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ABSTRACT With the increasing adoption of electromagnetic sensing, wireless imaging, and intelligent
information acquisition technologies in digital fashion design and virtual manufacturing, high-quality
pattern generation has become an important component of efficient visual information processing. To
address the low efficiency of manual creativity and the difficulty of preserving cultural characteristics in
the digital design of Lolita-style clothing patterns, this paper proposes an intelligent pattern generation
framework based on an improved StyleGAN. A multi-scale style control architecture with a 12-layer
mapping network and a hierarchical attention mechanism is developed to achieve fine-grained control of
representative elements such as lace, ruffles, and decorative textures. Furthermore, a cultural feature
constraint module combining VGG-19 feature alignment and Gram matrix style loss is introduced
to preserve semantic consistency with Lolita aesthetic norms, while an improved adaptive instance
normalization mechanism enhances local feature representation through grouped channel control and
learnable normalization strength. A latent-space optimization strategy and seamless integration with
CLO 3D further support efficient digital design and virtual garment development. Experimental results
demonstrate that the proposed method achieves an average aesthetic score of 8.7, compresses the design
cycle by 92.7%, and significantly reduces manual intervention while maintaining stable robustness
under different noise conditions. The proposed framework provides an efficient and reliable solution for
intelligent fashion pattern generation and offers methodological support for electromagnetic-enabled visual
information acquisition, digital design systems, and multidisciplinary engineering applications involving
advanced image processing and virtual modeling.

INDEX TERMS StyleGAN, clothing pattern generation, cultural feature constraint, digital fashion design,

electromagnetic sensing

I. INTRODUCTION

S a unique fashion category that combines elements

of European classical clothing with characteristics of
Japanese subculture, Lolita-style clothing is designed with
delicate elements such as lace, ruffles, and bows as its core,
and encompasses cultural connotations from multiple sub-
styles, such as Gothic darkness and sweet fantasy [1]. With
the widespread adoption of digital design technology in
the clothing industry, the digital creation of Lolita patterns
has gradually become a key approach to improving design
efficiency. However, the current model of manual drawing
or simple material splicing is inefficient throughout the
workflow, from creative sketches to final rendering eval-
uation, and struggles to meet the iterative requirements
of the fast fashion industry [2]. Additionally, the design
process is highly dependent on the designer’s experience to
maintain cultural characteristics, which can lead to issues
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such as imbalanced lace density and sub-style confusion,
causing the generated pattern to deviate from Lolita aesthetic
norms [3]. Notably, there is a significant difference be-
tween clothing pattern generation and overall clothing style
generation. In terms of the continuity of two-dimensional
textures, alignment accuracy, and refined control of style
elements, existing models lack effective processing for such
specific needs [4,5]. Therefore, there is an urgent need to
systematically optimize and reconstruct the digital design
process of Lolita clothing patterns through intelligent meth-
ods, building an efficient closed-loop generation process
that accurately preserves cultural characteristics to resolve
the conflict between efficiency and cultural inheritance.
In recent years, image generation technology based on
Generative Adversarial Networks (GANs) has provided a
new paradigm for clothing pattern design [6,7]. In early
studies, the Deep Convolutional Generative Adversarial
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Network (DCGAN) achieved texture generation through a
deep convolutional structure. Fan [8] improved the structure
and loss function of the standard DCGAN and combined it
with real-time style transfer technology to generate clothing
image models with higher clarity, more diverse details, and
lower resource consumption. Liu [9], based on the improved
DCGAN model, transferred the style of ethnic patterns to
traditional clothing patterns in real time, improving detail
expression and generation efficiency. However, due to the
lack of hierarchical control over style features, it is dif-
ficult to handle the coordinated presentation of multiple
elements in Lolita patterns. Progressive Growing of GANs
introduces a progressive growth strategy to improve the
generation quality of high-resolution images, but its single
style vector input cannot achieve independent adjustment
of lace and ruffles [10]. Style-Based Generator Architecture
for Generative Adversarial Networks (StyleGAN) achieves
fine-grained control of image style by separating the latent
space and style control mechanism. For instance, Xiong [11]
extended the 2D generation based on StyleGAN-Human
to a usable 3D clothed human, which provided important
inspiration for the preservation and editing of clothing
appearance and texture under 3D/viewpoint transformation.
Masukawa [12] combined conditioned StyleGAN2 with
a style transfer model to generate high-fidelity clothing
images, making the design details clearer. However, the
original StyleGAN architecture was not optimized for the
cultural characteristics of clothing patterns, and the gen-
erated results often exhibited issues such as imbalanced
element proportions or blurred sub-style features. Existing
GAN-based clothing pattern generation research still has
two significant limitations: First, there is a lack of a cultural
feature constraint mechanism. Most methods focus solely on
visual similarity and ignore the implicit aesthetic rules of the
Lolita style, resulting in generated patterns that are “similar
in form but different in spirit” Second, the granularity
of element control is insufficient, as no dedicated control
module has been designed for the hierarchical structure
of Lolita patterns, making it difficult to meet designers’
customized needs for local elements. Furthermore, existing
datasets mostly focus on mass clothing categories and lack
sufficient data for Lolita sub-styles, which further limits
the algorithm’s ability to learn cultural characteristics. In
response to the above problems, this paper proposes an
intelligent generation method for Lolita clothing patterns
based on an improved StyleGAN. This method aims to opti-
mize the entire digital design process, from creative input to
pattern generation and evaluation feedback. It enhances the
representation and hierarchical control capabilities of key
visual elements by deepening the mapping network structure
and introducing a hierarchical attention mechanism. At the
same time, it builds a constraint module that integrates
cultural characteristics to ensure the style conformity of
the generated pattern. Additionally, this study explores the
integration scheme between the generation algorithm and
mainstream clothing design software, designing and imple-
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menting a docking interface with CLO 3D. This interface
simplifies the application process from pattern to clothing
model, reduces designers’ manual adjustment workload, and
ensures high-quality presentation of the generated pattern in
a three-dimensional virtual fitting environment.

