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ABSTRACT

In the context of computational textile design and intelligent manufacturing, the key challenge lies in collaboratively
achieving both the functionality and artistic expression of fabrics. Existing methods often focus on a single dimension
and lack a unified framework that integrates multi-physics constraints with artistic semantics. To address this, this paper
proposes a generative artificial intelligence-based method, with the core innovations being: 1) a dual-path decoupled
representation of yarn arrangement and weave patterns; 2) the design of a function-semantic dual encoding and joint
generation framework; 3) the introduction of curriculum learning strategies to enhance training stability. Experiments
are based on a self-built dataset, TextileArt-Weave v1.0 (8,642 samples), covering three types of functional fabrics and
five artistic styles. Quantitative results show that the proposed method significantly outperforms visual generation and
engineering CAD baselines in functional indicators (porosity error: 3.2 + 0.4% vs. 9.8 + 0.6% / 12.4 + 0.8%), and outper-
forms rule-driven methods in artistic semantic alignment (CLIP Score: 0.78 + 0.02 vs. 0.32 + 0.02), while maintaining
excellent manufacturability (interweaving cycle compliance: 96.8 + 0.7%, whereas pure visual models yield 0%). Ablation
studies and robustness validation show that each module makes a clear contribution to functionality, artistry, and
manufacturability, and the method remains stable under noise, material changes, and process disturbances. To the best
of our knowledge, this study presents one of the first end-to-end frameworks for mapping multimodal prompts to manu-
facturable fabric structures under joint functional and artistic constraints and has open-sourced the textile multimodal

benchmark dataset, providing feasible paths for smart wearables, cultural digitization, and sustainable fashion.

KEYWORDS
generative artificial intelligence, functional textile structures, artistic expression, multimodal generation, computational
textile design
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INTRODUCTION

With the integration of artificial intelligence and advanced manufacturing, functional textiles are expanding
from traditional garments to applications such as smart wearables, flexible electronics, and sustainable
fashion[1]. This shift requires fabric design to satisfy not only physical performance but also cultural, visual,
and interactive expression[2]. However, current textile design still relies on an experience-driven workflow in
which functionality and visual style are developed separately, making it difficult to balance manufacturability,
performance reliability, and aesthetic quality[3][4]. Therefore, developing an intelligent generative framework
that jointly models textile functionality and artistic semantics has become an important challenge in compu-
tational textiles and generative design[5].

Existing research mainly falls into two categories. One focuses on parametric modeling and topological
optimization of functional fabrics, using simulation or surrogate models to control properties such as porosity
and tensile modulus, but these methods usually produce abstract or uniform structures with limited pattern
control[6][7]. The other uses GANs or diffusion models to generate artistic fabric patterns. Although these
methods can produce visually rich results, they often ignore physical constraints, leading to non-manufac-
turable or functionally unreliable outputs. Some studies introduce mechanical losses, but few explicitly model
textile mesostructures such as yarn interlacing and weave patterns[8]. In addition, most existing methods rely
on single-modal inputs, which limits their ability to support natural-language descriptions of complex textile
requirements[9]. Together, these limitations reveal the need for an end-to-end generative framework that can
respond to both multimodal artistic semantics and multi-physics functional constraints.

To address these challenges, this paper introduces three innovations: a multi-scale textile structure repre-
sentation, where weave patterns and yarn paths are modeled during training as continuous relaxations of
discrete textile structures, enabling gradient-based optimization and later discretization into manufacturable
patterns; a function-semantic dual-path decoupled architecture, where parallel encoding sub-networks sep-
arately handle physical feedback and CLIP/BERT multimodal embeddings, enabling the controllable fusion
of functional constraints and artistic intent; and a curriculum learning strategy for textiles, which prioritizes
learning basic weaving feasibility and structural regularity in the early stage of training, and then gradually
increases the influence of semantic and stylistic objectives, thereby alleviating training instability caused by

multi-objective conflicts.
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This study extends generative Al to the collaborative design of functional textile structures. Practically, the
framework supports smart clothing, flexible sensor arrays, and the digital regeneration of intangible heritage
weaving, and helps shift textile design from experience-based trial and error to a semantic-driven, function-

aware workflow.

RELATED WORK
Application Scenarios and Challenges

The design of functional textile structures is widely applied in fields such as smart wearables, flexible
electronics, sports protection equipment, and sustainable fashion. Typical tasks include: generating manufac-
turable fabric microstructures based on target functionalities while meeting specific artistic styles[10,11]. The
core challenge of these tasks lies in multi-objective coupling, physical performance is determined by meso-
level parameters such as yarn material, interlacing density, and porosity distribution, while artistic expression
depends on macro-level textures, colors, and shape semantics, which often conflict with each other[12].

