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Abstract. Existing 3D generative models predominantly rely on im-
plicit volumetric representations, which inherently enforce watertight
topology and struggle to faithfully represent thin-shell and non-manifold
geometries such as garments. While geometry image-based approaches
offer a surface-centric alternative, existing methods typically rely on dis-
crete binary occupancy maps whose resolution-dependent boundary en-
coding causes staircase artifacts and information loss upon downsam-
pling, while surface reconstruction remains a non-differentiable post-
processing step disconnected from the learning pipeline.

To address this, we propose Differentiable Geometry Image (DiffGI)EL
an end-to-end 3D-to-2D mapping framework that seamlessly integrates
surface representation and geometric optimization. DiffGI replaces con-
ventional binary maps with a continuous 2D Truncated Signed Distance
Function (TSDF), which encodes boundary position at subpixel pre-
cision within a fixed grid resolution, effectively eliminating resolution-
dependent staircase artifacts even under aggressive downsampling. Build-
ing on this continuous field, we introduce a differentiable Marching Squares
algorithm based on analytical linear interpolation, allowing gradients
from 3D surface losses to propagate seamlessly back to the 2D latent
space.

Leveraging this differentiable pipeline, we train a DiffGI-VAE augmented
with a geometry-aware normal rendering loss to compress complex 3D
surfaces into an ultra-compact 32 x 32 latent space. Finally, we instan-
tiate a transformer-based latent diffusion model on top of this space
for conditional 3D generation, showing that the proposed representa-
tion readily supports efficient generative modeling. Extensive experi-
ments on garment and object datasets demonstrate that our method
achieves superior reconstruction fidelity and boundary precision com-
pared to prior geometry-image and voxel-based approaches, while re-
quiring significantly fewer computational resources.
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1 Introduction

Recent advances in combining large-scale data with deep learning have driven
rapid progress in 3D generation. Neural implicit field representations such as
SDFs, volumetric occupancy, and NeRFs learn continuous 3D spatial functions,
enabling differentiable volume rendering and 3D distillation from 2D diffusion
models.

However, these methods generally assume watertight surfaces, posing fun-
damental limitations in representing thin-shell and open-boundary structures
critical in practical applications. When generating digital garments or furniture
frames using implicit fields, networks often fail to maintain thin surfaces, result-
ing in artificial thickness or front-back blending. Moreover, meshes obtained via
Marching Cubes lack UV coordinates, making them difficult to use in industrial
pipelines requiring physics simulation and material editing.

Geometry image representations—which parameterize 3D surfaces onto 2D
grids (specifically, multi-chart geometry images [32] that partition a surface into
multiple UV charts)—offer an alternative, treating coordinates and attributes as
image-like tensors and enabling direct use of 2D generative models. Omages [46],
GIMDiffusion [11], and GarmageNet [19] have demonstrated this approach for
UV-friendly 3D generation. However, existing methods rely on binary occupancy
maps that are resolution-dependent and induce staircase artifacts, often requir-
ing high-resolution grids (e.g., 768 x 768 [11]) to partially compensate. Moreover,
post-processing steps such as boundary snapping are non-differentiable, creating
a structural disconnect between learning and mesh reconstruction.

Meanwhile, Differentiable Marching Cubes, DMTet, and FlexiCubes have
made iso-surface extraction differentiable for implicit representations, but oper-
ate on 3D grids with cubic memory scaling and without natural UV parameteri-
zation. Our goal is to bring the advantages of differentiable iso-surface extraction
to the geometry image family on 2D UV grids, achieving lighter computation
and UV-friendly meshes simultaneously.

We propose Differentiable Geometry Image (DiffGI), which replaces binary
occupancy with a continuous 2D TSDF and introduces Differentiable Marching
Squares (DMS) for fully differentiable mesh reconstruction. This allows gradients
from 3D surface losses to propagate seamlessly to the 2D latent space. We build a
VAE with geometry-aware normal rendering loss and a transformer-based latent
diffusion model, demonstrating efficient generation of thin non-manifold meshes
in an ultra-compact 32 x 32 latent space (Figure [2)). As illustrated in Figure
these design choices yield noticeably sharper boundaries and better preservation
of thin-shell structures compared to occupancy-based methods.

