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FabricGen: Microstructure-Aware Woven Fabric Generation
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Figure 1. We present FabricGen, an end-to-end material generation framework that generates woven fabric materials with fine details,
enabling non-expert users to create diverse and highly detailed fabric materials for photorealistic rendering.

Abstract

Woven fabric materials are widely used in rendering appli-
cations, yet designing realistic examples typically involves
multiple stages, requiring expertise in weaving principles
and texture authoring. Recent advances have explored dif-
fusion models to streamline this process. However, pre-
trained diffusion models often struggle to generate intricate
yarn-level details that conform to weaving rules. To address
this, we present FabricGen, an end-to-end framework for
generating high-quality woven fabric materials from tex-
tual descriptions. A key insight of our method is the de-
composition of macro-scale textures and micro-scale weav-
ing patterns. To generate macro-scale textures free from
microstructures, we fine-tune pre-trained diffusion models
on a collected dataset of microstructure-free fabrics. As for
micro-scale weaving patterns, we develop an enhanced pro-
cedural geometric model capable of synthesizing natural
yarn-level geometry with yarn sliding and flyaway fibers.
The procedural model is driven by a specialized large lan-
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guage model, WeavingLLM, which is fine-tuned on an an-
notated dataset of formatted weaving drafts, and prompt-
tuned with domain-specific fabric expertise. Through fine-
tuning and prompt tuning, WeavingLLM learns to design
weaving drafts and fabric parameters from textual prompts,
enabling the procedural model to produce diverse weaving
patterns that stick to weaving principles. The generated
macro-scale texture, along with the micro-scale geometry,
can be used for fabric rendering. Consequently, our frame-
work produces materials with significantly richer detail and
realism compared to prior generative models.

1. Introduction

Woven fabric materials are commonly utilized in digital hu-
man modeling, interior design, and cinematic productions.
Due to their unique weaving pattern and appearance, tra-
ditional fabric material design typically involves multiple
stages, including weaving pattern creation (e.g., using tools
like Substance Designer), texture authoring, and shading
parameter tuning. The process is time-consuming, even for
experienced artists. There is a growing demand for acces-
sible tools that allow casual users to create photorealistic
fabric materials from text, without any prior knowledge of
fabrics or textiles.
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Diffusion models have shown impressive capabilities in
generating images and even in creating materials [17, 21—
23]. Recently, it has also been introduced for text/image-
guided fabric material generation [4, 29]. While these mod-
els have significantly lowered the barrier to fabric mate-
rial creation, the generated materials often produce artifi-
cial stripes, exhibit physically implausible patterns, or omit
fabric microstructures, leading to unrealistic close-up ren-
derings. The main challenges arise from the limited ability
of diffusion models pretrained on natural images to gen-
erate microstructures, as well as the difficulty of applying
constraints to the generation process.

In this paper, we introduce a novel framework, Fabric-
Gen, designed to generate detailed woven fabric materials
from text. This framework produces highly detailed mi-
crostructures while sticking to weaving principles, without
requiring complex manual design. The core of our frame-
work lies in the decomposition of macro-scale textures and
micro-scale weaving patterns. The macro-scale texture is
generated by a fine-tuned diffusion model, while the micro-
scale patterns are crafted by a large language model (LLM)-
driven procedural geometric model.

Since macro-scale textures need to be free of microstruc-
tures, pre-trained diffusion models alone cannot adequately
produce this type of fabric. To address this, we collect
a dataset of microstructure-free fabrics to fine-tune a pre-
trained diffusion model, allowing us to generate a macro-
scale texture/albedo map. When it comes to micro-scale
weaving patterns, two key challenges arise: first, existing
procedural models struggle to create natural yarn-level mi-
crostructure due to missing crucial features such as random
sliding and flyaway fibers. Second, even with procedural
models, experienced artists are typically required to design
the weaving drafts and corresponding parameters. To tackle
these challenges, we first propose an advanced procedu-
ral model for woven fabric that enhances randomness and
generality. Additionally, we customize a domain-specific
LLM to design weaving draft and fabric parameters. The
LLM is supervised fine-tuning (SFT) on a collected weav-
ing draft dataset and further prompt-tuned with fabric ex-
pertise to learn the weaving rule and priors of woven fab-
rics, enabling an end-to-end generation without any manual
design or prior knowledge of woven fabrics.