Existing datasets often focus on a single dimension: some datasets provide high-resolution fabric images for
pattern generation but lack corresponding physical performance labels, while others include mechanical test
results or thermal and moisture transfer parameters but fail to associate visual or cultural semantic informa-
tion. Although there have been some attempts in recent years to integrate multiple modalities, their scale is
generally small, and the annotation granularity is coarse, making them inadequate for supporting complex
conditional generation tasks[13,14]. In terms of evaluation, functionality is typically measured by porosity
error, tensile modulus deviation, etc., while artistic quality is evaluated using CLIP Score, LPIPS, or user ratings.
However, evaluation systems are generally fragmented: functionality indicators are based on simulations,
which differ from actual weaving, while artistic evaluation ignores manufacturing constraints, leading to “high
scores that cannot be produced.” More critically, there is no unified metric to effectively quantify the synergy

between functionality and aesthetics.
Overview of Mainstream Methods

Early studies primarily employed parametric modeling and optimization algorithms, adjusting yarn density or
the number of layers under given weaving rules to approximate target performance. This method provided

effective solutions under specific conditions, especially in terms of structural interpretability and manufactur-
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ing compatibility[15,16]. However, the design space is constrained by predefined templates, making it difficult
to generate novel topologies, and it overlooks the artistic expression requirements.

In recent years, GANs and diffusion models have been introduced for fabric pattern synthesis, offering new
insights into high-dimensional texture generation, especially in style consistency and detail richness[17,18].
Despite the introduction of conditional control mechanisms by some authors, these methods do not consider
the impact of underlying structures on functionality, resulting in outputs that cannot guide actual weaving.
Moreover, they are affected by the training data distribution and lack cross-style generalization capability.
Another approach combines topological optimization and deep learning, directly outputting 3D fiber
layouts[19]. Although this research emphasizes physical accuracy or computational efficiency, it largely relies
on single-modal inputs (e.g., mechanical load maps), and fails to respond to “artistic intentions described in

text,” limiting its applicability in creative design.
Most Similar Research

Two studies are closest to the goals of this paper. The first proposes a fabric structure generator based on
graph neural networks, which can output yarn connection graphs based on mechanical boundary conditions
and achieve good predictions of tensile performance[20,21]. Although pioneering in functional modeling,
this paper further addresses the issue of artistic semantic absence by achieving style-controllable generation
through multimodal alignment.

The second study builds a diffusion model for generating fabric patterns from text and introduces a style
transfer module to enhance the expression of cultural symbols[22,23]. In comparison, this paper adopts a
different approach in structural representation: it generates not only surface textures but also manufacturable
weave patterns and functional parameter fields, ensuring that artistic expression is embodied in physical form.
While it excels in visual fidelity, it does not validate whether the generated structures meet basic mechanical or
transmission performance. In contrast, this paper integrates surrogate models to impose functional feasibility

constraints.
Summary and Research Gap

Although existing studies have made progress in either functional modeling or artistic generation along
single paths, there has been little in-depth exploration of the core issue of “functional-artistic collaborative

generation.” Existing literature has revealed the potential of generative models in textile design, but our
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understanding of how multimodal semantics guide mesostructure formation remains limited and requires
further exploration.

Unlike previous studies, the present work addresses this gap by constructing a dual-path decoupled gener-
ation architecture together with a curriculum learning strategy. The main contribution of this research lies
in a learned end-to-end conditional mapping from multimodal prompts to manufacturable functional fabric
structures, particularly through the integration of weave pattern-level representations and multi-physics
constraints. Here, the term “end-to-end” refers specifically to the mapping from user-provided multimodal
conditions to textile mesostructures. Existing tools such as TexGen or Blender may be used for structure
construction, simulation, or rendering during dataset preparation, but they do not provide the multimodal
prompt-conditioned generation mechanism proposed in this study.

While these studies emphasize the importance of intelligent design, there are significant differences in the
methods used. Some adopt purely physics-driven paradigms, while others choose purely visual generation
paths, leading to a disconnect between functionality and aesthetics. Although these studies offer valuable
insights, most overlook the critical issue of manufacturability and multi-objective synergy, especially in the

rapidly developing field of smart textiles.

METHODOLOGY
Problem Formulation

This paper aims to construct an intelligent fabric generation framework that integrates textile functional
requirements with artistic expression intentions. The core task can be formalized as a multi-objective condi-
tional generation problem. Let the design region be 2 C R?, with its textile mesostructure determined by
yarn arrangement and interlacing rules. The inputs consist of two types of information: First, a set of functional
constraints F' = {f,, ..., f,,} , where f; : @ — R represents textile performance functions such as porosity,
tensile modulus, or conductive path density. Here, conductive path density refers to the spatial distribution
density of conductive yarn paths within the textile structure, rather than the intrinsic electrical conductivity of
the material itself. Second, an artistic semantic description A , which consists of style feature vectors extracted
from text or images via a multimodal encoder (e.g., CLIP)[24].

The output is a manufacturable fabric structure representation T : @ — S, .40 » Where S, ... iS @ mixed

space formed by weave patterns or yarn paths, rather than a simple binary material distribution, and must

satisfy process feasibility constraints. In this study, T" is a 2D/2.5D textile mesostructure representation rather
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than a fully explicit 3D yarn geometry, and functional quantities are evaluated through surrogate mappings

under predefined process parameters. Let the parameters of the generative model be 8, which maps as:
Ty = Go(F, A) (1)

where Gy is the conditional generator (based on GAN or diffusion mechanisms) that jointly decodes function-
ality and artistic semantics into mesostructures.
The optimization objective consists of two parts: a functionality loss L ,,,,. , which evaluates performance

deviations through a surrogate model; and an artistic loss L which measures style consistency based on

art 7

multimodal embedding space. The overall optimization is:

0" = arg mein )‘qunc(TG; F)+(1- )‘)Lart(TG; A) (2)

where XA € [0, 1] adjusts the priority between functionality and artistry.

