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Fig. 1. We present PatternGSL, a template-free approach for reconstructing garment sewing patterns from images. Built upon PatternGSLData—a large-scale
image-to-pattern dataset with 300K samples—our method learns to predict structured pattern representations that can be directly simulated as 3D garments.
In our current dataset and evaluation, PatternGSL covers diverse topologies ranging from 2 to 37 panels and generalizes to in-the-wild photographs. Compared
to prior methods, our approach produces higher-fidelity reconstructions while maintaining simulation compatibility. The predicted patterns further support
intuitive editing operations such as scaling and component removal.
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Reconstructing realistic, physically plausible garments from a single image
remains a fundamental challenge. Template-free methods capture surface
geometry but lack explicit sewing structure for simulation; while program-
matic systems are simulation-ready but constrained by predefined templates.
This reveals a fundamental representation gap between geometric recon-
struction and structured garment construction. We present PatternGSL, a
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structured garment representation in the form of a template-free and learn-
able specification language that encodes complete sewing patterns, including
panel boundaries, parameterized seams, and explicit stitch topology, in a
compact and standardized form. PatternGSL preserves the physical rigor
of pattern-based models while removing template dependence, elevating
sewing structure as a first-class target for generative modeling. We further
propose a vision-language framework that predicts PatternGSL specifica-
tions directly from a single image and decodes them into garments using
lightweight deterministic validity handling, without optimization-based re-
finement or manual cleanup. In addition, we introduce PatternGSLData, the
first large-scale image-to-GSL paired dataset comprising 300K samples with
complete sewing pattern annotations, enabling supervised VLM training
for structured garment reconstruction. Experiments demonstrate improved
pattern accuracy over prior baselines, explicit sewing-structure recovery,
reliable cloth simulation, and pattern-level editing through the same deter-
ministic decoding pipeline. Code and data-processing scripts will be released
at https://github.com/PatternGSL/PatternGSL.

CCS Concepts: • Computing methodologies → Computer graphics;
Shape modeling; Computer vision; Machine learning.

Additional Key Words and Phrases: Garment modeling, Sewing patterns,
Structured specification language, Simulation-ready garments, Image-based
3D generation
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1 Introduction
Reconstructing realistic and physically plausible garments from
images remains a key challenge in digital fashion and 3D recon-
struction. Beyond visual fidelity, practical solutions must seamlessly
support physics-based simulation and downstream design work-
flows. Yet many prevailing learning-based approaches [Corona et al.
2021; Saito et al. 2019, 2020; Zhu et al. 2020] represent garments as
neural implicit shapes, optimized primarily for visual plausibility.
While such methods can capture diverse shapes without predefined
templates, their geometry-first formulations obscure sewing struc-
tures and tend to smooth out sharp seams and boundaries, which in
turn hinders their direct use in cloth simulation (Fig. 1).
At the other end of the spectrum, recent programmatic systems

for garment modeling highlight the advantages of explicit structure.
GarmentCode [Korosteleva and Lee 2023], for example, introduces
a modular, simulation-ready framework in which garments are con-
structed through compositional programs that define components
and stitching operations. This design enables precise control over
garment construction and physical behavior. Nonetheless, Garment-
Code’s expressiveness is rooted in hand-crafted garment programs
and predefined components, which constrain the space of admissible
topologies. Consequently, the framework remains fundamentally
template-driven and has limited ability to infer novel sewing struc-
tures or arbitrary garment topologies directly from images.
These observations reveal a persistent representation gap. Real

garments are constructed from 2D fabric panels whose shapes, seam
curves, and stitching relationships jointly determine their 3D form
and physical behavior. Bridging this gap calls for a representation
that combines the physical rigor of pattern-based models with

the flexibility of template-free approaches, while remaining
compatible with learning-based systems. Such a representation
should explicitly encode sewing structure – panels, curves, and
stitches – so that reconstructed garments are immediately usable in
cloth simulation, yet avoid rigid, hand-crafted templates by support-
ing arbitrary topologies. At the same time, it must be sufficiently
regular and standardized to act as a stable, learnable target for
image-conditioned generative models.
To this end, we introduce PatternGSL, a new representation

that rethinks how sewing patterns are encoded for learning and
simulation. Rather than treating garments as fixed, hand-crafted
programs as in prior work, PatternGSL reframes sewing patterns
as a regularized, extensible, and learnable specification. It distills
the essential elements of garment construction into a standardized
language in which panels, seam curves, and stitch correspondences
are first-class primitives, decoupled from rigid program templates. In
doing so, we preserve the geometric precision and physical validity
that make pattern-based approaches appealing, while replacing
monolithic programswith a compositional representation that scales
to arbitrary garment topologies and can be predicted directly by
modern generative models.
Representation-wise, as shown in Fig. 2, we organize garments