Our contributions are:

1. Subpixel 2D Boundary Representation: A geometry-image representa-
tion that replaces the binary occupancy maps of prior work with a continu-
ous 2D TSDF. While the advantage of signed distance fields over occupancy
grids is well established for volumetric 3D representations, we realize it in
the 2D multi-chart geometry-image setting, where the continuous field en-
codes boundary position at subpixel precision within a fixed grid resolution
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and removes the resolution dependency and staircase artifacts of occupancy
maps.

2. Fully Differentiable Mesh Reconstruction: A tensor-based Differen-
tiable Marching Squares algorithm that makes 3D reconstruction amenable
to backpropagation, bridging the gap between 2D optimization and 3D mesh
recovery.

3. Ultra-Compact Latent Space for Efficient Generation: The TSDF
representation and geometry-aware normal rendering loss enable compres-
sion of complex non-manifold surfaces into a 32x32x4 latent space, sup-
porting real-time 3D generation even on consumer-grade hardware.

Fig.1: VAE reconstruction results with our TSDF-based DiffGI representation and
normal rendering loss (left) versus an occupancy-based geometry image without normal
loss (right), showing noticeably sharper boundaries and better preservation of thin-shell
structures.

2 Related Work

2.1 Implicit and Explicit Representations for 3D Generation

Recent 3D generation has primarily built on implicit field representations—
signed /unsigned distance fields, occupancy fields, and radiance fields—which
provide continuous geometry and integrate naturally with diffusion- or rendering-
based supervision [45//8/9]12/14/24/26/2839/[51/52], enabling a wave of large-scale

3D generation and reconstruction systems [2}/16}20141][43|[45/[48/[50]. UDF-based
methods relax the closed-surface bias of SDFs , but remain field-

based and still require dedicated mesh extraction and post-processing ,
limiting their applicability to thin garment panels, open boundaries, and down-
stream tasks such as simulation and material authoring. Explicit surface rep-
resentations preserve mesh structure and UV parameterization, making them
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Fig. 2: Overview of the proposed Diff GI framework. The input 3D mesh is first mapped
to a 2D TSDF-based DiffGI representation, which is then encoded by a DiffGI-VAE
into a compact latent space. The decoder reconstructs the TSDF geometry image,
from which a 3D triangle mesh is recovered via Differentiable Marching Squares. Pixel-
space losses on the TSDF and position maps, together with a geometry-aware normal
rendering loss, are jointly applied to enable end-to-end optimization of high-fidelity 3D
surfaces.

more compatible with graphics pipelines [15,[47,[49], yet their irregular discrete
topology makes end-to-end modeling challenging. Our work retains a structured
2D surface representation while enabling differentiable, boundary-aware surface
recovery.

2.2 Geometry-Image-Based Surface Representations

Geometry images map irregular 3D surfaces onto regular UV-aligned 2D grids,
enabling surface coordinates and attributes to be treated as image-like ten-
sors [3[15/32,[35]. Recent methods such as GIMDiffusion [11], Omages [46], and
GarmageNet show that this representation pairs well with 2D generative
backbones for UV-friendly 3D generation. However, these pipelines still rely on
binary occupancy or mask channels , making boundary localization
resolution-dependent and often requiring heuristics such as boundary snapping
or chart masking. DiffGI retains the geometry-image prior but replaces binary
support with a continuous 2D TSDF on a single 256256 tensor, enabling con-
tinuous boundary localization instead of hard mask-based recovery.

2.3 Differentiable Iso-Surface Extraction

Differentiable iso-surface extraction makes field-to-surface conversion part of the
optimization loop. Starting from Marching Cubes , numerous methods have
pursued this goal, notably DMTet and FlexiCubes |34], along with oth-
ers @ These methods consistently demonstrate that surface-
level supervision is more effective when extraction participates in optimization.
However, most operate on 3D voxel or tetrahedral grids, where memory scales

cubically and UV-aligned surfaces are not directly available [1,6l7[17][21}/33][34].
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DiffGI brings this idea to geometry images: we introduce Differentiable March-
ing Squares (DMS) over a 2D TSDF in UV space, combining end-to-end surface
optimization with the efficiency and UV compatibility of structured 2D repre-
sentations.