In summary, this research ensures manufacturability and physical feasibility while using a generative model
to learn a mapping from multimodal artistic semantics and functional constraints to manufacturable textile
mesostructures, with physical feasibility evaluated through surrogate-based estimation under predefined

process assumptions.
Overall Framework

The proposed fabric generation framework is an end-to-end multimodal collaborative optimization system,
as shown in Figure 1, consisting of three core modules: the multi-source constraint encoder, the function-art

joint generator, and the dual-objective discriminator feedback module.
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Figure 1. Overall framework of the proposed end-to-end multimodal fabric generation system

The multi-source constraint encoder handles two types of inputs: functional constraints F' (such as porosity,
tensile modulus, or conductive path density fields) and artistic semantic descriptions A (CLIP embeddings
from text or images), and maps them to an aligned latent representation space. The function-art joint gener-
ator uses these as conditions to output a manufacturable mesostructure T}, , in the form of a weave pattern or
yarn path. It internally adopts a dual-branch upsampling mechanism: one branch models functional topology
(e.g., fiber arrangement and connectivity), while the other injects artistic details (e.g., pattern periodicity and
texture variation). These are fused at the output layer to ensure structural consistency.

The dual-objective discriminator feedback module contains two parallel discriminators: the functionality
discriminator evaluates key performance metrics such as breathability and elasticity using a lightweight
surrogate model; the artistic discriminator measures the perceptual consistency of the generated texture with
the target style via a pre-trained visual network. Both discriminators provide adversarial signals that jointly
drive the update of the generator’s parameters, forming a closed-loop optimization.

The three modules are optimized jointly through gradient backpropagation and feature alignment, integrating

artistic intent with manufacturability and physical feasibility.
Module Descriptions

Multi-Source Constraint Encoder

Motivation: Functional constraints (such as porosity distribution and conductive path density) and artistic
semantics (such as text describing “tie-dye style” or images of ethnic patterns) are highly heterogeneous in

modality, dimension, and semantic level. Directly concatenating inputs to the generator may lead to optimiza-
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tion conflicts or information masking, making it difficult to achieve effective synergy between functionality
and aesthetics.

Principle: Based on the concept of cross-modal alignment, physical field data and unstructured artistic
descriptions are separately mapped to a unified latent space.Through independent feature extraction and
shared projection, the encoder preserves modality-specific semantics while mapping them into a comparable
latent representation for joint generation.

Implementation: Functional inputs are encoded into z € R? via a lightweight convolutional network, while
artistic semantics are output as z, € R? by the CLIP image/text encoder. The two are fused into a joint latent
code z = g © z; + (1 — g) © z, through a learnable gating mechanism g = o(W,[2;; 2,]) , serving as the
conditional signal for the generator.

Function-Art Joint Generator

Motivation: Traditional fabric design relies on iterative experience, while existing generative models either
only output non-manufacturable surface textures or neglect artistic expression, lacking an architecture that
can simultaneously generate manufacturable mesostructures and respond to dual objectives.

Principle: A dual-path conditional generation strategy is adopted, separating the modeling of functional
topology and artistic details during the decoding process. By sharing the upsampling backbone and branch
modulation mechanisms, the system fuses fiber arrangement with pattern texture in a controllable way.
Implementation: U-Net is used as the backbone, with condition-based batch normalization (CBN) embedded
at each upsampling layer. The scaling and shifting parameters for CBN are linearly mapped from the joint
latent code z . During training, the generator outputs a continuous textile representation T, € [0, 1]7*W,
where each element denotes the soft assignment of yarn presence or interlacing. This continuous relaxation
enables gradient-based optimization. During inference, the output is discretized into a weave pattern or yarn
path through thresholding and feasibility correction, including minimum curvature and interlacing periodicity
constraints. This ensures that the final result remains manufacturable and compatible with loom-oriented
structural instructions.

Dual-Objective Discriminator and Feedback Module

Motivation: A single discriminator cannot balance both the physical feasibility and artistic consistency of the
fabric, often leading to generated results that are aesthetically pleasing but non-functional, or performance-

adequate but lacking in aesthetics. Dual-channel supervision is needed to provide precise feedback.
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Principle: A parallel discriminator mechanism is constructed: the functionality discriminator evaluates
whether key performance metrics meet engineering requirements using a surrogate model, while the artistic
discriminator assesses style matching based on a pre-trained perceptual network. Both define the boundary
of the feasible solution space, guiding the generator to optimize within this space.