The albedo generated from the fine-tuned diffusion
model, along with the microstructure data (e.g., normal,
tangent) produced by the procedural model, can be used
for fabric rendering using a fabric shading model. Conse-
quently, our framework is capable of creating fine-grained
materials with rich microstructures, guided by only text or
together with images. This demonstrates a significant im-
provement in quality over previous generative models that
were specialized for fabric materials or general materials.

To summarize, our main contributions include:

* a novel fabric generation framework—FabricGen, which
decomposes macro-scale textures and micro-scale weav-
ing patterns to enable the generation of highly detailed
woven fabric materials,

* an LLM-driven procedural model for generating diverse
micro-scale weaving patterns from text, along with multi-
ply yarn geometry, yarn sliding, and flyaway fibers,

* a fine-tuned diffusion model for generating
microstructure-free fabric textures from text/image.

2. Related Work

Material generation Material generation has emerged
as an active research area, aiming to synthesize plau-
sible textures from images or text prompts [1, 16, 21—
23, 29, 32]. Early works primarily adopted generative ad-
versarial networks (GANs) to model high-frequency de-
tails [1, 16, 32], e.g., TileGen [32] combined tileable Style-
GAN?2 variants [8] with conditional patterns to reconstruct
artifact-free SVBRDF from single images under material
category constraints. Recent approaches increasingly lever-
age diffusion models [11, 21-23, 26, 28]. ControlMat [22]
formulates SVBRDF reconstruction as conditional synthe-
sis, generating tileable high-resolution materials from un-
controlled photos. MatFuse [23] enables controllable gen-
eration and editing of 3D materials via multi-modal con-
ditioning and latent manipulation. MaterialPicker [11] em-
ploys a Diffusion Transformer for text or photo-guided gen-
eration with distortion correction. ReflectanceFusion [26]
adopts a tandem diffusion framework for text-driven ed-
itable SVBRDEF. Generative neural materials [15] produce
BTFs from text or images via a universal NeuMIP ba-
sis. Chord [28] utilizes two-stage diffusion and decompo-
sition for high-quality SVBRDF generation. While these
diffusion-based methods have significantly advanced gen-
eral material generation, they still face common limita-
tions: the inability to enforce domain-specific structural
rules (e.g., weaving principles in fabrics), difficulty in pro-
ducing realistic yarn-level microstructures, and resolution
constraints that hinder fine-grained close-up rendering.

Fabric material generation Recently, there are some
methods that focus on fabric generation [4, 29]. FabricD-
iffusion [29] formulates texture transfer as tileable material
generation via diffusion, enabling distortion-free PBR tex-
tures to be generated from a single clothing image. Dress-
Code [4] employs a fine-tuned Stable Diffusion model with
three distinct decoders to synthesize tile-based PBR textures
(diffuse, normal, and roughness maps) from text prompts.
While these methods are robust to surface variations
and enable diverse outputs, their resolution limitations of-
ten lead to blurred details and structural artifacts. Differ-
ent from the above works, we propose a new approach: the
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Figure 2. Overview of FabricGen. Our fabric material creation framework consists of two main components: (a) an LLM-driven procedural
microstructure generator that generates yarn-level microstructures along with fabric parameters, and (b) a texture generator that generates
tileable, macro-scale textures from a text prompt (and optional image). Note that the two components require distinct prompts.

weaving pattern is generated separately from the color pat-
tern by an LLM-driven procedural model, which ensures
both pattern diversity and fine fabric details. To the best of
our knowledge, no existing work built for text-to-procedural
microstructure generation.