3 Method

3.1 Continuous TSDF Geometry Image Representation

Prior geometry-image-based methods combine a position map encoding 3D co-
ordinates with a binary occupancy map indicating the valid region. However,
binary occupancy maps encode boundaries as hard 0/1 transitions, making
boundary localization inherently resolution-dependent: upon downsampling to
practical training resolutions, fine boundary details are destroyed and staircase
artifacts emerge.

To address this, the DiffGI representation replaces the binary occupancy
map with a Truncated Signed Distance Function (TSDF) defined as a
continuous function on the 2D plane. Because the TSDF encodes the distance to
the nearest boundary rather than a binary label, it preserves subpixel boundary
information even at low resolution, enabling high-fidelity reconstruction from
aggressively compressed grids. The Mesh-to-DiffGI conversion is performed as
an offline preprocessing step before training, and proceeds as follows:

1. UV Packing & Global Scaling: UV patches are arranged on the 2D plane
using an AABB-based packing algorithm with a uniform global scale and
inter-patch padding to prevent bleeding, iteratively optimized to maximize
fill ratio.

2. Spatial Sampling & Position Map: The mesh surface is sampled on a
1024 x 1024 regular grid via barycentric interpolation, producing a 3-channel
position map.

3. Dilation: Edge pixel values are propagated outward into the undefined back-
ground via dilation, preventing boundary corruption during downsampling.

4. 2D TSDF Transform: For every pixel on the 1024 x 1024 UV grid, includ-
ing those in the empty background outside the charts, we compute the signed
Euclidean distance in pixels to the nearest chart contour (positive inside a
chart, negative outside), clamped at a truncation distance of 15 pixels.

5. Bilinear Downsampling: The 1024 x 1024 tensor is downsampled to 256 x
256 x 4. Unlike binary maps, the continuous TSDF ensures no information
destruction or staircase artifacts during downsampling.

3.2 Differentiable Marching Squares (DMS)

When recovering a 3D mesh from the 2D DiffGI tensor generated within a deep
learning architecture (DiffGI-to-Mesh), the reconstruction process must be dif-
ferentiable with respect to the network weights in order to backpropagate geo-
metric losses from 3D space to the 2D model. However, the traditional Marching
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Squares algorithm determines topology through a discrete lookup table, blocking
gradients at this stage and making learning within the deep learning computa-
tion graph infeasible.

To address this, we propose the Differentiable Marching Squares (DMS) mod-
ule, which formulates vertex positions as continuous functions of the underlying
TSDF field. On the 2D TSDF grid, when the corner values ¢4 and ¢ of two ad-
jacent pixels have opposite signs (¢4 - ¢p < 0), the Intermediate Value Theorem
guarantees that a surface boundary (zero-crossing) exists between them. The
relative position x € [0,1] at which the boundary point lies is derived through
linear interpolation. To ensure numerical stability, we employ the following in-
terpolation formula with a regularization constant e:

A

T da—dpte- sgn(¢a — ¢B) @)

xT

Here, ¢ (e.g., 1075) serves to prevent gradient explosion in regions where the
two pixel values are nearly equal (¢4 =~ ¢p), which would otherwise cause the
denominator to approach zero. Since sgn(-) is locally constant and thus treated
as a non-differentiable constant during backpropagation, gradients flow solely
through the continuous ratio ¢4/(¢a — ¢ ), preserving a smooth optimization
landscape. The subpixel vertex 2D UV coordinates extracted through this for-
mula are then transformed into final 3D vertex coordinates V = (X,Y, Z) via
bilinear grid sampling on the 3-channel position map tensor.

The key advantage of this algorithm lies in its optimizability during the
backward pass. The geometric error (e.g., normal loss) £ computed at the re-
constructed 3D vertices V' is smoothly propagated back to the 2D TSDF tensor
and position map tensor in the form of % via the chain rule. Among the 16
topological configurations of Marching Squares, Case 6 (BR+TL) and Case 9
(BL+TR)—where two pairs of diagonal corners have opposite signs—correspond
to topologically ambiguous saddle point cases. In these cases, both interpre-
tations of connecting or separating the two regions are mathematically valid.
In this work, we deterministically adopt the convention of always treating the
two patches as separate independent regions. While the topological configura-
tion choice itself is discrete, the coordinates of each boundary vertex within the
chosen topology remain continuous functions of the TSDF values according to
Eq. (1). Therefore, the backpropagation path is fully preserved even in ambigu-
ous cases. The module is implemented in a vectorized fashion using PyTorch
tensor operations, guaranteeing significantly faster computation at O(N?) com-
plexity compared to the O(N?) complexity of existing 3D volumetric extraction
methods (DMC, DMTet, etc.).