Il. LOLITA FASHION PATTERN DIGITAL DESIGN
SYSTEM

The traditional Lolita fashion pattern design process typi-
cally relies on designers hand-drawing or combining pat-
terns from a library of materials. This process is time-
consuming, lacks quantitative standards, and can easily lead
to stylistic deviations. To overcome these bottlenecks, this
paper proposes and constructs a closed- loop digital design
system based on an improved StyleGAN. This system uses
the designer’s creative intent as input to generate high-
quality patterns that meet Lolita aesthetic standards. The re-
sults are then fed back for evaluation and iteration, forming a
closed loop of “input-generation—evaluation—optimization.”

STYLEGAN ARCHITECTURE MODIFICATION FOR
PATTERN GENERATION

To more effectively handle the complex structure and fine
textures of Lolita clothing patterns, this paper makes tar-
geted improvements to the original StyleGAN architecture.
The core of these improvements is to enhance the style
encoder’s ability to represent specific visual elements of
Lolita clothing (lace texture, dense lace, and complex prints)
and to optimize the generator’s precise control over these
elements [13,14]. First, the mapping network is deepened.
The original StyleGAN uses an 8-layer multi-layer percep-
tron (MLP) to map the initial noise vector z € R?'? to the
intermediate latent space W. Considering the hierarchical
characteristics of Lolita patterns, the mapping network is
expanded to a 12-layer MLP structure, denoted as frap :
z — w. Each layer uses the LeakyReLU activation function
to enhance nonlinear expression capabilities and better cap-
ture the complex mapping relationship from abstract noise
to specific style features [15]. Secondly, to achieve more
refined multi-scale control, the style input dimension of
the generator is adjusted from a single W € R®'2 to a
hierarchical style vector set {w,}5_;, where S represents
the number of resolution levels in the generator. The style
vectors w, € RM | where the dimensionality M of each level
is adjusted, are responsible for controlling the visual features
corresponding to that level. This design allows for the
independent injection of style information at different res-
olution levels: the low-resolution level controls the overall
layout and theme elements, while the high-resolution level
focuses on generating detailed textures [16]. Furthermore,
a hierarchical attention mechanism (HAM) is introduced
to enhance the style vector’s ability to perceive key areas
[17,18]. For the s level, its style vector ws interacts with
the feature map F, € RE*HsxWs of that level to generate
an attention weight A,:
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As = Softmax (MLP 44 (ws) - Flatten(Fy)) (1)

where MLP,;; is a small MLP used to project the style
vector into a space compatible with the flattened dimension
of the feature map. The attention weights A are then used
to weight the style vector to generate the final hierarchical
style representation:

