreover, L1 generates cats
with less favorable texture, and random pruning
techniques generate cats with flaws on eyes. In gen-
eral, the quality of dogs and wild animals among

Fig. 5. Comparison of generated images between the
optimal pruned generator (top) and a randomly selected
individual (bottom) on the AFHQ dataset.
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L1

RC

Fig. 6. Comparison of generated images among the full-
size model, L1 pruning, and random pruning on the AFHQ
dataset (L1: L1 pruning, RC: random pruning).

Table 2. Comparisons of FID and FLOPs on
AFHQ dataset.

Method FLOPs FID CH_num
* 40.9 M 56.35 2544
Ours 13.91 M 56.69 1323
L1 13.91 M 58.52 1323
Random™ 13.91 M 59.49 1323

Note: * the original full-size model. CH_num:
Number of active channels.

these four methods is not as good as the cats, due to
the fact that there are less dog and wild images in the
AFHQ dataset.

3.2. Experiments on StyleGAN2

We use StyleGAN2 on Flickr-Faces-HQ Dataset
(FFHQ-256) dataset, which consists of 52,000 high-
quality PNG images at 256 x 256 resolution. Note
that the FFHQ-256 dataset we use does not contain
class labels, as it consists of human faces with vary-
ing ages and genders. In the evolutionary search
phase, we set the same parameters as that used in the
StyleGAN model. After obtaining the optimal
pruned generator, we continue to fine-tune the
StyleGAN2 model by training it for an additional
450,000 iterations. We compare our method with
state-of-the-art methods in many aspects, including
the generated images and two quantified metrics,
FLOPs,

ie. and the number of parameters.
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The StyleGAN2 implementation is built upon the
code from the repository at https://github.com/
rosinality /stylegan2-pytorch.

3.2.1. Results on FFHQ-256 Dataset

Figure 8 presents images generated using the
proposed ECP-StyleGANSs. It should be noted that
we only implemented our method on StyleGAN2.
From the first two rows, we can observe that the
generated images are of high quality, with almost no
noticeable flaws. some less favorable
results are shown in the third row, where issues such
as incomplete faces (e.g. the little girl) and artifacts
(e.g., the second-to-last man) persist. Additionally,
there is a large black hole on the right side of the fifth
mans face. The optimized pruned model successfully
generates an image with two faces but fails to
produce a natural and coherent face in the second

However,

14.87

FID

100000 150000 200000 250000 300000 350000 400000 450000
Iterations

Fig. 7. A training curve of the optimally pruned model on
StyleGAN2 over the course of iterations, with FID recor-
ded every 100K iterations. The curve shows a steady im-
provement in the models performance over time, with the
FID consistently decreasing as training progresses.

person (see the first and last images), likely caused
by aggressive pruning affecting deeper layers re-
sponsible for fine detail. The training curve for our
optimal pruned model is shown in Fig. 7.

3.2.2. Comparisons with SOTA

To compare the performance of the optimal pruned
model with other state-of-the-art approaches, we use
FLOPs, the number of parameters, and FID as
indicators. The results are shown in Table 3. The
results demonstrate that model efficiency (measured
in FLOPs and parameters) and image quality (FID)
are inherently conflicting metrics, where reducing
computational complexity often leads to a deterio-
ration in image quality. CAGAN-heter has the low-
est FLOPs and the number of parameters, but
its FID is higher. Conversely, DGL-GAN has the
lowest FID, but it increases the number of model
Comparably, method achieves
compromising results between FID and model effi-
ciency, with 4 x reduced on FLOPs and 3 x reduced
on the model parameters. These results demonstrate
that our method is a trade-off solution.

parameters. our

To further assess this trade-off, we visualize the
performance of each model in a two-objective space
considering different objectives, as shown in Fig. 9.
Since some studies do not report FLOPs in their
original papers, we separately visualize dominance
relations based on (i) FLOPs wvs. FID, and (i)
Params ws. FID. Specifically, we compute the
hypervolume (HV)** to quantify the volume of the
objective space dominated by the obtained pruning

Fig. 8.

Images generated by the optimally pruned model on the FFHQ-256 dataset. The top two rows showcase high-quality

samples with minimal visual artifacts. The bottom row presents less favorable results, with visible imperfections such as

incomplete faces or slight distortions.
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Table 3.

Comparisons of FID, FLOPs(B), and

the number of parameters(M) with the state-of-
the-art methods on the FFHQ-256 dataset.