into a clear hierarchy of panels, parameterized edges, and stitches,
explicitly separating continuous geometry from discrete topology
while preserving their correspondence. Panel boundaries are en-
coded with curve parameterizations that regularize shape yet re-
tain high fidelity along seams. Stitch relationships are structured
as explicit pairwise correspondences, rather than being inferred
heuristically. Collectively, this design elevates sewing patterns from
ad hoc, program-specific artifacts to a consistent, learnable format,
providing a stable interface between perception and simulation.
Algorithm-wise, we formulate single-image garment reconstruction
as the problem of generating a PatternGSL configuration. We train
a vision-language model to predict this structured representation
directly from an input image, leveraging its ability to generate long,
hierarchical outputs that adhere to the constraints of the language.
The resulting specification is parsed and decoded into a complete
sewing pattern with deterministic validity handling, and can then
be fed to a cloth simulator without optimization-based refinement
or manual cleanup.
Beyond reconstruction, PatternGSL’s explicit parameterization

enables direct and intuitive pattern editing. Designers can resize
panels by modifying vertex coordinates, reshape boundaries by ad-
justing curve parameters, or filter panels by removing parts. The
edited specification is then processed by the same deterministic
decoder used for reconstruction, preserving compatibility with the
simulation pipeline. This editability naturally extends to in-the-wild
scenarios, where patterns predicted from real-world images can be
iteratively refined to meet design requirements. As shown in Fig. 1,
experiments on synthetic and in-the-wild datasets show that Pat-
ternGSL improves pattern accuracy and simulation reliability over
prior baselines, achieving 99.2% simulation success while supporting
flexible pattern editing. In summary, our contributions are:
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• A structured and template-free garment specification language,
dubbed PatternGSL, that regularizes sewing patterns as a learn-
able representation, explicitly encoding panels, edges, and stitches
while supporting arbitrary garment topologies;

• A vision-language-based generation framework that predicts
PatternGSL directly from a single image, together with a parser
and deterministic decoder that converts the prediction into
complete sewing patterns for simulation;

• PatternGSLData, the first large-scale image-to-GSL paired dataset
comprising 300K samples (250K synthetic + 50K photorealis-
tic) with complete panel, edge, and stitch annotations, enabling
supervised VLM training;

• Empirical validation on pattern accuracy, stitch correctness,
draping reliability, editing validity, and in-the-wild generaliza-
tion.

2 Related Work
3D Garment Reconstruction. Template-based approaches [Guan

et al. 2012; Pons-Moll et al. 2017; Santesteban et al. 2019; Vidaurre
et al. 2020] deform predefined meshes using parametric body mod-
els [Loper et al. 2015; Pavlakos et al. 2019; Xu et al. 2020]. Implicit
representations [Corona et al. 2021; He et al. 2021; Saito et al. 2019,
2020; Xiu et al. 2022] enable high-resolution digitization but produce
fused geometry. BCNet [Jiang et al. 2020] separates layers via depth
prediction; DeepFashion3D [Zhu et al. 2020] and MGN [Bhatnagar
et al. 2019] provide benchmarks. Text-driven methods [Huang et al.
2024; Liu et al. 2024b; Luo et al. 2024; Srivastava et al. 2024] generate
garments from descriptions. These output meshes or implicit fields
rather than simulation-ready sewing patterns.

Sewing Pattern Representations. Existing approaches show the
value of explicit sewing structure but often tie prediction to pre-
defined garment families. NeuralTailor [Korosteleva and Lee 2022]
predicts from point clouds but requires template selection; Sew-
Former [Liu et al. 2023c] uses transformers for panel prediction; Gar-
mentCode [Korosteleva and Lee 2023] provides a powerful program-
matic construction system with reusable components and stitching
operations. Our work builds on this sewing-based view, but targets
a canonicalized sequence representation for learning: panels are
deterministically ordered, vertices are preserved as indexed arrays,
and stitches explicitly reference panel-edge pairs. Thus PatternGSL
is not only a JSON serialization of sewing patterns, but a stable
output space for image-conditioned generation.