3.3 Geometry-Aware Latent Compression (DiffGI-VAE)

Directly generating high-quality 3D surfaces in the high-dimensional tensor space
of 256 x 256 x 4 resolution is limited in terms of memory and training efficiency.
We introduce the DiffGI-VAE framework to compress this data into a much
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smaller and more compact space. To accelerate convergence, we initialize the
Diff GI-VAE with pretrained VAE weights from Stable Diffusion 1.5 [31], which
has learned general-purpose spatial compression priors from large-scale natu-
ral images. The channel count of the first convolutional layer is expanded to
accommodate the 4-channel input scheme (Position 3 + TSDF 1), and zero-
initialization is applied to the newly added weights to prevent catastrophic for-
getting.

To faithfully preserve 3D geometric shapes while aggressively compressing
the latent space dimensions to 32 x 32 x 4, we design the total loss function
Liota as follows:

Liotal = Lpos + ArsprLrspr + ANormalLNormal + AKLLKL (2)

Here, Lp,s and Lrspr are L1 losses that enforce pixel-level reconstruction ac-
curacy. However, pixel-level losses alone are insufficient to adequately constrain
surface curvature and orientation information, leaving the preservation of high-
frequency geometric features—such as fine fabric wrinkles and sharp edges—
unguaranteed. To address this, we introduce a geometry-aware normal ren-
dering loss (L Normai). The mesh differentiably reconstructed through the DMS
module is rendered into a normal map image using the differentiable rasterizer
nvdiffrast [18], and the L1 error against the normal map identically rendered
from the ground truth mesh is directly minimized as follows:

‘CNormal = ||R(M) - 7?'(]\4*)”1 (3)

where R(-) denotes the nvdiffrast rendering function, M is the reconstructed
mesh, and M* is the ground truth mesh. This encourages high-frequency geo-
metric features to be compressed into and reconstructed from the latent space
without distortion. The advantages of combining the TSDF-based representation
with the geometry-aware normal rendering loss over occupancy-based represen-
tations, in terms of boundary sharpness and preservation of thin non-manifold
structures, are quantitatively examined in the ablation study in Section [d

3.4 Latent Diffusion on DiffGI Latent Space

To verify that the proposed representation naturally supports high-quality con-
ditional 3D generation on the 32 x 32 latent space constructed by DiffGI-VAE,
we train a transformer-based latent diffusion model.

Unlike natural photographs, geometry image tensors require capturing global
topological connectivity rather than relying on spatial inductive biases of pixel
positions. We therefore depart from the U-Net architecture and adopt the Dif-
fusion Transformer (DiT) [29] as the core backbone, which allows unrestricted
global attention among input tokens. We also employ a flow-matching [22] formulation-
based scheduler, which has been shown to achieve high-quality generation with
fewer inference steps. To support diverse downstream applications, we construct
three conditional generation models:
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1. Label-Conditioned Generation: Generates global shapes conditioned on
input class labels (e.g., furniture, lamp). A DiT-B/2 architecture is used to
comprehensively learn shape characteristics.

2. Image-Conditioned Generation: Infers unseen back surfaces from a sin-
gle front-view image to generate a complete 3D mesh. Semantic embedding
vectors extracted by the DINOv2-Large [27] vision foundation model are
injected into DiT-L/2 via a cross-attention mechanism to perform complex
shape prediction.

3. Occupancy-Conditioned Generation: Generates physically plausible 3D
garment draping and wrinkles conditioned on 2D sewing patterns or sil-
houette information. Since the input condition already strongly constrains
the spatial structure in this task, preserving local spatial features is rela-
tively more important than global attention. Accordingly, instead of a global
attention-based DiT, a lightweight UNet-Tiny architecture with skip connec-
tions is selectively adopted to ensure computational efficiency.