Ws = w, © Ag 2

where © represents element-wise multiplication. This mech-
anism enables the generator to dynamically adjust the focus
of style control according to the characteristics of the
current level, thereby more accurately generating the key
visual elements of Lolita clothing. To explicitly support
the accurate generation of multiple sub-styles of Lolita
fashion, a Multi-Sub-Style Classifier was designed at the
input of the generator as an auxiliary control module. This
classifier uses a lightweight convolutional neural network
(CNN) architecture consisting of four convolutional layers
and two fully connected layers. It takes the generator’s
initial latent vector z as input. Its core function is to
predict the Lolita sub-style category (such as Gothic Lolita,
Sweet Lolita, etc.) to which the vector z belongs based
on its distribution characteristics. The predicted category
probability vector is then concatenated with the original
style vector via an embedding layer as additional condi-
tional information before being fed into the subsequent
mapping network and generator. The innovation of this
paper’s improvement to StyleGAN lies in combining general
generation technology with a HAM designed specifically
for Lolita clothing patterns, forming a highly customized
solution to the core challenges of this specific field. Unlike
general image generation or clothing style generation, the
bottleneck of Lolita pattern design is not simply generating
an attractive clothing image, but precisely controlling the
coordinated presentation and aesthetic balance of multiple
high-density, small-scale, stylized decorative elements in a
two-dimensional plane. Therefore, the improvement in this
paper is not a simple stacking of existing technologies, but
a systematic reconstruction around this core requirement:
a deeper 12-layer MLP mapping network is designed to
learn a deep nonlinear mapping from abstract noise to the
complex combinations of elements unique to Lolita. The
layered style vectors provide independent control channels
for features at different scales. Crucially, the HAM module
enables a closed-loop perception-control of key visual ele-
ments by dynamically enabling the style vectors of each
layer to focus on and weight the corresponding feature
map regions. This mechanism enables the model to focus
on details such as the density of lace and the layering of
bows during the generation process, similar to a professional
designer. This addresses the issues of element disproportion
and chaotic layout that are common in conventional GANs
when processing such high-precision, high-complexity pat-
terns.
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CULTURAL FEATURE CONSTRAINT MODULE DESIGN
Lolita clothing is more than just a collection of visual
patterns; it carries profound cultural connotations and strict
aesthetic standards. To ensure that the generated patterns
faithfully reflect the core cultural characteristics of the Lolita
style, at the semantic content level, cultural characteristics
refer to the presence and rational layout of key elements that
define the identity of the sub-style. Gothic Lolita requires
elements such as dark colors, crosses, bats, and lace mesh,
and emphasizes symmetrical and solemn layouts; while
Sweet Lolita requires elements such as highly saturated
pastels, strawberries, rabbits, rufflies, and puffy skirts, and
emphasizes asymmetrical and lively layouts. At the visual
style level, cultural characteristics are reflected in specific
texture density, harmonious color matching, and the overall
atmosphere of the image. To avoid generating designs
that deviate from the norm or lack cultural connotations,
a cultural characteristic constraint module was designed
and integrated. This module guides the generation process
towards a direction that is consistent with Lolita culture
by introducing a specific loss function [19,20]. The core
idea of the cultural feature constraint module is to align
the high-level semantic content and low- level texture style
of the generated pattern with the predefined Lolita cultural
characteristics. To this end, this paper constructs a composite
loss function Lcyjyral, Which is composed of two weighted
parts: content 10ss Lcontent and style 10ss Lggyle:

Lcultural = /\1 Lcontent + /\2Lsty1e (3)

where A\; and )\, are the hyperparameters that balance the
importance of the two loss terms. The content 10ss Lcontent
aims to ensure that the generated pattern is consistent with
the typical Lolita pattern in terms of high-level seman-
tics. The pre-trained Visual Geometry Group 19 (VGG-
19) network is used as the feature extractor because it can
effectively capture the semantic information of the image
[21,22]. Let G be the generator, ¢ be the reference Lolita
pattern, and Zgn, = G(z) be the generated pattern. The
feature map of the 'relu4_2’ layer of VGG-19 is selected to
calculate the content loss, as the features of this layer retain
sufficient semantic information without being too abstract.
The content loss is defined as:

Leontent = % Z (Fglen (Zvj) - Fﬁef(ivj))2 “
i,
Fglen and F'; represent the feature maps of the generated
image and the reference image at the [-th layer, respectively,
and ¢,j are the spatial indices of the feature maps. The
style loss Lgy1e focuses on whether the texture and color
matching of the generated pattern conform to the aesthetic
norms of the Lolita style. It measures the style similarity
by comparing the Gram matrices of the generated image
and the reference image. The Gram matrix G' describes
the correlation between the feature map channels, and its
elements are defined as:
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where ¢, ¢’ are the channel indices of the feature map. The
style loss is calculated as follows:

2

_ 1 l ! l ’
Lstyle - Z W ; Ggen (07 c ) - Gref(c7 c )

1

(6)
The summation traverses multiple layers of VGG-19, where
C;, H;, and W; are the number of channels, height, and
width of the feature map at layer [, respectively. The VGG-
19 feature extraction effect is shown in Figure 1.