Recent methods also differ in output space and evaluation target.
GarmentX [Guo et al. 2025] uses autoregressive garment genera-
tion, while our representation keeps explicit panel, edge, and stitch
topology as the supervised prediction target. Dress-1-to-3 [Li et al.
2025b] recovers 3D garments using diffusion priors and differen-
tiable physics; in contrast, we directly predict 2D sewing patterns
as the primary output, enabling topology-aware supervision, pat-
tern editing, and direct cloth simulation. GarmentImage [Li et al.
2024] encodes patterns for CNN prediction but loses boundary in-
formation; GarmentDiffusion [Li et al. 2025a] generates patterns via
diffusion transformers. Physics-based cloth simulation [Li et al. 2020;
Narain et al. 2012; Tang et al. 2018] and differentiable simulators [Li

et al. 2022; Liang et al. 2019] provide the simulation backends used
by many of these systems.

GenerativeModels and Structured Prediction. Diffusionmodels [Ho
et al. 2020; Song et al. 2021a,b] achieve remarkable success in image
synthesis [Rombach et al. 2022; Saharia et al. 2022] with classifier-
free guidance [Ho and Salimans 2022]. For 3D generation, meth-
ods span text-to-3D [Lin et al. 2023; Poole et al. 2023], multi-view
synthesis [Liu et al. 2023b; Shi et al. 2024; Tang et al. 2024], and
meshes [Gao et al. 2022; Siddiqui et al. 2024]. Structured outputs in-
clude layouts [Chai et al. 2023; Inoue et al. 2023] and physics-aware
motion [Tevet et al. 2023; Yuan et al. 2023]. Large VLMs [Alayrac
et al. 2022; Bai et al. 2023; Li et al. 2023; Liu et al. 2024a] combine
visual encoders [Dosovitskiy et al. 2021; Radford et al. 2021] with
language models [Chiang et al. 2023; Touvron et al. 2023], excelling
at structured generation [Chen et al. 2021; Raffel et al. 2020] with
efficient LoRA fine-tuning [Hu et al. 2021]. We leverage VLMs by
designing GSL as a compact structured format.

3 PatternGSL

3.1 Design Goal
The goal of PatternGSL is to make sewing structure a direct pre-
diction target. A garment pattern is naturally discrete-continuous:
panels define 2D fabric pieces, boundary curves define their shape,
3D transforms initialize draping, and stitches define how edges
are assembled. We therefore seek a representation that is compact
enough for sequence generation, expressive enough for arbitrary
panel layouts, and explicit enough to be decoded into a cloth simu-
lation input.
PatternGSL follows this organization rather than hiding it in an

implicit embedding. Geometry and topology are separated, but their
correspondence is kept through indexed references: panels contain
ordered vertices and edges, and stitches point to specific panel-edge
pairs. This makes the output interpretable, editable, and learnable
as a structured language.

3.2 Representation Design
We instantiate PatternGSL as a hierarchical JSON structure with
three components (Fig. 2, top-left): (1) a meta block storing the
scale factor 𝜎scale, panel count, and boundary sample count 𝑁𝑠 ; (2) a
panels array storing geometry and placement; and (3) a stitches
array storing topology. The scale factor is part of the representation
rather than the output of a separate monocular scale estimator.
During training, coordinates are normalized using a fixed scale prior
and the corresponding value is stored in the meta fields; at inference,
the VLM predicts this scale token jointly with panel geometry and
stitch topology.

Panel Geometry. Each panel P𝑝 is encoded as a JSON object con-
taining its 2D boundary and 3D placement. The boundary is rep-
resented by an ordered vertex sequence {(𝑥 𝑗 , 𝑦 𝑗 )}

𝑛𝑝

𝑗=1 defining the
panel polygon. To make numeric tokens stable across garment sizes,
local coordinates are normalized as

vgsl = 𝜎scale · vlocal . (1)
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Fig. 2. The PatternGSL framework. (Top-left) GSL Representation: legend denotes edge types (line/quadratic/cubic/circle) and stitch types (same-side/cross-
side); sewing patterns are encoded into PatternGSL while preserving vertices, curves, and topology. (Top-right) Decoding: geometry recovery, repair (merging
short edges, removing invalid panels), stitching reconstruction, boxmesh generation, and physics simulation (NVIDIA Warp). (Bottom-left) VLM Pipeline:
PatternGSLData is combined with NanoBanana for back-view synthesis and photorealistic rendering; two-stage training (pre-training on FAKE, fine-tuning on
REAL) with ground-truth supervision; fire icons indicate trainable models. (Bottom-right) Inference: frozen Qwen-VL predicts PatternGSL from in-the-wild
images, then decoded and simulated into 3D garments.