To mitigate positional bias from fixed UV layouts, we apply geometric data
augmentation via random 90°-multiple rotations and re-packing at the UV chart
level during training. These transformations alter only the 2D layout while pre-
serving the geometric signals within each chart, effectively expanding the train-
ing distribution and improving generalization (visual examples and quantitative
ablation in the supplementary material).

4 Experiments

4.1 Experimental Setup and Evaluation Metrics

Datasets. We evaluate on three benchmarks: ABO [10] (7,900 commercial 3D
furniture scans with complex topologies and open structures), GarmageSet [19|
(14,801 physics-simulation-ready 3D garments with strong non-manifold charac-
teristics), and WARDROBE [13| (~300 real clothing images used for qualita-
tive evaluation of zero-shot image-to-3D generalization).

Evaluation Metrics. For per-sample geometric evaluation, we randomly sample
100,000 points from both the generated and ground truth mesh surfaces. We
report Chamfer Distance (CD) for macroscopic shape accuracy, Normal
Consistency (INC), computed as one minus the average L1 distance between
normal maps rendered from four fixed viewpoints (so that higher is better), and
F1-score at a distance threshold of 0.01. To assess boundary quality, we use
Boundary Chamfer Distance (BCD), which computes CD only on open-
boundary points, and Hausdorff Distance (HD, dy) for worst-case local dis-
tortion. For distribution-level evaluation, we measure P-FID and P-KID using
pretrained PointNet++ [30] features, along with EMD and JSD between gen-
erated and real point cloud distributions. Table [I|summarizes the reconstruction
and encoding fidelity of all methods.



DiffGI: Differentiable Geometry Images 9

Table 1: Quantitative comparison of 3D reconstruction and encoding fidelity on the ABO and
GarmageSet datasets. We report CD, EMD, JSD, and NC for Omages, GarmageNet, and our DiffGI-
VAE. All baselines use the same Omages-style tessellation (Tess.); for GarmageNet we additionally
report its native official extraction (Official). For GarmageNet, N denotes the number of garment
panels, each represented as a fixed 72-dimensional vector.

Representation ABO Dataset GarmageSet

Method Si
e CD (x107%) | EMD | JSD (x107%) | NC 1 CD (x107%) | EMD | JSD (x107%) | NC 1
omages64 64x64x4 0.89 0.25 0.92 0.89 1.31 0.17 1.79 0.95
GarmageNet (Tess.) N x 72 - - - - 2.19 0.21 32.61 0.88
GarmageNet (Official) N x 72 - - - - 1.89 0.17 5.51 0.90
ours 32x32x4 0.83 0.23 0.89 0.83 0.46 0.16 1.24 0.96

Omages GarmageNet Ours Ground Truth Omages Garmachct Ours Ground Truth
A). MY ﬂ
- ]
- -

M

AN

Fig. 3: Qualitative comparison of VAE reconstructions on the ABO and GarmageSet
datasets, illustrating that our DiffGI-VAE yields sharper boundaries and better preser-
vation of thin-shell details than Omages and GarmageNet.
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4.2 Reconstruction Fidelity (DiffGI-VAE)

We compare Diff GI-VAE against Omages and GarmageNet on the ABO and Gar-
mageSet datasets. Omages directly converts meshes to geometry images without
VAE compression; GarmageNet uses per-panel geometry images with a fixed
panel count, making it inapplicable to ABO (entries excluded). To evaluate each
representation with its intended pipeline, each method uses its native mesh ex-
tractor: Differentiable Marching Squares for DiffGI and the Omages-style tessel-
lation for Omages. Since GarmageNet’s native extraction is a slow multi-stage
non-learning procedure (~5.1s per mesh), we report it under the same Omages-
style tessellation (Table Tess.) for the main comparison and additionally under
its native official extraction (Official). DiffGI remains superior under both Gar-
mageNet settings.