Procedural fabric model Prior works have proposed var-
ious procedural geometric models for woven fabrics. One
class of methods models fabrics at the yarn, ply, or even
fiber level using explicit curves [10, 12, 18, 25, 31, 33].
These approaches achieve photorealistic results but rely on
explicit geometric representations at the ply or even fiber
level, incur computational and storage costs during both
data generation and rendering. In contrast, another class
of surface-based methods [6, 7] treats the fabric as a 2D
sheet and procedurally generates spatially-varying normals,
tangents, and heights for rendering. By avoiding explicit
geometry construction and intersection tests, surface-based
models are highly efficient and integrate seamlessly with
traditional rendering pipelines.

However, existing surface-based models have notable
limitations: they typically assume single-ply yarns and ne-
glect global irregularities, such as yarn sliding and flyaway
fibers that contribute to natural fabric irregularity. In this pa-
per, we propose an enhanced procedural geometric model to
handle these issues.

3. Background

Microstructure of woven fabric Woven fabrics are typ-
ically composed of horizontal and vertical yarns (namely,
wefts and warps) interlaced in specific weaving patterns.
The weaving pattern within a repeat unit can be represented
as a binary matrix, referred to as a weaving draft. The di-
verse configurations of warp and weft yarns allow for the

weaving draft

weaving pattern

L TN ( flyaway
-
N
yarn ply fibers
(b) (©

Figure 3. Woven fabrics are typically constructed by interlacing
weft and warp yarns following specific patterns (b), which can be
represented via a binary matrix, named weaving draft (a). Each
yarn may consist of multiple plies, and each ply can be further di-
vided into a number of fibers. Some fibers escape from the surface,
resulting in irregular flyaway fibers (c).

creation of a wide variety of appearances [2], which are
typically designed by skilled artists. Previous works [7, 19]
typically focus on several classical patterns (twill, satin, and
plain), ignoring the diversity implied in weaving patterns.
In this paper, we first propose to generate weaving patterns
directly from natural language descriptions.

As for yarn, each yarn may consist of a single strand or
multiple strands (namely, plies), and each ply is composed
of numerous fine fibers that are twisted together. Beyond
these regular patterns, there are also some irregular features
in the fabric, such as flyaway fibers escaping from the sur-
face and yarns occasionally slipping out of place. We illus-
trate the basic composition of woven fabric in Fig. 3.

Procedural yarn representation Existing methods [6, 7]
model yarns as curved cylinders, where the yarn centerline
is represented as a circular arc parameterized by the maxi-
mum inclination angle u,ax, and the yarn cross-section is
assumed to be circular, with individual fibers twisted around
the yarn surface at a specified twist angle 1.

The model analytically projects the 3D yarn geometry on
the 2D UV domain. Formally, the procedural model F can
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be defined as a set of geometric functions over UV space:

F= {n(p), t(p), h(p)}, p=(2,y) € [07 1]2a (1

where p denotes the UV coordinate, n the surface normal,
t the tangent direction (or namely, orientation), and h the
relative height field. Together, these functions define a pa-
rameterization of the yarn-level microstructure over the UV
domain, enabling seamless integration with traditional ren-
dering pipelines and allowing direct export of derived maps
(e.g., normal, height, or tangent maps).

4. FabricGen: a two-scale fabric material gen-
eration framework

In this paper, we propose FabricGen, a novel fabric ma-
terial generation framework, which generates high-quality
fabric materials in an end-to-end manner given natural lan-
guage prompts. At the core of the framework is the de-
coupling of the macro-scale fabric texture/albedo genera-
tion (Sec. 4.1) and the micro-scale fabric microstructure
generation (Sec. 4.2), where the former is generated by a
fine-tuned diffusion model and the latter is generated via
an LLM-driven procedural geometric model. The diffusion
model allows the diverse creation of macro-scale fabric tex-
tures, and the LLM-driven procedural model creates diverse
and detailed microstructures. Finally, we employ fusion
rendering using SpongeCake [24], a layered shading model.
Rendering details are provided in the supplementary mate-
rial. As a result, our framework produces materials that ex-
hibit both visual diversity and fine-grained structural detail.
An overview of our framework is shown in Fig. 2.