IMPLEMENTATION OF THE ADAPTIVE INSTANCE
NORMALIZATION MODULE

Adaptive Instance Normalization (AdalN) is a key technol-
ogy for achieving style control in StyleGAN. It normalizes
feature maps and applies an affine transformation based on
the style vector, thereby injecting style information into the
generation process. To more precisely control the complex
and varied stylistic elements in Lolita fashion patterns, this
paper improves the AdaIN module [23,24]. The standard
AdaIN operation is defined as follows: Given a content
feature map z. € RE*7*W and a style vector y, € R?C,
AdalN first performs instance normalization (IN) on the
content feature map:

ze — p(e)

IN(z.) = o(ze) +e @)
where p(z.) and o(x.) are the mean and standard deviation
calculated along the spatial dimensions (H,W), respec-
tively, and € is a small constant for numerical stability.
Then, AdalN uses the style vector y, to perform an affine
transformation on the normalized features:

T(xcu ys) = Ys,scale * IN(xc) + Ys bias (8)

where Ys scale € RE and ys pias € RE are the first and
second halves of the style vector y,, respectively. To better
control different types of visual elements, this paper divides
the feature channels C into G groups, each corresponding to
a specific element type. In this way, the style vector is also
divided into G sub-vectors, each of which independently
controls the affine transformation of a group of channels.
This makes the style control more refined and avoids mutual
interference between different element features. In the stan-
dard AdalN, the normalization process is fixed. A learnable
parameter « € [0,1] is introduced to adjust the strength of
normalization:

e /J(mc)
o(x.) +¢€

When « = 1, it degenerates to standard instance normaliza-
tion; when o = 0, no normalization is performed, retaining

INg(z:) = @ +(1—-a)- z. )
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the original features. This design enables the network to
learn the optimal degree of normalization to adapt to the
varying sensitivity of different elements in Lolita patterns
to style changes.

LATENT SPACE OPTIMIZATION AND SOFTWARE
INTEGRATION

1) Latent Space Optimization

The power of StyleGAN lies in the semantic properties of
its latent space (W or W+). By operating on the latent
vector, new images can be explored and generated without
retraining the network. However, original random sampling
or simple interpolation often cannot guarantee the optimality
of the generated results, especially when specific creative
goals are required. Therefore, this paper designs a set of
latent space optimization strategies to improve the quality,
diversity, and controllability of the generated patterns [25].
The latent space optimization strategy mainly uses guided
optimization. Guided optimization aims to find the optimal
latent vector based on a specific goal. Given an objective
function J(w):

J(’LU) = _Lcultural(G(w)) - Lstyle-consist(G(w)) (10)

Gradient ascent is used to optimize the latent vector w:

w) = w® 4 v, J(w®) an

where 7 is the learning rate and ¢ is the number of iterations.
To prevent the optimized vector from deviating too far from
the distribution of the original W space, a regularization
term R(w) is introduced, which is usually the square of the
Euclidean distance between the vector and the mean w of
the W space:

wtD) — ® o n (vw,](w(t)) — /\RR(w(t) — w)) (12)

where \g is the regularization strength. In this way, starting
from a randomly initialized w, the process can gradually
optimize the latent vector that can generate high-quality and
high-conformity patterns.

2) CLO Clothing Modeling Implementation

To achieve the seamless transition of Lolita clothing pat-
terns from two-dimensional design to three- dimensional
clothing products, this system designs and implements a
docking solution with CLO 3D. The aim is to efficiently
and accurately apply the high-quality two-dimensional pat-
terns generated by the algorithm to the virtual clothing
model in CLO 3D, thereby completing the rapid transition
from pattern creativity to three-dimensional virtual samples
and improving the digitalization and automation level of
the overall design process. The system supports exporting
generated Lolita patterns to standard image formats and
automatically generates a corresponding Drawing Exchange
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FIGURE 1. Pattern feature extraction results