As shown in Table[T]and Figure 3] DiffGI-VAE consistently outperforms base-
lines in CD, EMD, and JSD on both datasets. Notably, our method compresses a
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256x256 geometry image into a 32x32x4 VAE latent, whereas Omages directly
operates on a 64x64x4 geometry image without VAE compression; despite this
aggressive compression, DiffGI-VAE achieves superior reconstruction fidelity. On
ABO, NC is slightly lower than Omages, which we attribute to the information
loss inherent in 8x spatial compression, particularly on flat furniture surfaces
where Omages’ uncompressed representation retains normal information more
directly. On GarmageSet, however, our method achieves the highest NC, con-
firming state-of-the-art reconstruction quality for thin non-manifold garment
structures. This demonstrates that the continuous TSDF representation with
fully differentiable optimization effectively preserves curvature and fine details
even under substantial latent compression.

Table 2: Ablation study of representation (Occ. vs. TSDF) and normal rendering loss (NL) for
our DIfGI-VAE on GarmageSet. TSDF-based variants outperform occupancy-based ones across all
metrics, and enabling NL yields the highest NC with the lowest CD, EMD, and JSD.

Rep. Lxormal CD (x1073) | EMD | JSD (x107%) | NC ¢

Occ X 1.503 0.171 4.539 0.906
Occ v 1.313 0.166 4.257 0.947
TSDF X 0.595 0.165 2.169 0.921
TSDF v 0.461 0.160 1.244 0.961

Oce. Oce. TSDF TSDF © Oce Oce. TSDF TSDF

wio NL W/ NL WoNL  w/ NL Ours Oround Truth WoNI NL W/ N N w/o NL W/NL Ours Ground Truth

G
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Fig. 4: Qualitative ablation study of our VAE on the GarmageSet dataset. The visual
comparisons demonstrate how different representations (Occ. vs. TSDF) and the nor-
mal rendering loss affect the 3D reconstruction quality.
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4.3 Ablation Study: Differentiable Mesh Reconstruction and
Normal Loss

To verify that the performance gains of the DiffGI framework result from the cu-
mulative effect of each design component, we conduct an ablation study that sys-
tematically decomposes the contributions of the representation (Occ. vs. TSDF)
and the geometry-aware normal rendering loss (£ normat)- Since occupancy maps
do not admit differentiable mesh extraction by default, we reconstruct the occu-
pancy variants with a differentiable formulation of the Omages-style tessellation,
so that all four variants receive the same normal rendering supervision and the
comparison isolates the representation rather than the extraction step.

The results in Table [2] demonstrate that each of the two design components
independently yields significant performance gains.

Effect of representation (Occ. vs. TSDF). When only the representation
is switched from Occ. to TSDF without £ ynormai, CD decreases by more than
half from 1.503 x 1073 to 0.595 x 10~2, and JSD also improves substantially from
4.539 x 1073 to 2.169 x 10~3. This quantitatively confirms that the continuous
TSDF encodes geometric information in boundary regions far more effectively
than binary occupancy maps.

Effect of geometry-aware normal rendering loss (£normai)- Enabling
L Norma; ON the same representation consistently improves all metrics. In partic-
ular, under the TSDF-based setting, NC increases from 0.921 to 0.961, with CD
and JSD further improving as well. Notably, the NC of the Occ. + Ly orma; cOm-
bination (0.947) exceeds the NC of TSDF without £normar (0.921), suggesting
that Lnormar enforces normal orientation information strongly enough to par-
tially compensate for the limitations of the representation. However, in terms of
CD, EMD, and JSD, TSDF without £ xormai still outperforms Occ. + L normal,
indicating that the contribution of the representation itself is more fundamental
for overall shape reconstruction.

As shown in Figure[d] the Occ. without £y ormar setting—trained with pixel-
level losses only—exhibits prominent high-frequency noise and aliasing artifacts
at mesh boundaries and surfaces. In the final configuration combining the TSDF
representation with L£yormal, these artifacts are substantially mitigated and
boundaries are reconstructed with noticeably greater sharpness.

Effect of VAE initialization. We additionally train the same DiffGI-VAE
architecture from random initialization and observe nearly identical final recon-
struction fidelity to the SD1.5-initialized model on GarmageSet (CD 0.47 vs.
0.46, NC 0.96 for both), confirming that the reconstruction gains stem from the
DiffGI representation and differentiable reconstruction pipeline rather than the
SD1.5 VAE initialization; detailed results and convergence analysis are provided
in Sec. 2 of the supplementary material.