4.1. Macro-scale fabric texture generation

Previous works [4, 29] leverage diffusion models to gener-
ate fabric materials, by fine-tuning the pre-trained diffusion
model with a collection of fabric materials. Their gener-
ated materials are supposed to include both the texture and
the fabric microstructure together. Unfortunately, due to
resolution limitations and the lack of structural constraints,
the resulting materials often violate weaving rules or en-
tirely omit microstructural details. To address these issues,
we constrain the generative model to produce pure albedo
maps that exclude microstructures. To this end, we collect a
dataset of microstructure-free fabric textures and then fine-
tune the pre-trained diffusion model with this dataset to gen-
erate albedo maps. In addition to text prompts, the gener-
ative model also supports optional fabric image conditions.
Additionally, the generated materials should be seamless.

Diffusion model fine-tuning We collect a dataset of 600
microstructure-free fabric textures along with the corre-
sponding description. Using the collected dataset, we fine-
tune the FLUX.1-dev [9] model with LyCORIS [27], adapt-
ing its output to directly produce microstructure-free albedo

maps and converting a general-purpose image generator
into a fabric-specific albedo generator. We incorporate
noise rolling mechanism [22] to ensure tileability. Training
details are shown in the supplementary.

Multimodal conditioning Our model also supports mul-
timodal conditioning by inputting fabric images, either flat
or with wrinkles. The input image is encoded into the latent
space via a VAE decoder, and the resulting latent vector is
used as an initialization condition for the diffusion model.
This guides the generation process to suppress geometric
wrinkles while preserving the original pattern style.

4.2. LLM-driven procedural microstructure gener-
ation

Besides the macro-scale texture, the key to fabrics is the
microstructure, consisting of several levels (weaving pat-
tern, yarn, ply, and fiber), as described in Sec. 3. Generat-
ing these hierarchical structures is challenging for diffusion
models [4, 29] due to their limited output resolution. To
this end, we resort to the procedural model for microstruc-
ture generation and leverage a LLM for weaving draft cre-
ation. Unfortunately, existing surface-based procedural ap-
proaches [6, 7] generally neglect global irregular features,
and their single cylinder model does not support multi-ply
configuration. To handle these issues, we propose a novel
procedural geometric model with enhanced expressiveness
and natural irregularity.

Procedural geometric model Our procedural model de-
fines the yarn-level microstructures given a weaving pat-
tern draft and a set of yarn parameters. We model plies
in a yarn as curved helices, enabling multi-ply configura-
tion, as shown in Fig.4. We also introduce some global ir-
regular features, including yarn sliding and flyaway fibers.
All these components constitute our final procedural geo-
metric model, which produces spatially-varying geometric
data, such as normal, orientation, and height (as visualized
in Fig. 5). Notably, our model does not require explicit
generation of these maps. Instead, it supports on-demand
queries, enabling ultra-fine details without the need for pre-
computing or storing high-resolution textures. Further de-
tails of our procedural model are provided in Sec. 5.

Weaving draft generation With the proposed fabric pro-
cedural model, it’s still not clear how to design the weav-
ing pattern and geometric parameters automatically. There-
fore, we propose WeavingLLM, a fine-tuned LLM that
learns to generate formatted weaving drafts and correspond-
ing parameters (e.g., roughness and ply counts) from nat-
ural language prompts, just like an experienced designer.
The model is fine-tuned from the pre-trained Qwen2.5-14B-
it [20] model using QLoRA [3] on a collected dataset of
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Figure 4. Curved helix model for multi-ply yarns. The model
achieves analytical normal/orientation formulation, where the yarn
space arc parameters u, v are linear mapped from UV space.

1,142 annotated weaving drafts sourced from Handweav-
ing.net [2]. All drafts are constrained to a maximum size
of 16x16. In addition to fine-tuning, we apply prompt tun-
ing with domain-specific fabric expertise, enabling LLM to
learn the prior knowledge of various types of fabrics.