For 3D placement initialization during draping simulation, each
panel stores six transform parameters: translations (𝑡𝑥 , 𝑡𝑦, 𝑡𝑧 ) and
rotations (𝑟𝑥 , 𝑟𝑦, 𝑟𝑧 ). The horizontal translations are normalized rela-
tive to a reference template width as (𝑡gsl𝑥 , 𝑡

gsl
𝑦 ) = (𝑡𝑥 , 𝑡𝑦 ) · 𝜎scale/𝑊ref,

while depth and rotations are preserved directly. Each panel carries
a binary side attribute (“front” or “back”) determined by sign(𝑡𝑧 ),
aiding VLM reasoning about garment structure.

Edge and Curve Representation. Edges connect consecutive ver-
tices and may be straight or curved. GSL supports four curve types
with explicit parameterization. To avoid absolute control-point coor-
dinates that varywith garment scale, curve parameters are expressed
relative to each edge endpoint. Line segments require no additional
parameters. Quadratic Bézier curves store (𝑐0, 𝑐1) and reconstruct
the control point as p𝑐 = p0 + (𝑐0, 𝑐1) · 𝐿, where 𝐿 is the edge length.
Cubic Bézier curves store four relative parameters for two control
points, and circular arcs store radius and orientation flags.
While parametric representations suffice for simulation, VLMs

benefit from explicit geometric supervision on curve shapes. For
curved edges, GSL additionally stores 𝑁𝑠 uniformly sampled points
along the curve. Critically, straight edges omit sample points entirely,
reducing token count substantially since most garment edges are
straight, while key curved edges (e.g., necklines, armholes, hemlines)
still receive rich geometric supervision.

Stitch Topology. Stitch relationships encode how panel edges are
sewn together during assembly. Each stitch is represented as a
JSON object with a unique stitch_id, along with source iden-
tifiers (from_panel_id, from_edge_index) and target identifiers
(to_panel_id, to_edge_index) that specify exactly which edges
are connected. This explicit encoding avoids ambiguity when ge-
ometrically close edges (e.g., front and back necklines) belong to
different panels. Unlike implicit representations where stitches must
be inferred from geometric proximity, GSL stores exact connectivity,
enabling precise topology recovery.

3.3 Canonicalized Encoding
Before tokenization, we canonicalize each garment specification so
that equivalent inputs produce a stable training target. Panel names
are sorted to assign deterministic panel IDs from 1 to 𝑃 ; vertex
ordering within each panel is preserved through indexed arrays; and
stitches are rewritten as explicit (panel_id, edge_index) references.
This stable ordering reduces avoidable output ambiguity for the
VLM.

Given panels {(P𝑝 ,T𝑝 )}𝑃𝑝=1 and stitches {S𝑠 }𝑆𝑠=1, encoding then
applies the normalization above and rounds numeric fields to two
decimal places. Edge types and relative curve parameters are in-
ferred from the input curvature fields. For curved edges, 𝑁𝑠 bound-
ary samples are evaluated along the parametric curve; for straight
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edges, samples are omitted. Finally, stitches are converted through
the canonical panel-ID mapping and invalid references are dis-
carded.

3.4 Deterministic Decoding and Validity Handling
The decoder inverts the structured encoding and performs light-
weight deterministic validity handling before simulation (Fig. 2,
top-right). It first reads the predicted 𝜎scale token from the meta
block and applies inverse normalization,

vlocal = vgsl/𝜎scale, (2)

with translations recovered analogously. No standalone body-scale
estimator is used. The depth 𝑡𝑧 is read directly when present or
initialized from the predicted side attribute.

Edges are reconstructed from the vertex arrays and curve param-
eters. When predicted curve parameters are missing or corrupted,
boundary samples provide a deterministic fallback; for example, a
quadratic Bézier control point can be recovered from the midpoint
sample in closed form. Stitches are reconstructed by mapping panel
IDs back to panel names. Before simulation, the decoder applies
deterministic checks such as merging short collinear edges, remov-
ing invalid panels, and validating stitch references. These steps are
rule-based sanitation rather than optimization-based refinement or
manual correction.

3.5 Representation Properties
The design gives PatternGSL four properties needed for image-to-
pattern learning.

Canonical topology: sorted panel IDs, preserved vertex order, and
explicit stitch references produce a consistent GSL target for a given
garment specification. Connectivity is stored directly as index pairs
rather than inferred from geometric proximity.

Geometric precision: coordinate quantization to two decimal places
bounds error to 𝜖 < 0.01/𝜎scale ≈ 0.04 mm, below typical simulation
tolerances (∼0.1 mm). Relative curve parameterization keeps this
precision independent of absolute garment scale.