Implementation: The functionality discriminator Dy,,,, . is a lightweight 3D CNN that takes the fabric structure
as input and predicts whether metrics like porosity error and tensile modulus deviation are within tolerance.
The artistic discriminator D, ., receives multi-view rendered images and calculates the cosine similarity to the

target style using the frozen CLIP-ViT model. Together, they guide the generator toward feasible solutions.
Objective Function & Optimization

This method formulates fabric generation as a multi-objective optimization problem that jointly considers
manufacturability, functional performance, and artistic style. Let the mesostructure output by the generator
be Ty , where 6 represents the learnable model parameters. The form of T}, is either a weave pattern or yarn
path field, which serves as a manufacturable mesostructure representation and can be further translated into
loom-compatible structural instructions under predefined process parameters.

The optimization objective is a weighted combination of functionality adaptation and artistic alignment terms:

0" = arg mein )‘qunc(TG) + (1 - >‘>La7’t (TH) (3)

where A € [0, 1] is a user-defined functionality priority coefficient, values closer to 1 emphasize physical
performance.

The functionality adaptation term includes three key metrics. Porosity p(7}) in this study denotes the effective
volumetric porosity of the fabric under predefined yarn diameter, layer thickness, and stacking assumptions,
which is used as a proxy for breathability and thermal-moisture comfort. Rather than being reconstructed
from a fully explicit 3D geometry, p p(Ty) is estimated from the generated weave pattern or yarn-path
representation through a lightweight physical surrogate model. Let the user-specified target porosity be p* €

(0,1), and its matching loss is defined as:

Lporosity = p(TG) - p* (4)
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Tensile modulus E(Ty) reflects the fabric’s resistance to deformation and is estimated by a lightweight

mechanical surrogate model[25]. If the target modulus is E* (in MPa), the deviation loss is:
Lstretch = E(TG) — E" (5>

When the fabric integrates sensing or conductive functionality, it is necessary to ensure that functional yarns
form continuous paths. Define the functional connectivity rate n(7,) € [0, 1] as the proportion of effective

conductive paths in the total design area (with 1 indicating full connectivity). The connectivity loss is:

Lconductive =1- U(Ta) (6)

The artistic alignment term is achieved through multimodal semantic matching. The generated fabric is
rendered as an image [, , which is compared to the user-input text description t . Let ¢;,,,,(1;) and ¢, (t)
be the normalized image and text embedding vectors (with dimension d ) extracted via the CLIP model[26].

The semantic similarity is measured by the cosine value, and the artistic loss is:
Lclip =1- ¢img<lg>—r¢temt (t) (7)

Additionally, to avoid generating blurred or non-manufacturable intermediate structures, a density sparsity
regularization term is introduced. Let the design domain be  C R? with area | |, and T,(z) € [0, 1]
denote the soft assignment of yarn presence at location z . This continuous relaxation makes the represen-
tation differentiable during training, while the final discrete weave pattern is obtained in post-processing. The
sparsity loss is:

1

Lsparse = ﬁ [2 Te(x)(l - Te(x)) dx (8)

The total loss is the weighted sum of the five components:

Ltotal = wleorosity + wQLstretch + wBLconductive + w4Lclip + w5Lspa'r'se (9)
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Here, the functional terms are not computed from unrestricted 3D geometric reconstruction, but from
surrogate-estimated properties induced by the generated 2D/2.5D textile mesostructure under fixed process
assumptions. A two-phase training strategy is used: the first phase emphasizes basic manufacturability and
structural feasibility constraints, while the second phase gradually increases the weight of semantic and
stylistic objectives. This staged strategy is adopted only for optimization stability; the final fabric structure
is still generated as an integrated textile representation in which functional and aesthetic characteristics are
jointly realized.

To provide an intuitive interpretation of the generated mesostructure, Figure 2 presents a conceptual three-
layer functional fabric cross-section: the top layer presents the cultural pattern, the middle layer embeds
continuous conductive yarns, and the bottom layer provides elastic support. The generator itself outputs
weave-pattern or yarn-path representations, while the layer thickness, yarn diameter, and stacking relations

are specified by predefined process assumptions during functional estimation.

P N R R P Y O RN Y Y Y Y XS

Top Layer

Conductive Yarns Middle Layer

: '—,;l-hgml-lm-lu-

\ -
Elastic Support Structure 5
Bottom Layer

)

- #,ph\ (ﬁ\n,.\,) r\)n

Figure 2. Exploded Cross-Section View of a Three-Layer Functional Textile

EXPERIMENT AND RESULTS
Experimental Setup

This study is based on a self-built dataset, TextileArt-Weave v1.0, specifically designed for multimodal
generation tasks of functional fabrics. The dataset contains 8,642 samples, covering three types of functional
fabrics: breathable, elastic, and conductive, as well as five artistic styles: tie-dye, Miao embroidery, Yi patterns,
geometric, and abstract. The structural representation is uniformly defined as 128 x 128 weave patterns or