Format (DXF) file based on the user-specified garment com-
ponent, leveraging the built-in or user-uploaded CLO model
structure information. This DXF file contains geometric
information such as the garment component’s precise 2D
outlines, seams, and key alignment points. The mapping
between the DXF file and CLO 3D’s recommended pa-
rameters is achieved through a “feature— parameter bidi-
rectional association algorithm.” The system first analyzes
the structural information of the Lolita pattern in the DXF
file and establishes a mapping index based on the texture
features of the generated pattern. It then uses a pre-trained
“Lolita material parameter library” to assign optimal initial
parameters to different patches through cosine similarity
matching. Finally, the parameters are fine-tuned based on
style features extracted by VGG-19 to ensure semantic con-
sistency between the parameters and the pattern elements.
To address the continuity constraints across paper patterns,
the system designs a “multi-facet collaborative calibration
module”: (1) Adjacent facets are identified using seam line
markers in the DXF file, and the pixel gradients and orienta-
tion angles of the textures between the facets are calculated.
First, a “Pattern Repeat Unit Identification Submodule”
is added to determine whether the Lolita garment pattern
is of the regularly repeating type. For regularly repeating
patterns, texture coordinate alignment and texture parameter
adjustment are prioritized to ensure that the pattern repeat
units are precisely aligned at the seams. The gradient
difference threshold is adjusted to 2% to improve alignment
accuracy. Only when the gradient difference still exceeds
2% after parameter adjustment is the “Repeat Unit-Based
Local Poisson Fusion Algorithm” invoked. This algorithm
only processes edge pixels within one repeat unit at the seam
to avoid overall pattern deformation. Finally, “Seam Pattern
Alignment Error” and “Repeat Unit Integrity” are added as
verification indicators to ensure that the pattern maintains
structural integrity at the seams to meet the needs of actual
garment production; (2) For irregular-shaped facets, UV
unfolding consistency verification is used to compare the
matching degree of the repeated units of the unfolded
texture with the adjacent facets. If the deviation exceeds
8%, parameter backtracking adjustment is triggered; (3) An
abnormal parameter fuse mechanism is set. When a conflict
is detected between the material parameters of a single facet
and the sub- style specifications, it is automatically replaced
with safe parameters of the same style in the library, and the
conflict point is marked in the log, supporting designers in
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fine-tuning the texture of the 3D model or avoiding texture
distortion or style deviation caused by abnormal parameters.
The modeling effect is shown in Figure 2.

This interface design effectively simplifies the application
process of patterns to clothing models, reduces the workload
of designers in manually adjusting mapping coordinates
and alignment, ensures high-quality visual presentation of
generated patterns in a three-dimensional virtual fitting en-
vironment, and successfully integrates the creative patterns
generated by this system into the complete clothing product
development process.

lll. EXPERIMENTAL DESIGN

This dataset uses a hybrid of the Deep Fashion Dataset
and a self-built Lolita-style dataset to balance data size
and style specificity. Within the Deep Fashion Dataset, a
sub-dataset related to clothing patterns was selected. A
total of 12,000 images containing elements such as lace,
frills, and prints were selected as the basic training data
for general clothing texture features. The image resolution
was uniformly adjusted to 1,024 x 1,024. The self-built
Lolita-style dataset covers Gothic Lolita and Sweet Lolita
sub-styles, totaling 660 images, with a uniform resolution of
1,024 x 1,024. A portion of the dataset is shown in Figure
3.

For experimental data partitioning, 12,000 general cloth-
ing texture images were selected and divided into training
and test sets in a 7:3 ratio. Stratified sampling was used
to ensure consistent distribution of elements such as lace,
trims, and prints within each subset. Data augmentation
was performed using random horizontal flipping (with
a probability of 0.5), brightness and contrast fine-tuning
(£10%), random cropping (cropping 896 x 896 regions
from 1,024 x 1,024 images), and Gaussian blurring (with
kernel sizes of 1-3 and a probability of 0.2) to improve the
generalization ability of the model. The Adam optimizer
is used in the training process, the initial learning rate is
set to 1 x 1074, and the cosine annealing strategy is used
to decay the loss of the validation set to 1 x 10~® when
the loss does not decrease for five consecutive epochs.
The batch size is set to 16 based on the graphics card
memory; the number of iterations is set to 200 epochs, and
the convergence criterion is defined as the fluctuation of
the cultural feature constraint loss on the validation set for
eight consecutive epochs being less than 1 x 107 and the
average aesthetic score of the generated patterns remaining
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FIGURE 2. CLO clothing modeling