Given a text prompt, WeavingLLM first generates a bi-
nary matrix as the weaving draft. The LoRA adapter is then
disabled, and the base LLM predicts the fabric parameters
following the fabric expertise. The weaving draft and pa-
rameters are subsequently used for procedural microstruc-
ture synthesizing and rendering. The LLM instructions, pa-
rameters list, and fine-tuning details are provided in the sup-
plementary material.

Since we only generate the weaving pattern within a
repeat unit, our model inherently adheres to fundamental
weaving principles and produces rich details. The gener-
ated weaving drafts are constrained to a maximum size of
16x16; therefore, in theory, a loom with 16 shafts and trea-
dles can physically realize any output of our model.

5. Procedural geometric model

In this section, we introduce our procedural geometric
model with several novel components. We first introduce
the curved helix model for multi-ply yarns. Then, we dis-
cuss how to model natural irregularities.

5.1. Curved helix model

Previous works [6, 7] model yarns as curved cylinders,
which only support single-strand yarn configuration. Wu
et al. [25] model plies as helix curves. However, it requires
explicit storage and rendering of each curve. Instead, we
propose a procedural curved helix yarn model to map ply-
level geometry directly from UV coordinates, depicted in
Fig. 4. We model yarn centerline as a circular arc, while in-
dividual plies form helices around the yarn centerline with
rotation speed o. We parameterize the plies through yarn
space arc coordinates v and v, which are linearly projected
from surface UV coordinates x,y. Therefore, we drive the
analytical normal n, orientation t and height h:

normal orientation height
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Figure 5. Visualization of the normal, orientation and height maps
of a 3-ply basket weave. The parameters of this case are provided
in the supplementary material.

[sin(u) cos(v)
n(u,v) = sin(v) , )
| cos(u) cos(v)
i cos(u)
Oply(u) = —racos(p(u)) . 3)
| —sin(u) — rasin(p(u))
t(u,v) = rotate(oply,n, ) 4)
h(u,v) = rcos(¢(u))+ cos(u)(R + rpiy cos(v)), (5)
e(u) = ¢(0)+uRa. (6)

where R is the radius of the yarn arc, rpy is the ply ra-
dius, r is the distance from the ply center to the yarn center,
©(u) indicates rotational phase of ply along the axis, ©(0)
is the initial phase of the ply. The fiber orientation t comes
from rotating the ply orientation oy, around the normal at
a certain twist angle ¥. An visualization of these geometric
functions is shown in Fig. 5. More derivation and configu-
ration details are provided in the supplementary material.

5.2. Global irregular effects

To model natural irregularities of woven fabric, existing
methods [6, 7] apply perturbations to the specular re-
flectance or the height field, thereby achieving a macro-
scopic irregular appearance. However, they neglect essen-
tial global irregular effects, such as yarns sliding out of
place and fibers escaping from the surface. In this section,
we discuss how to simulate these phenomena.

Yarn sliding The yarn arrangement in real fabrics is not
always regular but exhibits inherent positional randomness,
manifesting as yarn sliding. Thus, we model this effect
by perturbing yarn positions using continuous procedural
noise. Given a UV point p = (z,y) following the coor-
dinate system in Fig. 4, we introduce axial (z-direction)
ID Perlin noise P(x) on the yarn, then apply radial (y-
direction, y € (0, 1)) perturbations through:
0.5+ (y—0.5)(1 —

Ys = ksliding|P(x)|)a (7)
Esliding P (=)
Y = Y5 e ) ®)

where y, denotes the scaled position, ¥, is the final per-
turbed coordinate, and Kgjiding is a user-defined parameter
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Figure 6. Comparison on text conditioning. Given text prompt, DressCode [4] and MatFuse [23] generate PBR textures, which struggle to
capture fine fabric details, resulting in blurring and distortion in close-up views. In contrast, our method generates procedural microstructure
together with macroscale texture, ensuring a realistic appearance in both macro and close-up views.

Table 1. Quantitative comparisons between our method, Mat-
Fuse [23], and DressCode [4].