continuous yarn path fields, with text descriptions averaging 18.7 words (range: 12—28). The data come from
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three sources: 2,100 real samples provided by a partner textile company (including industrial images and
process parameters), 5,800 synthetic virtual fabrics constructed using TexGen for parametric textile structure
generation and Blender for rendering, and 742 cultural patterns extracted from publicly available intangible
cultural heritage databases. TexGen and Blender were used only for dataset construction and sample prepa-
ration; they do not provide the multimodal prompt-conditioned generation mechanism proposed in this study.
During the cleaning phase, samples with abnormal functional metrics (such as porosity below 0.3 or discon-
tinuous conductive paths) or vague text semantics (e.g., more than 30% keyword omission) were removed,
resulting in 987 samples being excluded (11.3%). The functional labels were calculated using a physical
surrogate model and then reviewed by textile engineers, while the artistic descriptions were independently
annotated by three professional designers, achieving a Kappa consistency coefficient of 0.82. The final dataset
was split into training, validation, and test sets in a 7:1:2 ratio, ensuring that the distribution bias for each
functional-style combination was below 5%. While this scale is sufficient for proof-of-concept evaluation, it
remains limited relative to the full combinatorial design space of textile functionality and artistic style, and
may restrict the diversity of generated artistic expressions in rare categories.

To highlight the uniqueness of this dataset, Table 1 compares it with existing resources. The general fabric
image dataset FMD only provides RGB texture images, which are suitable for material classification but lack
structural and functional information. Recent research on smart fabrics has introduced single functional
annotations (such as conductivity), but remains limited to CAD sketches without artistic semantics. In contrast,
TextileArt-Weave v1.0 provides aligned manufacturable yarn paths, multi-dimensional physical functions, and

cultural semantic texts, supporting function-art collaborative generation.

Table 1. Dataset Comparison

Dataset Modality Functional Label Artistic Semantics Output Format Applicable Task
FMD Image X x RGB Images Material  Classifi-
cation
Recent Smart Fabric Weave Pattern + V (Conductivity) X CAD Sketch Functional Struc-
Research Single Function ture Optimization
Ours Weave Pattern + V (Porosity/Modu- V (Cultural Pattern Manufacturable Function-Art Col-
Image + Text + Func-  lus/Conductivity) Descriptions) Yarn Paths laborative Gener-
tion Field ation

Evaluation metrics are designed from the perspectives of functionality, artistry, and manufacturability: func-

tionality includes porosity error (PE) and conductive connectivity ( ) ); artistry is measured using the CLIP Score
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to evaluate text-image semantic alignment; manufacturability is assessed by interlacing cycle compliance rate

(ICR). Detailed definitions are shown in Table 2.

Table 2. Evaluation Metrics

Metric Meaning
PE (%) Relative error between predicted porosity and target value
n Proportion of effective conductive paths in the total design area (0-1)
CLIP Score Cosine similarity between text and fabric image embeddings
ICR (%) Proportion of the area satisfying the minimum interlacing cycle constraint

Baseline Methods

To evaluate the advantages of the proposed method in functional fabric collaborative design, three represen-
tative techniques were selected as baselines, corresponding to typical paradigms of “art-focused,” “function-
focused,” and “visual-focused” in current textile design processes. The first baseline is industrial-level fabric
CAD software (such as NedGraphics), widely used in textile companies[27]. It supports complex cultural
pattern drawing, color configuration, and loom data output, ensuring manufacturability. However, it relies
entirely on manual experience and cannot automatically adjust physical targets such as porosity, elasticity,
or conductivity, nor does it support natural language or high-level semantic input. The second baseline is a
parameterized weaving method based on process rules, which adjusts parameters such as interlacing density,
float length ratio, and yarn buckling path to effectively control breathability or tensile performance[28]. It
is commonly used for generating functional structures but cannot incorporate non-quantifiable artistic inten-
tions such as “Miao embroidery” or “tie-dye fading,” and lacks semantic understanding and style expression
capabilities. The third baseline is a fabric texture generation model based on StyleGAN2, fine-tuned on public
fabric image datasets, which can generate high-resolution, visually realistic fabric patterns[29]. However,
it produces only RGB pixel images, cannot guarantee physical functionality, and cannot be converted into
executable weave patterns for manufacturing. In this study, StyleGAN2 is included as a visual-generation
reference rather than a structurally equivalent baseline for discrete weave or yarn-path generation. Each

na

of these baselines misses a critical component of “functional optimization,”“semantic responsiveness,” or
“structural manufacturability,” whereas the proposed method is designed to jointly address all three within a

unified framework.
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Quantitative Results

To systematically evaluate the overall performance of the proposed method in functional fabric collaborative
generation, we compared it with three representative baseline methods on the TextileArt-Weave v1.0 test
set. All experiments were repeated 5 times, and the reported results include mean * standard deviation. The
evaluation used four core metrics from the textile field: PE, which measures the accuracy of achieving physical
goals like breathability; conductive connectivity ( 7 ), which reflects the integrity of functional yarn paths; CLIP
Score, which evaluates the semantic alignment between the generated fabric image and input text; and ICR,
which characterizes whether the structure meets minimum interlacing unit and manufacturability constraints.
As shown in Table 3, the proposed method demonstrates balanced performance across functionality, artistic
alignment, and manufacturability. The industrial CAD tool, while providing near-perfect manufacturability (ICR
=99.6 + 0.3%), is unable to respond to functional targets, with a PE of 12.4 + 0.8% and n = 0 (no functional
yarn embedding). The rule-driven weaving method effectively controls porosity (PE = 4.1 + 0.4%) and ensures
weaving feasibility (ICR = 98.2 £ 0.5%) but lacks semantic understanding, resulting in a low CLIP Score of 0.32
+ 0.02. The StyleGAN2 reference, after fine-tuning on fabric images, performs best in visual semantics (CLIP
Score = 0.81 + 0.02), but, as expected for a pure image synthesis model without explicit textile structural
constraints, its output remains an RGB image only, without functional yarn paths (n = 0) and without satisfying
interlacing rules (ICR = 0%). Therefore, it is used mainly as a visual comparison rather than as a structural
generation baseline.