Token efficiency: storing only boundary vertices yields𝑂(𝑛) tokens
per panel, relative curve parameters require 2–4 values per curved
edge, and straight edges omit samples. Typical garments encode
within ∼10K tokens.

Editability: geometric parameters have direct semantic meaning,
so users can modify vertex coordinates, curve parameters, or place-
ments and then run the same deterministic decoder. The complete
GSL schema is provided in the supplementary material.

4 Image-to-Pattern Prediction via Vision-Language Model
We use PatternGSL as the output space for single-image sewing-
pattern prediction.

4.1 Problem Formulation
As shown in Fig. 3, given a front-view RGB image, NanoBanana
synthesizes an auxiliary back view, yielding a paired input I ∈
R2×3×𝐻img×𝑊img . We predict the complete GSL specification, includ-
ing panel vertices, curve parameters, 3D transforms, stitches, and

the scale token. The task is conditional sequence generation:

𝑃 (𝐽 |I) =
𝑇∏
𝑡=1

𝑃 ( 𝑗𝑡 | 𝑗<𝑡 ,I;𝜃 ), (3)

where 𝐽 = { 𝑗1, . . . , 𝑗𝑇 } represents the GSL tokens output and 𝜃

denotes network’s parameters. This formulation naturally handles
variable garment complexity through variable-length sequences
while maintaining structured output constraints.

4.2 Model Architecture
We employ Qwen3-VL [Yang et al. 2025], consisting of a vision
encoder and language decoder. The front and synthesized back views
are patchified and encoded independently with shared weights,
producing Tfront and Tback. They are fused only in the language
decoder after concatenation with the instruction tokens. Thus the
synthesized back view is an auxiliary cue for hidden regions, rather
than a hard geometric constraint imposed before generation.
Vision Encoder. The front view and synthesized back view are

partitioned into flattened image patches I𝑝 ∈ R2×𝑛×𝑙 , where 𝑛 is the
number of patches per image and 𝑙 is the number of pixel values in
each patch. A shared-weight ViT encoder maps these patches to vi-
sual tokens, Tfront = {f front1 , . . . , f front𝑛 } and Tback = {fback1 , . . . , fback𝑛 },
with each token summarizing local appearance and shape cues.
Processing the two views independently avoids imposing an early
geometric alignment; cross-view reasoning is left to the language
decoder during structured generation.
Language Decoder. Given visual tokens and a prompt such as

“Generate garment specification JSON”, the decoder autoregressively
generates GSL tokens until the terminal ⟨end⟩ token is produced.
Variable-length generation naturally supports garments with differ-
ent numbers of panels, edges, and stitches.

4.3 PatternGSLData Dataset Construction
To our best knowledge, no existing dataset offers large-scale paired
image-pattern annotations for learning-based garment reconstruc-
tion. We introduce PatternGSLData, organized for two-stage train-
ing (Fig. 2, bottom-left): (1) 250K synthetic rendered images gen-
erated from GarmentCodeData specifications with diverse view-
points and lighting; and (2) 50K photorealistic images produced
by NanoBanana for domain adaptation. NanoBanana is used as an
image-to-image translation and view-synthesis module: it transfers
synthetic renderings toward more realistic textures and lighting
and synthesizes a back view from the available front-view image.
The REAL subset is not manually annotated from unconstrained
photographs. Instead, garments with known sewing patterns are
rendered and translated to more realistic appearance, so the ground-
truth GSL annotations are inherited from the original structured
specifications. Truly in-the-wild photographs are reserved for eval-
uation.

4.4 Training Strategy
Inspired by Visual Instruct Tuning [Liu et al. 2023a], we reformu-
late garment parsing as a visual instruction-following task. The
fire icons in Fig. 2 indicate trainable model components during our
two-stage training process. We aim to train a large vision-language
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!
Vision Encoder

Qwen-VL

!
Vision Encoder

Qwen-VL

(Shared weights)
Patchify

Visual tokens

[“Generate garment specification JSON…”]

Text tokens

!

Language Decoder

Qwen-VL

{   "panels": [{
    "panel_id": 1,
    "vertices": [
        [0, 0], [50, 0], [50, 80], [0, 80]
    ],
    "edges": [
        {"curve_type": "line"},
        {"curve_type": "quadratic",
         "curve_params": [0.5, 0.1]}, ...
    ],
    "translation_x": 120,
    "translation_y": -50
    }, ...],
    "stitches": [
       {"from_panel": 1, "from_edge": 2,
        "to_panel": 2, "to_edge": 
0}, ...]}

Pred. PatternGSL

Dec.