Ramper Hoodie Crop Midi Lolita

FIGURE 3. Selected experimental datasets

stable above 8.0. At the same time, graphics memory usage avoid overflow. A stratified sampling method was used
is controlled within 28 GB on a single graphics card to to partition the core Lolita dataset of 660 images: first,
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the dataset was split into a 7:3 ratio based on sub-styles,
resulting in a training set of 462 images and a test set of
198 images. This ensured a consistent distribution of the two
sub-styles across all datasets, preventing a single sub-style
sample from dominating model learning. Data augmentation
ensured both element integrity and diversity, employing only
random horizontal flipping, brightness/contrast fine-tuning,
and small-scale Gaussian blur. This dataset served as the
core reference sample for the cultural identity constraint
module. During training, it was mixed with 12,000 ordinary
clothing textures. The Lolita samples were used to calculate
the content loss and Gram matrix style loss after VGG-
19 feature extraction. During testing, the Lolita samples
were used solely to verify the sub-style consistency of
the generated patterns, preventing ordinary clothing textures
from interfering with the assessment of Lolita cultural
characteristics. All Lolita clothing pattern images used in
the experiment were pre-set to a uniform resolution of 300
DPI. Based on the physical conversion relationship of “1
inch = 25.4 mm,” the “Set Scale” function in Image] was
used to establish the pixel-to-millimeter conversion formula:
1 pixel = 25.4 mm / 300 ~ 0.0847 mm. If some images in
the experiment were acquired by scanning physical objects,
a reference object of known physical dimensions was placed
during the scanning process. After scanning, the “Analyze
— Set Scale” function in Image] was used to calibrate
the corresponding pixel count based on the actual length
of the reference object. This generated a unique pixel-to-
millimeter conversion factor for that image to minimize
errors caused by differences in scanning device resolution.
This experiment uses the following operational definitions
of process indicators, measurement procedures, and multi-
operator blind design: the design cycle is defined as the
cumulative time from the designer clarifying the Lolita sub-
style requirements and core element list to the output of
2D pattern files and 3D CLO virtual samples that meet
the acceptance criteria, accurate to 0.1 hour; the frequency
of manual intervention is defined as the number of manual
adjustments required by the designer during the design pro-
cess, covering four scenarios: lace density correction, color
calibration, layout optimization, and sub-style calibration.
This experiment employed a double-blind evaluation design
with two core dimensions: 1. Operator-blind: Each operator
was only aware of the process type they were currently
executing and was completely unaware of other operators’
execution processes or task allocation patterns. Furthermore,
task numbers contained only sequential information, with-
out any identifiers related to process type or sub-style.
This prevented operators from inferring task associations
based on numbers, ensuring that each operational step was
independent and free of interference. 2. Evaluator-blind:
Evaluators received only the final design results. All results
concealed information about operator number, execution
process type, and the association between task number and
Lolita sub-style. Validity was determined solely based on
pre-set acceptance criteria, and any background information
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that could potentially trigger subjective bias was masked
throughout the evaluation process to ensure objectivity. This
method is compared with the original StyleGAN model and
the DCGAN clothing pattern generation model. This com-
parison with the original StyleGAN verifies the effectiveness
of the proposed targeted improvements to StyleGAN in
generating and finely controlling complex elements in Lolita
clothing patterns. DCGAN is widely used in the field of
image generation and has a relatively simple structure.
Choosing it as a comparison highlights the advantages of
StyleGAN and its improved versions in multi-scale style
control and texture detail generation, especially the ability
of this method to depict fine elements such as lace and
ruffles in the Lolita style.

IV. RESULTS ANALYSIS

PROCESS OPTIMIZATION EFFECTIVENESS

Design cycle compression is a core indicator for measuring
process optimization effectiveness. The experiment selected
several typical Lolita patterns and compared the design cycle
compression rates of the traditional manual design process
with those of this method to verify the robustness of the
method in batch scenarios. The starting boundary was when
the designer received the pattern design requirements and
identified the sub-style and core elements, and the ending
boundary was when the final pattern file was generated and
met the acceptance criteria. The control group was the tra-
ditional manual process (including hand-drawing creativity,
software splicing, repeated adjustments, and 3D modeling
adaptation), and the experimental group was the proposed
method. The results are shown in Figure 4.

The traditional workflow cycle fluctuates between 45 and
60 hours, which is significantly affected by differences in
manual operations. However, the cycle of the improved
method in this paper is stable in the range of 3 to 5
hours, and the mean line is almost horizontal, reflecting
the algorithm’s precise control of the design rhythm. The
stability of the compression performance as the sample size
increases is quantified through the cumulative compression
rate curve and the 95% confidence interval: when the cumu-
lative number of patterns exceeds 30, the compression rate
converges to 92.7% =+ 1.2%; the confidence interval width is
less than 2%, which verifies the robustness of the improved
method in batch design scenarios. In the digital design
process of Lolita-style clothing patterns, the frequency of
manual intervention directly affects design efficiency and
stability. To visually demonstrate the differences in in-
tervention frequency between the two workflows and the
optimization effects of each type of intervention, a statistical
comparison of the frequency of manual intervention using
different methods was conducted. The results are shown in
Figure 5.