In contrast, our method achieves high artistic alignment (CLIP Score = 0.78 + 0.02) while significantly
outperforming image generation models in functionality (n = 0.93 + 0.02 vs. 0) and manufacturability (ICR =
96.8 + 0.7% vs. 0%) and maintains functionality metrics close to those of the specialized rule-based method,
indicating its advantage in jointly balancing semantic responsiveness, functional validity, and manufacturable

structure generation in textile design scenarios.

Table 3. Quantitative Comparison of Methods on the Test Set (mean + standard deviation, n = 5)

Method PE (%) & nmt CLIP Score 1 ICR (%) ™

Industrial CAD Tool 12.4+0.8 0.00 £ 0.00 0.65 £ 0.02 99.6 £0.3
Rule-driven Weaving 41+04 0.00 £ 0.00 0.32+0.02 98.2+0.5
StyleGAN2 (Visual Reference) 9.8+0.6 0.00 £ 0.00 0.81+0.02 0.0+£0.0
Ours 3.2+04 0.93 £0.02 0.78 £0.02 96.8 £ 0.7
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Note: {, indicates that lower values are better, 1 indicates that higher values are better; n\etan is only calculated for the subset of
samples with conductive functionality enabled. For other methods, as no functional yarns are designed, n=0 by default. StyleGAN2 is

included as a visual-generation reference rather than a structurally equivalent baseline for manufacturable weave generation.

Qualitative Analysis

To visually demonstrate the performance of the generated results in the textile context, we selected two typ-
ical samples for in-depth analysis, representing successful collaboration and semantic-function mismatching
scenarios. All visualizations are presented using standard textile engineering expressions: the left side shows
the fabric surface rendering, the middle shows the local weave pattern (illustrating warp/weft interlacing),
and the right side highlights functional yarn paths or key structural features.

Successful Case: The input prompt was “Summer sports T-shirt fabric, high breathability (target porosity
p==0.65), Miao butterfly motif pattern.” As shown in Figure 3, the generated fabric surface clearly presents a
symmetrical butterfly pattern, with colors and texture rhythm aligned with Miao embroidery aesthetics. The
weave pattern shows that the top layer uses long floats to form the visual pattern, while the bottom layer
retains a high-density plain weave support structure. The measured porosity was 0.64 (PE = 1.5%), and, as
conductive functionality was not enabled, no redundant conductive yarns were introduced. The minimum
interlacing cycle was 3, meeting circular knitting requirements (ICR = 98.2%). This result demonstrates that

the model can jointly optimize pattern layout and porosity distribution under practical process constraints.

RO

]

" Water Vapor

Detailed Surface Rendering of the Close-Up of Local Fabric Pattern: Functional Charactersticis:
Fabric: « The smallest weave cycle is 3, with

Long floating yarns forming motifs atop a no redundant yarns present when

Vibrant colors and symmetrical Miao
non-conductive.

butterfly patterns. high-density plain weave structure.

« Artistic and functional
requirements are co-optimized
under real-world manufacturing
constraints.

Figure 3. Design and Structure of a High-Breathability Summer Sports T-Shirt Fabric Featuring Miao Butterfly Patterns
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Failure Case: The input was “Smart scarf, heating functionality, abstract ink painting style,” without specifying
the conductive path direction. As illustrated in Figure 4, while the generated result visually simulates the
ink wash gradient (CLIP Score = 0.76), the lack of structural guidance for the “abstract” semantics led to
fragmented functional yarn paths, with a conductive connectivity of n = 0.41, preventing the formation of a
complete heating loop. Additionally, some areas of the weave pattern had excessive interlacing (cycle < 2),
posing a risk of weaving issues (ICR = 72.3%). This case highlights the current method’s limited adaptability to
highly abstract, low-structured artistic descriptions and emphasizes the need for users to provide functional

constraints in interactive design (e.g., “conductive yarn should be distributed continuously along the edges”).

Conductive yarns

Dispersed functional yarn path N
should follow a

I Al-generated visual effect
successfully mimicking ink wash
painting style (CLIP Score = 0.76). &
but failing to illustrate functional

yarn layout.

continuous path

Connectivity Index along the edges to
(n) =041 ensure a complete
V electrical circuit

Due to broken conductive paths, the
< D
A\ current cannot form a closed circuit,

/
/ i e

Excessive ineffective.