Method FLOPs FID Params
* 45.1 4.5 30
CAGAN-heter"! 2.7 13.75 3.4
Fast-GAN* N/A 12.38 15.18
DGL-GAN" N/A 2.65 30.37
Ours 10.5 9.18 10.2

Note: * the original full-size model.

solution with respect to a nadir/reference point. The
higher the HV values the better the performance.
Note that the reference point is set to (Params = 31,
FID = 14, FLOPs = 46), which corresponds to the
maximum observed value for each objective reported
in Table 3, ensuring that the entire Pareto front is
captured in the HV calculation.

As shown in Fig. 9, our method always yields
higher the HV values compared with its peers, indi-
cating a better trade-off between different objectives.
Specifically, our method achieves the highest HV
(100.26) in the Params-FID objective space and
dominates Fast-GAN, demonstrating superior opti-
misation between model efficiency and image quality.
While the full-size model (HV = 9.50) and DGL-
GAN (HV = 7.15) achieve lower FIDs, they require
significantly more computational resources caused
by more parameters, making them impractical for
edge devices and resource-constrained scenarios.
Conversely, CAGAN-heter (HV = 6.90) with the
lowest number of parameters can reduce the

Pareto Front (Params VS. FID)

Evolutionary Channel Pruning for StyleGANs

computational cost but at the expense of image
quality, as indicated by its notably higher FID value.

Similarly, in the FLOPs-FID objective space, our
method achieves an HV of 171.11, surpassing
CAGAN:-heter (10.82) and the full-size model (8.55).
The full-size model delivers better image quality but
requires excessive computational resources, while
CAGAN-heter reduces computational demands but
significantly compromises generation quality. Our
approach offers a compromise, making it a compel-
ling choice for efficient and high-quality image
generation.

3.3. Discussion

In Secs. 2.1 and 3.1, we present the experimental
results on StyleGAN and StyleGAN2, respectively.
For StyleGAN, we transfer the pre-trained weights
from a human face dataset to animal face datasets.
Generally, direct transfer of a human-facepretrained
model to animal face datasets results in poor FID scores
due to the significant domain gap. In our experiments,
the transfer is successful, generating visually plausible
animal faces that highlight the strong feature repre-
sentation capability of StyleGAN, as shown in Figs. 4
and 6. We attribute the improved performance pri-
marily to an additional 50,000 post-search fine-tuning
iterations, which enable effective adaptation of the
model to animal-specific features. However, the FID
score of the generated animal face images remains
relatively high (ranging from 56 to 66, see Tables 1
and 2), in contrast to the much lower FID of 4.5
reported for human face images in the original paper.’

Pareto Front (FLOPS VS. FID)
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Fig. 9. Left: The Pareto Front showing the trade-off between the number of model parameters. Right: The Pareto Front
illustrating the trade-off between FLOPS and FID. The number inside each rectangle represents its HV value, with higher the

HYV values indicating better performance.
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Notably, few compression experiments have been
conducted on the StyleGAN model. Therefore, we
compare our method with L1 pruning and random
pruning, both widely used as benchmarks in model
compression studies.’® Compared to the original full-
size model, our method slightly increases the FID
score but achieves a 3 reduction in FLOPs. We
attribute this to the fact that the FFHQ-256 pre-
trained model contains many redundant parameters
for animal face datasets, which are considerably
smaller in scale. When compared to L1 and random
pruning, our method achieves the lowest FID scores,
as shown in Tables 1 and 2. We believe this is
because L1 pruning preserves only the weights with
larger magnitudes, potentially ignoring smaller
weights that may encode important fine-grained
features such as texture details. This is evident in the
generated images (Figs. 4 and 6), where L1 pruning
leads to less visually appealing fur. In contrast,
random pruning deactivates channels arbitrarily,
which risks removing critical features. As shown in
the same figures, random pruning results in missing
details such as animal eyes and ears.

For StyleGAN2, we compare our method with
traceable SOTA methods. As shown in Table 3,
while DGL-GAN achieves the best performance in
terms of FLOPs reduction and CAGAN-heter leads
in FID score, our method yields a superior trade-off
between the two objectives. This balanced perfor-
mance is further confirmed by the HV metric that
evaluates the trade-off performance in multi-objec-
tive optimisation, as illustrated in Fig. 9. This sug-
gests that while some methods may yield optimal
performance on a single objective, such as slightly
smaller model size or better model performance, they
generally sacrifice performance on the other objec-
tives. In contrast, our approach maintains competi-
tive image quality with significant model compression
with the help of the proposed fitness function.