MatFuse DressCode Ours

Text conditioning

CLIP Score 1 0.240 0.307 0.317
User study 1 1.43% 16.02% 82.55%

Text and image conditioning
CLIP-IScore T 0.722 N/A 0.827

that controls the sliding strength. The bijective mapping
f : y — vy, enables practical implementation through in-
verse queries to retrieve regular coordinates from irregular
space. This sliding mechanism reveals otherwise occluded
lower-layer yarns, with visual plausibility guaranteed by our
procedural model.

Flyaway fibers Flyaway refers to fibers escaping from
the fabric surface. To model this, we propose to intro-
duce an additional fiber layer with stochastic fiber orien-
tations in the SpongeCake model, where the 3D fiber ori-
entation field 0gyaway (P) is constructed from two 2D Per-
lin noise Ny, No, where IN; controls the fiber position and
horizontal orientation, and N5 controls the vertical orien-
tation. Though carefully design, our stochastic orientation
field exhibits a continuous fiber-like distribution. Detailed
configuration is provided in the supplementary material.

6. Results

In this section, we first present our fabric material genera-
tion results and compare them with two representative text-
to-material methods: DressCode [4], which targets fabric
material generation, and MatFuse [23], which focuses on
general materials. Then we present our results with image
conditioning, and compare them with MatFuse. Finally, we
perform ablation studies on several key components of our
pipeline. All training, inference, and rendering are executed
and evaluated on an NVIDIA RTX 4090 GPU.

6.1. Fabric material generation

Text conditioning We compare our method with Dress-
Code and MatFuse in Fig. 6. Given text prompts, both prior
methods generate PBR texture maps, while ours produces
macro-scale textures and micro-scale weaving patterns (vi-
sualized as normal, orientation, and height map). By render-
ing the generated materials on a cloth mesh, existing meth-
ods yield plausible results at a distance but suffer from blur-
ring and distortion under close-up inspection. In contrast,
our method faithfully preserves fine-scale fabric details, de-
livering high visual fidelity at both the macro and micro lev-
els. We quantitatively evaluate our results using the CLIP
Score [5] and a user study. The CLIP Score is computed as
the average over 100 generated materials from diverse text
prompts, measured between each prompt and plane render-
ing. The user study includes 12 cases, in which 64 par-
ticipants are asked to choose the result that best matches
the prompt and appears most realistic. As shown in Tab 1,
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Figure 7. Comparison on text and image conditioning. Given
both text and image prompts, our generated materials achieving
better consistency and richer detail than MatFuse [17].

our method achieves higher CLIP Scores and receives better
user preference, demonstrating better semantic alignment,
perceptual quality, and visual realism. More results cover-
ing a wide range of patterns and examples of our user study
are provided in the supplementary material.

Image conditioning In addition to text-based generation,
our method also supports additional image conditioning,
providing enhanced controllability over the generated ma-
terials. We compare our method with MatFuse [23] on the
same text and image conditions, as shown in Fig. 7. To eval-
uate the results, we compute the average CLIP-I Score [14]
between the rendering result and input image, as shown in
Tab. 1. The results demonstrate that our method matches
better with the input image. Although FabricDiffusion [29]
is not included since it is not fully open-sourced, it shares a
similar scheme (Diffusion-based generation) and limitation
(lack of yarn-level details) with MatFuse. More results are
provided in the supplementary material.

6.2. Ablation studies

Impact of WeavingLLM We first validate the necessity
of fine-tuning a LLM in Fig. 8, by comparing WeavingLLM

spot bronson, lace

herringbone twill

Figure 8. Comparison among WeavingLLM, Qwen2.5 [20],
and GPT-5 [13]. COSSIM indicates the cosine similarity of
Fourier spectra, and PERF indicates the user preferences ratio. All
renderings use a pure gray albedo map. More reference drafts are
provided in the supplementary material.