As shown in Figure 5, layout optimization and color
adjustment have the highest intervention frequency in the
traditional workflow, reflecting the difficulty of manually
controlling the coordinated presentation of complex ele-
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(a) Design Cycle Distribution Comparison
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FIGURE 5. Intervention Frequency and Reduction Rate

ments. The proposed method significantly reduces the fre-
quency of intervention in each category by dynamically
adjusting the style control focus through HAM. Heatmaps
quantifying the reduction in the percentage of interventions
across categories show that lace density correction and sub-
style calibration reduced the percentages by 85.7% and
89.5%, respectively. This confirms the precise constraint
effect of the composite loss function in the cultural feature
constraint module on the core elements of Lolita, reducing
the need for manual calibration of aesthetic standards.

PATTERN GENERATION QUALITY

Ten professional designers with at least five years of Lolita
design experience were invited to participate. The judges
comprised three groups: four full-time designers from lead-
ing Lolita brands, three independent Lolita designers (with
at least five years of custom design experience), and three
senior editors from Lolita fashion media (with extensive
experience in style appreciation and evaluation). This en-
sured coverage of both design practice and style research
perspectives. The scoring criteria used a three-dimensional,
refined scale: color harmony (0-10 points), rational element
layout (0—10 points), and stylistic consistency (0-10 points).
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A one- hour pre-scoring training session was held, and the
scoring scale was calibrated using five standard examples.
Afterward, Cronbach’s « coefficient was used to test statis-
tical consistency. The results are shown in Figure 6.

It can be seen that the median and upper quartile val-
ues of the proposed method are significantly higher, the
dispersion is smaller, and the average aesthetic score of
the generated pattern is 8.7 points, which is significantly
higher than the 6.2 points of the original StyleGAN and
the 5.1 points of DCGAN. Representative lace elements
from Lolita patterns were selected to quantitatively assess
element control accuracy. Image] image analysis software
was used to select three non-overlapping sampling points
in the area with the clearest lace texture. The sampling
protocol is as follows: first, in the lace image to be analyzed,
a complete, blur-free/noise-free clear continuous area of
lace is determined through visual screening and software
contrast adjustment; then, a fixed sampling rule is set based
on the extension direction of the lace: if the lace extends
horizontally, the “top sampling point,” “middle sampling
point,” and “bottom sampling point” are evenly selected
along the longitudinal dimension within the clear area;
if the lace extends vertically, the “left sampling point,”
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FIGURE 6. Aesthetic scoring results

“middle sampling point,” and “right sampling point” are
evenly selected along the transverse dimension, and the three
sampling points must be located in three different complete
lace units respectively to ensure that they do not overlap;
at the same time, the sampling points must avoid the edge
transition zone of the lace, and only the core position of the
unit with the clearest main texture of the lace is selected to
reduce measurement errors. The results are shown in Figure
7.

As can be seen from Figure 7, as the lace reference
width increases from 0.5 mm to 2.0 mm, the error rate
of this method remains stable in the range of 2.0%-4.0%,
with a fluctuation range of less than 1.2%. The error rates
of the original StyleGAN and DCGAN fluctuate in the
range of 9.0%—14.0% and 14.0%—18.0%, respectively. This
shows that the improved AdaIN module effectively solves
the problem of proportional imbalance when generating lace
of different widths through grouped feature control and
learnable normalized strength parameters. Mean quantiza-
tion results further validate the improved method’s average
lace width error rate, which was 72.9% and 79.5% lower
than the original StyleGAN and DCGAN, respectively. This
provides technical support for the precise generation of lace
elements in Lolita patterns and, together with the composite
cultural feature constraint loss function, ensures the control
accuracy of pattern elements.

ROBUSTNESS ANALYSIS
This paper adds a Gaussian perturbation Aw to the initial
noise vector z in the StyleGAN latent space (W space). The
perturbation strength is quantified using the L2 norm || Aw||2
(0.1, 0.3, 0.5, 1.0). The Peak Signal-to-Noise Ratio (PSNR)
of the generated patterns compared to the original patterns is
calculated for auxiliary verification. Furthermore, the quality
scores of the generated patterns at different perturbation
intensities and their degree of conformity to Lolita cultural
characteristics are evaluated to verify the robustness of the
method. The results are shown in Figure 8.