Computational cost and analysis. The search
process requires 2.9 h on the AFHQ dataset, 2.1 h on
the Animal Face dataset, and 3.8 h on the FFHQ-256
dataset per generation, primarily due to the evalua-
tion of candidate pruned StyleGANs. Training the
optimal pruned StyleGAN takes 12.5h on AFHQ,
6.8h on Animal Face, and 9 GPU days on FFHQ-
256. The architecture search is conducted with 10
generations and a population size of 15, resulting in

150 candidate evaluations per experiment.
Our search space sizes correspond to the number of
whole channels: 2,544 (see Table 1) for StyleGAN
and 5,889 (see Table 4) for StyleGAN2. This con-
figuration explores roughly 6% of the StyleGAN
search space and 2.5% of the StyleGAN2 search
space. Given the per-generation costs (24 h depend-
ing on the dataset), the total search times are ap-
proximately 29 h, 21 h, and 38 h for AFHQ, Animal
Face, and FFHQ-256, respectively. Most of this cost
arises from partially training each of the 15 candi-
date pruned StyleGANs per generation to obtain
stable performance estimates. Given our limited
computational budget, this setup strikes a practical
balance between exploration and runtime. After the
search, the optimal pruned StyleGAN is trained from
scratch, requiring 12.5h on AFHQ, 6.8 h on Animal
Face, and 9 GPU days on FFHQ-256.

3.4. Ablation studies

Finally, the ablation studies of the proposed method
are presented. The aim is to validate the rationale
behind the designed fitness function (Eq. (1)) in the
evolutionary process. To this end, the models are
optimized using only the FID score (FID) and only
the number of activated channels (CH) separately,
as shown in Table 4. The results show that, for both
StyleGAN and StyleGAN2, using only the number of
active channels as the fitness function leads to
models with fewer active channels but higher FID
scores. Conversely, when the FID score is used as the

Table 4. Ablation Studies on StyleGAN and StyleGAN2.
FC: Fitness Function. FID: Uses only the FID value as
the fitness function. CH: Uses only the number of active
channels as the fitness function. CH_num: Number of
active channels.

StyleGAN StyleGAN2

Animal Face AHFQ FFHQ

FC CHmnum FID CHnum FID CHonum FID

* 2544  58.84 2544  56.35 5889 4.5

Ours 1231  59.45 1323 56.69 2952 9.18
FID 1278 59.40 1236 56.65 3002 9.02
CH 1185 60.85 1198 57.86 2854 10.41

Note: * the original full-size model.
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sole fitness function, the models tend to have a
greater number of active channels, resulting in a
smaller reduction. These findings indicate that
balancing the number of active channels and the FID
score provides a favourable trade-off.

4. Conclusion

This study introduces a novel approach to reducing
the computational cost of StyleGAN and StyleGAN2
through evolutionary search, while preserving the
high quality of the generative models. The method
achieves this by identifying efficiently pruned models
that strike an optimal balance between computa-
tional efficiency and image generation quality. Its
effectiveness is validated using two animal face
datasets (Animal Face and Animal FacesHQ) for
StyleGAN and the FFHQ dataset for StyleGAN2,
demonstrating a significant reduction in FLOPs and
the number of parameters while maintaining com-
petitive image generation performance. Experimen-
tal results indicate that the proposed method
achieves robust performance across various scenari-
os, encompassing different base models and datasets.

While these results are promising, this study
should be regarded as a preliminary step towards
addressing generative model pruning and enhancing
suitability for portable devices by formulating the
task as a multi-objective optimisation problem and
addressing it through methods that provide a reliable
approximation of a Pareto set. In the experiments
with StyleGAN2, artifact frequency across models
was not formally quantified, with assessment relying
instead on FID scores and qualitative inspection.
Incorporating quantitative artifact metrics could
provide additional valuable insights. Future work
may explore human evaluations or structural simi-
larity measures to better capture artifact prevalence
and perceptual quality.

Future work will focus on extending the proposed
method to address additional challenges in generative
model pruning,*® particularly by exploring advanced
multi-objective optimisation” techniques to further
balance computational efficiency and generation
quality. Moreover, we aim to investigate the applica-
bility of our approach to a wider range of generative
models beyond StyleGAN and StyleGAN2, adapting
the pruning strategy to architectures with different

Evolutionary Channel Pruning for StyleGANs

structures and objectives. Another important direc-
tion is to enhance the adaptability of pruned models
for deployment on resource-constrained devices, such
as mobile platforms and edge devices, ensuring effi-
cient inference while maintaining high-quality image
generation.”® Finally, integrating knowledge distilla-

0 with evolutionary pruning could

tion techniques®”’
be explored to improve both model compression and

performance.
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