Renderings

Weaving draft ~ w/ prompt-tuning w/o prompt-tuning ~ Reference

herringbone twill

; ugh'surfa
rough'surface

satin

n effect

Figure 9. Impact of prompt-tuning. The parameters predicted
by WeavingLLLM successfully reproduce the rough appearance of
herringbone twill and the anisotropic sheen of satin, whereas pa-
rameters predicted by the base LLM fail to reproduce this effect.

and our base model, Qwen2.5 [20], and GPT-5 [13]. To
quantitatively evaluate the quality of the generated weaving
pattern, we find several reference drafts in the dataset that
match the description, and then compute the average co-
sine similarity of the Fourier spectra between the generated
draft and all reference drafts. In addition, we conduct a user
study, inviting 60 participants to select the best-matching
pattern based on the given prompt and reference examples.
Moreover, we compute the learned perceptual image patch
similarity (LPIPS) [30] between the rendering of generated
draft and reference draft. The results demonstrate that the
drafts generated by WeavingLLM match better with the ref-
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Figure 10. Impact of macro-scale texture generator. The
diffusion model pre-trained on natural images occasionally pro-
duces unintended 3D artifacts (first row) or implicit stripes (third
row), whereas our fine-tuned model is capable of generating
microstructure-free albedo maps. The results in the fourth col-
umn use the regular twill pattern in Fig 2.

Ours Ours

w/o irregularity w/ irregularity  Jin et al. Captured photo
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LPIPS|: 0.352
w/o flyaway

LPIPS|: 0.464

LPIPS|: 0.499 LPIPS|: 0.354 LPIPS|: 0.471

Figure 11. Impact of irregular effects. Irregular yarn displace-
ments in real fabrics often result in strip-like gaps between yarns,
and fibers escaping from the surface cause irregular highlights.

erences, both in terms of quantitative analysis and user per-
ception. More results cover a wide range of patterns are
provided in the supplementary material.

Furthermore, we illustrate the necessity of prompt-
tuning the LLM in Fig. 9. Since each type of pattern has
a specific characteristic, parameters generated by an LLM
without domain-specific priors may lead to an unrealistic
appearance that contradicts daily experience. In contrast,
with the given fabric expertise and priors, WeavingL.LM is
able to predict reasonable parameters according to the pat-
tern characteristics.

Impact of macro-scale texture generator We illustrate
the necessity of fine-tuning the diffusion model in Fig. 10.
The original FLUX model occasionally generates 3D ob-
jects or implicit stripes, even if we have already instructed
the model to output “no microstructure, no folds, no wrin-
kles” textures. These implicit details result in baked shad-
ows and visually chaotic appearances. In contrast, our fine-
tuned model produces microstructure-free fabric textures,
along with the procedural microstructure, yielding cleaner
and more stable rendering results.

Impact of our irregular effects We validate the influence
of yarn sliding and flyaway in Fig. 11. By introducing yarn
sliding effect, our rendering matches the strip-like gaps of
real fabric. By introducing flyaway fibers, we reproduce
the stochastic specular highlights captured in real photo. In
contrast, the previous method [7] only applies simple per-
turbations on the color and height field, which are insuffi-
cient to capture these complex effects. To quantitatively val-
idate our method, we compute the LPIPS between the ren-
derings and captured photos, demonstrating that our method
matches better with the irregularity of real fabrics.

6.3. Discussion and limitations

Our approach currently focuses on printed woven fabrics.
However, there exist other types of fabrics, such as knitted
fabrics, plastisol print, jacquard, and embroidery. Extend-
ing support to more diverse types is left as future work.

7. Conclusion

We introduce FabricGen, an end-to-end framework for gen-
erating high-fidelity woven fabric materials from text/image
prompts. By decoupling macro-scale texture synthesis from
micro-scale geometry modeling, our method produces pho-
torealistic and semantically accurate fabric materials. At
the macro level, we fine-tune a diffusion model to produce
seamless, microstructure-free textures. At the micro level,
a procedural geometry model guided by WeavingLLM, a
domain-specific language model, synthesizes detailed yarn-
level microstructures with natural irregularities. Our results
demonstrate significantly improved detail, realism, and se-
mantic alignment compared to state-of-the-art baselines,
making it suitable for digital human clothing, interior de-
sign, and other applications. Quantitative metrics and user
studies confirm the effectiveness of our approach. Extend-
ing our method to a broader range of textile types remains
an open direction for future work.
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