Fig. 3. VLM architecture for image-to-pattern prediction. Given a front-view image, NanoBanana synthesizes the back view. Both views are patchified and
processed by shared-weight Qwen-VL Vision Encoders to produce visual tokens. These are concatenated with text tokens from the instruction prompt and fed
into Qwen-VL Language Decoder, which autoregressively generates PatternGSL tokens. A decoder (Dec.) converts the predicted tokens into structured JSON
format. Fire icons indicate trainable components.

model to generate structured garment sequences conditioned on
user instructions. The dataset is constructed using a single-turn
dialogue template, where the user input concatenates visual tokens
with a textual command: “⟨image⟩ · · · ⟨/image⟩ Generate the gar-
ment specification JSON according to the input images.” The system
assistant’s response is filled with the ground-truth GSL sequence.

We fine-tune Qwen3-VL using a standard cross-entropy loss: L =

− 1
𝑇

∑𝑇
𝑡=1 log 𝑃 ( 𝑗

gt
𝑡 | 𝑗gt<𝑡 ,I;𝜃 ), where 𝑗

gt
𝑡 denote ground-truth tokens.

This provides direct supervision on structured outputs. At inference
time (Fig. 2, bottom-right), the frozen model predicts PatternGSL
from in-the-wild images, which are then decoded and simulated to
produce 3D draped garments.

5 Experiments
We validate our approach through: (1) quantitative comparison on 2D
pattern accuracy and 3D simulation quality; (2) ablation studies on
boundary sampling and VLM training; (3) pattern editing via panel
scaling, curve adjustment, and component removal; (4) qualitative
comparison; and (5) in-the-wild generalization.

5.1 Experimental Configuration
Dataset. We use PatternGSLData described in Sec. 4.3, with a

train/validation split. The validation set includes garments with
novel topologies unseen during training. On the pre-tokenization
PatternGSL JSON split, the dataset contains 257,956 garments, 2.84M
panels, and 8.17M stitches; edges per panel average 6.91 and stitches
per garment average 31.66, with long tails up to 40 edges and 106
stitches. Full topology statistics are provided in the supplementary
material.

Baselines. We compare against: (1) SewFormer [Liu et al. 2023c],
transformer-based for sewing pattern prediction; (2) LGM [Tang
et al. 2024], large multi-view Gaussian model for 3D generation;
(3) GarmentX [Guo et al. 2025], autoregressive method for gar-
ment generation; (4) GarmentImage [Li et al. 2024], which uses
raster representation with CNN prediction. Dress-1-to-3 [Li et al.

Table 1. Quantitative comparison on the validation set.

Method 2D Chamfer (mm)↓ 2D IoU (%)↑ Stitch Acc (%)↑
SewFormer 108.22 20.70 0.04
GarmentX 35.07 58.30 38.81
GarmentImage 29.07 58.50 N/A
Ours 5.78 86.34 98.48

2025b] targets 3D garment recovery rather than explicit 2D sewing-
pattern prediction; we discuss this output-space difference in the
supplementary material.

Metrics and Simulation. We evaluate both 2D pattern quality (2D
Chamfer distance in mm, 2D IoU, stitch connection accuracy) and
3D simulation quality (draping success rate, 3D Chamfer distance af-
ter simulation). All methods use one fixed cloth protocol with global
settings, not tuned per sample, and no extra learned pose-estimation
module. Key parameters are sim_fps=60, sim_substeps=10, and
max_sim_steps=2400; the full protocol is in the supplementary ma-
terial.

5.2 Quantitative Comparison
We evaluate on two complementary aspects: 2D pattern recon-
struction accuracy and 3D simulation quality. Table 1 compares
pattern-level metrics against baselines on the validation set. Our ap-
proach achieves substantially lower 2D Chamfer distance (5.78 mm
vs. 29.07 mm for the next best) and higher 2D IoU (86.34% vs. 58.50%),
indicating superior geometric fidelity. The 98.48% stitch accuracy
confirms that our explicit topology encoding preserves connectivity
information that implicit representations cannot capture.

Beyond 2D accuracy, Table 2 evaluates draping success rate and
3D Chamfer distance after physics-based simulation. Our method
achieves 99.2% success rate compared to 4.7% for GarmentImage,
validating that sub-millimeter coordinate precision (𝜖 < 0.04 mm)
and explicit topology encoding satisfy the simulator constraints
in most cases. Note that LGM generates 3D meshes rather than
sewing patterns, so draping success rate is not applicable; we report
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Table 2. Simulation quality assessment.