 §

interlacing area PEFTTE

Avoid overly
dense
W/ interweaving in
3/ localized areas to
Interlacing Complexity Ratio (ICR) =
"~ 72.3%: A high value high B
= weaving complexity or difficulty. failure.

reduce the risk of

Figure 4. Failure Case: Fragmented Conductive Paths and High Weaving Risk in a Smart Scarf Designed with Abstract Ink Painting Style

These cases show that the method performs well when cultural semantics and functional goals are clearly
specified, but remains sensitive to vague inputs, reflecting the engineering constraint that artistic expression

must remain structurally feasible.
Robustness Validation

To validate the stability of the proposed method in real textile design and manufacturing scenarios, we
conducted robustness tests under three typical disturbance conditions. All experiments were carried out on
the TextileArt-Weave v1.0 test set, with the ICR as the primary evaluation metric, supplemented by conductive

connectivity (n) to measure functionality reliability. The results are shown in Figure 5.
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The first disturbance type is text semantic noise, which simulates incomplete user inputs or missing keywords
by randomly deleting 10%—40% of the functional or style keywords. When the noise rate reached 30%, the
ICR of our method decreased only from 96.8% to 91.2%, whereas the pure image generation model, which
depends heavily on semantic guidance, rapidly lost structural validity (ICR > 0%). This suggests that the
physical constraint module reduces manufacturing risk caused by semantic ambiguity.

The second disturbance type is yarn material change: during training, cotton yarn parameters were used
(elastic modulus E=5.2 GPa), and during testing, polyester yarn (E=8.7 GPa) was used to simulate real-life
material substitution scenarios in sampling. Thanks to the explicit modeling of material properties by the
functional surrogate model, the ICR remained at 93.5%, with only a 1.8% increase in porosity error, demon-
strating the method’s ability to generalize across materials.

The third disturbance type is loom process tolerance. A £10% variation in warp tension was introduced during
post-processing to simulate weaving tolerance. Our method still maintained manufacturability for 92.7% of
the samples, whereas the rule-driven method dropped to 84.1%, indicating greater sensitivity to process
disturbance.

In summary, the proposed method remained relatively stable under semantic, material, and process uncer-
tainty. As shown in Figure 5, its performance degradation was consistently slower than that of the reference
methods. These results also suggest that the model is not driven solely by memorization of the training set,
although broader artistic diversity and rare function-style combinations would still benefit from larger-scale

data.
Ablation Study

To quantify the contribution of each module to functional fabric generation, we conducted an ablation study
on the TextileArt-Weave v1.0 validation set. Each configuration was repeated 5 times, and the results were
reported as mean + standard deviation. As shown in Table 4, all metrics were centered around core textile
requirements: PE, conductive connectivity, semantic alignment (CLIP Score), and ICR.

After removing the functional constraint module, the PE increased significantly to 11.7 £ 0.9%, and n dropped
to 0.38 £ 0.04, indicating that the model could no longer meet the physical performance targets automatically.
However, the ICR only slightly decreased (95.1 + 1.2%), showing that manufacturability is not dependent on
functionality supervision and that the two can be decoupled for optimization. When CLIP semantic alignment

was disabled, the CLIP Score dropped from 0.78 + 0.02 to 0.41 + 0.03 (p < 0.01), but both PE and ICR
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remained almost unchanged, verifying the independence of the artistic expression pathway. The removal of
the interlacing cycle regularization had the greatest impact on manufacturability: the ICR dropped sharply
from 96.8 £ 0.7% to 72.3 £ 3.1%, with a significant increase in standard deviation, indicating severe structural
instability and a higher likelihood of non-manufacturable local defects. Finally, removing the curriculum
learning strategy led to increased training convergence fluctuations, with the ICR standard deviation widening
from +£0.7% to £2.4%, and the final performance also declined (ICR = 92.6 + 2.4%). This result suggests that
the curriculum strategy mainly improves optimization stability by first guiding the model toward structurally
feasible and functionally consistent textile configurations, and then progressively increasing semantic and
stylistic complexity during training. It does not imply that manufacturability and aesthetics are physically
produced in separate stages during weaving; rather, it is a training schedule for learning their coupled repre-
sentation more robustly.

In summary, each component ensures functionality compliance, semantic responsiveness, structural reliabil-
ity, and training stability, collectively supporting the “function-art-manufacturing” collaborative generation

goal.

Table 4. Ablation Study Results (Validation Set, mean * standard deviation, n=5)

Variant PE (%) { n CLIP Score I ICR (%) ™

Full Model 3.2+04 0.93+£0.02 0.78 +£0.02 96.8+0.7
—Functional Constraints 11.7+0.9 0.38 £0.04 0.77 £0.02 95.1+1.2
—CLIP Semantic Alignment 3.3+0.3 0.92 +0.03 0.41+0.03 96.5+0.8
—Interlacing Cycle Regularization 3505 0.91+0.02 0.76 £ 0.02 72.3+3.1
—Curriculum Learning Strategy 41+0.6 0.89£0.03 0.74 £0.03 926124
Variant PE (%) \ (\eta) P CLIP Score ICR (%) T

Note: | indicates that lower values are better, 1 indicates that higher values are better; n is only calculated for the subset of
samples with conductive functionality enabled; all differences were statistically significant based on paired t-tests, with p < 0.01

considered significant.