As can be seen from Figure 8, under different | Aw||2, this
method is significantly better than StyleGAN and DCGAN
in both pattern quality and cultural fit, and the overall
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performance tends to remain stable as noise increases. To
further verify the role of each key module in the overall
methodology, this paper designs an ablation experiment
to compare and analyze the generation results when dif-
ferent components are removed. As shown in Figure 9,
taking Gothic Lolita and Sweet Lolita as typical examples,
the differences in clothing pattern generation between the
complete model and different ablation settings are visually
demonstrated, and the impact of each module on style
modeling and structure preservation is evaluated from a
visual perspective.

As shown in Figure 9, the complete method generates
clothing patterns with clear structure, complete texture
details, and stable style characteristics under both styles,
demonstrating good overall consistency. When the cultural
constraint module is removed, the generated results exhibit
significant style mixing, with some Gothic and Sweet color
and decorative features intermingling, indicating that this
module plays a crucial role in maintaining the semantic
purity of the style. Further removal of the improved AdaIN
structure results in a significant degradation of pattern details
and local textures, with lace and decorative layers becoming
blurred, indicating that this module makes a significant
contribution to the expression of fine-grained style features.
Furthermore, without classifier constraints, the overall color
distribution of the generated results deviates from the tar-
get style, reflecting the importance of style discrimination
information for stabilizing the generated results.

ABLATION EXPERIMENTS

To quantify the contribution of each core module to the
performance of the proposed method, the paper gradually re-
moved key components and compared the differences in pat-
tern quality, cultural consistency, and generation efficiency
between the complete method and the ablation model. This
clarified the functional necessity of each module. The results
are shown in Table 1:
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TABLE 1. Ablation Experiment Results

Model Pattern Quality Cultural Cultural Generation Efficiency

Configuration Quality Loss Rate  Characteristics ~ Loss Rate Efficiency Loss Rate
Conformity

Complete 100% 0% 100% 0% 100% 0%

Method

Removed 82.5% 17.5% 76.8% 23.2% 98.2% 1.8%

Cultural Trait

Constraint

Module

Removed 86.3% 13.7% 88.1% 11.9% 95.6% 4.4%

Improved AdaIN

Module

Removed 89.2% 10.8% 91.5% 8.5% 99.1% 0.9%

Multi-Sub-Style

Classifier

Table 1 shows that the cultural feature constraint module
has the most significant impact on performance. Its removal
reduces cultural feature conformity by 23.2% and pattern
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quality by 17.5%. This demonstrates that this module is
a core component for preserving the cultural essence of
Lolita. Its use of the cultural feature constraint loss function
effectively prevents style drift. Removing the improved
AdaIN module results in a 13.7% loss in pattern quality
and an 11.9% loss in cultural feature conformity, confirming
its key role in controlling the fineness of lace textures
and generating layered lace elements. The multi-sub-style
classifier had the least impact, with both quality and cultural
consistency losses of approximately 10% after its removal,
indicating that it primarily aided in sub-style differentiation
rather than generating basic patterns.
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V. CONCLUSIONS

This paper constructs a Lolita fashion pattern generation
framework based on an improved StyleGAN, effectively
overcoming the efficiency bottlenecks of manual design and
the problem of cultural identity distortion. Within the multi-
scale style control system, a 12-layer MLP mapping network
and a hierarchical attention mechanism achieve fine-grained
hierarchical control of elements such as lace texture density
and bow layering. The improved AdaIN module resolves the
conflicting issue of multi-element collaborative presentation
through grouped feature control and a learnable normalized
intensity parameter. The cultural feature constraint module
leverages VGG-19 feature alignment and Gram matrix style
metrics to ensure that generated patterns maintain sub-style
identity. The proposed hierarchical control and feature con-
straint framework exhibits excellent transferability, and its
core concept provides a general technical paradigm for the
intelligent generation of other culturally distinct garments.
For example, for traditional garments such as cheongsam,
kimono, and Hanfu, which also possess complex hierar-
chical structures and profound cultural connotations, the
hierarchical attention mechanism of this method can be
adapted to independently control the morphology and pat-
tern of different components. The cultural feature constraint
module learns and constrains the aesthetic norms of specific
garments by replacing corresponding style reference images
and pre-trained feature extractors. This demonstrates that
this study not only solves a specific problem, but also pro-
vides a set of scalable and reusable modular methodologies,
laying a technical foundation for the broader digitalization
and intelligent design of traditional cultural costumes.
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