Method Success Rate (%)↑ 3D Chamfer (mm)↓
SewFormer 81.2 666.77
LGM N/A 26.79
GarmentX 95.3 68.62
GarmentImage 4.7 139.49
Ours 99.2 6.31

only its 3D Chamfer distance for geometric comparison. The low
3D Chamfer distance (6.31 mm) further confirms that predicted
patterns produce realistic draping behavior without optimization-
based refinement or manual cleanup. Figure 4 shows generalization
to novel topologies unseen during training, including garments with
over 12 panels and complex asymmetric designs.

We further measure generation reliability before and after deter-
ministic validation. The raw JSON validity rate is 100.0%, the strict
no-repair simulator-ready rate is 95.31%, and the final simulator-
ready rate after deterministic validation is 99.2%. Strict no-repair
failures are dominated by seam and topology inconsistencies and
degenerate triangles rather than syntax errors, with the full break-
down in the supplementary material.

We also evaluate robustness to the auxiliary back-view cue. In a
unified setting where the synthesized back view is unavailable or un-
reliable, the model still achieves 12.23 mm 2D Chamfer, 85.14% stitch
accuracy, and 97.78% simulation success. In a stronger mismatch
setting where the synthesized back view is inconsistent with the
front view in sewing pattern, color, or style, performance degrades
to 31.35 mm, 50.57%, and 66.18%, respectively, indicating graceful
degradation under severe hidden-view ambiguity.

5.3 Ablation Studies
We conduct ablation studies to validate key design choices in both
representation design and VLM training configuration.

Representation Design: Boundary Sampling. Table 3 ablates our
boundary sampling strategy, providing explicit geometric supervi-
sion for curved edges. We vary both sample count 𝑁𝑠 ∈ {4, 8, 16}
and sampling scope (curved edges only vs. all edges). Results show
that 𝑁𝑠 = 8 achieves optimal balance between geometric precision
and token efficiency: fewer samples under-constrain curve shapes,
while more samples mainly increase sequence length without pro-
portional accuracy gains. Notably, sampling only curved edges out-
performs sampling all edges, validating our design intuition that
straight edges do not require explicit geometric supervision and
extra samples on them contribute noise rather than useful signal.

Table 3. Ablation on boundary sampling strategy.

Configuration 2D Chamfer (mm)↓ 3D Chamfer (mm)↓
Sample count (curved edges only):

𝑁𝑠 = 4 8.42 9.15
𝑁𝑠 = 8 (Ours) 5.78 6.31
𝑁𝑠 = 16 6.03 6.58

Sampling scope (𝑁𝑠 = 8):
All edges 7.21 7.89
Curved edges only (Ours) 5.78 6.31

Table 4. Ablation on VLM training configurations.

Configuration 2D IoU↑ 2D Chamfer↓ 3D Chamfer↓
4B w/ LoRA 71.46 26.82 72.35
4B w/ Freeze 66.79 32.39 124.79
4B w/o Freeze 84.16 13.57 36.64
8B w/o Freeze 85.14 12.38 14.47

VLM Training Configuration. Table 4 ablates model capacity and
fine-tuning strategies. Full fine-tuning of the 8B model with an
unfrozen vision encoder achieves best performance. LoRA-based
fine-tuning underperforms full fine-tuning, suggesting that accu-
rate GSL generation requires adapting both visual understanding
and language generation capabilities—the structured output format
demands tight coordination between perceiving garment geometry
and generating valid JSON sequences. Freezing the vision encoder
also degrades performance, indicating that generic pre-trained vi-
sual features are suboptimal for extracting garment-specific geo-
metric cues and benefit from task-specific adaptation.

5.4 Pattern Editing
A key advantage of explicit parameterization is the ability to edit
predicted patterns directly. Since GSL stores geometric parameters
with semantic meaning, designers canmodify the JSON specification
and run the same deterministic decoder.

We implement four common operations, illustrated in Fig. 5: panel
scaling, curve adjustment, component removal, and sleeve spread.
Each operation modifies explicit GSL fields such as vertices, curve
parameters, panel labels, or translations; mathematical details are
provided in the supplementary material.

Figure 5 demonstrates these operations across four garment sam-
ples with diverse topologies. Panel scaling (0.7–1.2×), curve ad-
justment, component removal, and sleeve spread (+10cm, +20cm)
produce corresponding changes in both 2D layouts and 3D drapes.
Across 40 edited patterns, all cases pass physics-based simulation,
achieving 100% draping success. Additional editing formulations
are provided in the supplementary material.