DISCUSSION

The core value of this study lies in developing a fabric generation framework that jointly considers function-
ality, artistry, and manufacturability. Its effectiveness comes from formulating textile design as a structured
conditional generation problem in which functional requirements, artistic semantics, and process constraints

are optimized jointly. In this sense, the proposed method is not intended to simply reproduce the deterministic
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outputs of tools such as TexGen or Blender; rather, these tools are only used for dataset construction, while
the model learns a multimodal prompt-conditioned mapping to manufacturable textile structures. Functional
objectives are encoded as yarn-level structural constraints, artistic intent is introduced through multimodal
alignment, and manufacturability is maintained through process-aware regularization. This allows the gener-
ated results to move beyond purely visual patterns or purely engineering-driven structures toward practically
usable fabric designs. The curriculum learning strategy should be understood as a training schedule rather
than a physical weaving sequence: it first stabilizes learning in the structurally feasible design space and then
gradually increases semantic and stylistic complexity during optimization.

However, the current framework still has several limitations. It remains less reliable when handling highly
abstract or vague artistic descriptions, which may cause mismatches between intended style and functional
structure. In addition, the current generator outputs a 2D/2.5D textile mesostructure representation rather
than a fully explicit 3D yarn geometry. Accordingly, quantities such as porosity are estimated through surro-
gate models under predefined process assumptions, including yarn diameter, layer thickness, and stacking
relations, rather than being derived from unrestricted volumetric reconstruction. Although this approximation
improves computational efficiency, it simplifies complex multi-physics behavior and may not fully reflect real
service conditions. Likewise, the training curriculum does not imply that manufacturability and aesthetics are
physically realized in separate stages in actual weaving; in practice, pattern expression and weave structure
remain inherently coupled. The dataset, while covering representative functions and styles, remains limited in
scale relative to the combinatorial space of functional requirements and artistic styles. Although the robust-
ness and ablation results suggest that the model does not simply memorize training samples, the current
data scale may still constrain stylistic diversity and long-tail generalization, especially for rare function-style
combinations. Moreover, although the current comparison covers engineering-oriented and visual-generation
references, it does not yet include discrete generative models specifically designed for structured textile
representations, such as VQ-VAE- or Transformer-based sequence generators, which would provide a stricter
structural comparison.

These limitations suggest several future directions. Incorporating textile domain knowledge, such as a textile
knowledge graph, may improve the mapping from semantic descriptions to structural parameters. Linking the
generation framework with digital looms and real measurement feedback could further support a closed-loop

“design-manufacture-validation” workflow. Future evaluation can also be strengthened by introducing more
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structure-aware generative baselines for discrete weave and yarn-path generation. More broadly, integration
with sustainable material databases and lifecycle assessment tools may extend the framework toward greener

and more deployable intelligent textile design.

CONCLUSION

This study addresses the long-standing disconnect among artistic expression, physical performance, and
manufacturability in functional fabric design by proposing a multimodal collaborative generation method
tailored to the textile domain. The method uses manufacturable yarn paths as a unified representation and
integrates weave pattern representations, functional surrogate models, and interlacing cycle regularization
mechanisms. It achieves end-to-end generation from natural language descriptions to mesostructures on
the TextileArt-Weave v1.0 dataset. Experimental results on the test set show that the proposed method
significantly outperforms existing baselines on four core metrics: porosity error (3.2 + 0.4%), conductive
connectivity (0.93 + 0.02), semantic alignment (CLIP Score 0.78 + 0.02), and interlacing cycle compliance rate
(96.8 £ 0.7%). These results indicate that the proposed framework can jointly address functional, artistic, and
manufacturability requirements within a unified generative setting.

The main contributions of this study are as follows. First, we constructed the TextileArt-Weave v1.0 dataset,
containing 8,642 samples, which provides aligned weave patterns, functional fields, cultural semantic texts,
and multi-view images for collaborative functional fabric generation. Second, we proposed quantifiable textile
manufacturing constraints, such as ICR, and embedded them into the generative loss function, resulting in
a process feasibility of 96.8 + 0.7% on the test set, far outperforming pure visual generation models (ICR =
0%). Third, we validated the necessity of functional constraints, semantic alignment, and curriculum learning
strategies through ablation studies, with the removal of the interlacing cycle regularization causing ICR to drop
sharply to 72.3 £ 3.1% on the validation set, highlighting the value of domain-specific design. Academically,
this work extends generative modeling to textile manufacturing and advances a paradigm of structurally
executable generation. Practically, it supports tasks such as conductive pattern layout for smart scarves and
the embedding of intangible heritage patterns into breathable sports fabrics, reducing manual sampling effort
and improving deployability.

Based on the limitations of the current work, future research could expand in three directions: first, enhancing
the structured parsing ability of abstract semantics by integrating a textile knowledge graph to improve the

robustness of semantic-structure mapping; second, constructing a generative-weaving-feedback closed-loop
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system to iteratively optimize surrogate models based on real-world performance feedback; third, extending
the method to multi-material gradient fabrics or biomimetic microstructure design. Furthermore, the “func-
tion-semantic-process” collaborative modeling approach in this framework may also be transferable to fields
such as composite material layups and flexible electronic device layouts, providing methodological support
for meso-scale intelligent design.
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