5.5 Qualitative Results
Figure 4 presents side-by-side comparisons across seven garment
samples with diverse topologies. Our method consistently produces
accurate sewing patterns that closely match ground truth geometry
and drape realistically on the human body. GarmentX generates
reasonable patterns but exhibits geometric distortions in complex
regions such as sleeve-body connections. GarmentImage suffers
from severe draping failures across most samples—the predicted
patterns fail to properly cover the body due to imprecise geometry
and invalid stitch topology, confirming the quantitative finding
of only 4.7% simulation success rate. SewFormer completely fails
on two samples (rows 4 and 6), producing garbled patterns that
cannot be simulated. LGM generates plausible 3D meshes but lacks
sewing pattern output entirely, limiting its utility for downstream
manufacturing applications. These results demonstrate that our
explicit GSL encoding enables both accurate pattern reconstruction
and reliable physics-based simulation.
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5.6 In-the-Wild Generalization
To validate practical applicability beyond synthetic data, we evaluate
on in-the-wild garment images collected from e-commerce websites
and fashion photography. These images exhibit significant domain
shift from training data, including complex backgrounds, varied
lighting conditions, occlusions, and diverse garment styles unseen
during training. Figure 6 compares our method against baselines on
seven in-the-wild samples. Our model achieves 100% simulation suc-
cess, correctly inferring panel geometry and stitch topology despite
challenging imaging conditions. In contrast, SewFormer fails on 6/7
samples due to garbled pattern outputs, while GarmentX fails on 3/7
samples, struggling with pants and complex dresses. LGM produces
plausible 3D meshes but lacks sewing pattern output entirely. Ex-
tended evaluation on 524 in-the-wild samples with comprehensive
baseline comparisons is provided in the supplementary material.

6 Conclusion
We have presented PatternGSL, a structured representation for
image-to-pattern reconstruction, along with PatternGSLData, a
large-scale dataset of 300K paired samples for supervised VLM
training. PatternGSL encodes geometric and topological sewing
information in a compact format, achieving a 2D Chamfer distance
of 5.78 mm and 99.2% draping success. The explicit parameterization
further enables pattern-level editing applications – including panel
scaling, curve adjustment, and component editing – while preserv-
ing compatibility with the deterministic decoding and simulation
pipeline.

Limitations and Future Work. Our current evaluation covers an
empirical topology range of 2–37 panels; higher panel counts and
longer stitch sequences may require stronger long-context genera-
tion or hierarchical decoding. The synthesized back view is useful
for hidden regions, and our robustness analysis shows graceful
degradation when this cue is missing or inconsistent, but severe
front-back ambiguity remains challenging. The current simulator
also focuses on closed garments and static draping. Future work
includes reducing seam and topology failures directly during genera-
tion, extending to open-boundary garments, and modeling dynamic
cloth behavior.
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GT Ours GarmentX GarmentImage SewFormer LGM

Fig. 4. Qualitative comparison with baselines. For each sample, we show 3D draping results and 2D sewing patterns. Our method produces accurate patterns
with realistic draping across diverse garment types. GarmentImage frequently fails to drape correctly due to imprecise geometry. SewFormer fails on complex
topologies (rows 4 and 6). LGM generates 3D meshes directly without sewing patterns.ACM Trans. Graph., Vol. 1, No. 1, Article . Publication date: June 2026.
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Original
0.7x 0.8x 1.1x 1.2x +0.1 -Sleeve -Collar/Cuff

Panel Scaling Curve Adjust. Comp. Editing Sleeve Spread
+10cm +20cm

Fig. 5. Pattern editing via direct PatternGSLmanipulation. Each row shows one garment undergoing systematic edits: Panel Scaling (0.7×–1.2×) uniformly
resizes all panels; Curve Adjustment reshapes boundaries via Bézier curvature; Component Removal eliminates semantic parts (sleeves or collars/cuffs); Sleeve
Spread (+10cm, +20cm) adjusts panel layout by spreading sleeves outward. Inset patterns visualize the 2D sewing layout. All 40 edited configurations produce
valid, simulation-ready outputs with 100% draping success, demonstrating that our explicit parameterization preserves geometric consistency under arbitrary
modifications.
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Fig. 6. In-the-wild generalization across seven garment samples. Each column shows an input image (row 1) and results from four methods: Ours (row 2),
GarmentX (row 3), LGM (row 4), and SewFormer (row 5). For pattern-based methods, we display both 3D draping and 2D sewing pattern; LGM outputs only
3D meshes without patterns. “FAIL” indicates simulation failure. Our method achieves 100% success, while GarmentX fails on 3/7 and SewFormer fails on 6/7
samples.More qualitative comparisons are in the supplementary materials.
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