4.4 Computational Efficiency and Inference Performance

Table [3| compares inference cost across methods using each method’s official rec-
ommended settings. Volumetric models such as TRELLIS require up to 16.28 GB
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Table 3: Computational Efficiency & Inference Performance. We compare peak memory usage and
inference latency across different model scales, conditioning tasks, and hardware setups. Our DiffGI
framework demonstrates exceptional efficiency, capable of running even on a consumer-grade CPU.

Method Hardware Peak VRAM (GB) | Time (sec) |
TRELLIS-image RTX A6000 Ada 16.28 4.52
TRELLIS.2 5122  RTX A6000 Ada 2.65 12.35
TRELLIS.2 10242 RTX A6000 Ada 6.41 45.14
GarmageNet RTX A6000 Ada 0.96 0.40
Omages RTX A6000 Ada 2.49 52.0
Ours-Label RTX A6000 Ada 1.18 0.50
Ours-Image RTX A6000 Ada 3.22 0.80
Ours-Image RTX 4070 (12GB) 3.22 1.21
Ours-Image MacBook M4 (CPU) - 8.52

Table 4: Label-conditioned 3D generation performance on the ABO dataset, reported as P-FID and
P-KID per category and averaged (Mean).

Chair Lamp Sofa Table Mean
Omages Ours Omages Ours Omages Ours Omages Ours Omages Ours

P-FID 2230 11.15 52.48 26.55 15.81 10.49 33.99 31.45 31.14 1991
P-KID 0.08 0.03 0.26 0.07 0.06 0.04 0.10 0.11 0.12 0.06

VRAM, and Omages takes 52 seconds per sample. In contrast, DiffGI operates in
a compact 2D latent space, completing image-conditioned generation in ~1.2s
on a consumer GPU (RTX 4070, 3.22GB VRAM) and ~8.5s on CPU only
(MacBook M4), demonstrating scalability from servers to edge devices.

4.5 Downstream Generative Tasks: Open-surface 3D Generation

Label-Conditioned Generation We generate 512 3D samples per class on
ABO and measure P-FID and P-KID. As shown in Tabled]and Figure[5] the pro-
posed model consistently improves P-FID across all categories, with the largest
reductions in Chair (50%) and Lamp (49%). For Lamp, the absolute P-FID re-
mains elevated due to limited training samples, but P-KID (0.07 vs. Omages
0.26) confirms robust generation quality. Qualitatively, Omages produces bro-
ken thin frames due to binary masks, while DiffGI generates smooth, continuous
structures via subpixel boundary estimation.

Image-Conditioned Generation: Comparison with Foundation Models
For the single-view image-to-3D task, we compare DiffGI against foundation-
based models (TRELLIS [43], TRELLIS.2 [42|) and GarmageNet [19] on Gar-
mageSet. Our goal is not to claim universal superiority, but to examine the
practical advantages of a surface-centric representation for thin-shell and open-
boundary garment geometry.

As shown in Table [5} DiffGI achieves the best CD (1.35 x 1072), F1 (0.48),
dp (8.42x1072), and BCD (2.91 x 10~2) with only 23K vertices on average. The
low BCD in particular confirms that the TSDF-based representation and differ-
entiable reconstruction pipeline stably preserve thin fabric boundaries. Qualita-
tively (Figure @, TRELLIS tends to produce excessive thickness on thin-shell
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Fig. 5: Qualitative label-conditioned generation results on the ABO dataset. We com-
pare Omages and our DiffGI-based diffusion model, showing improved reconstruction
of thin frames and open-boundary structures, with fewer staircase artifacts.

Table 5: Quantitative comparison of image-to-3D generation on GarmageSet. TRELLIS and TREL-
LIS.2 are general-purpose foundation models trained on large-scale multi-category 3D data, whereas
GarmageNet and our DiffGI are trained specifically on GarmageSet. We report this comparison to
highlight the practical advantages of a surface-centric representation for thin-shell garment geome-
try, rather than to claim universal superiority.

Method #Vert.| CD (x1072) | F14 HD (x10%) | BCD (x1072) |
TRELLIS 109K 344+6.97 028+0.14 1538+ 27.57 N/A
TRELLIS.2 512% 380K  11.0147.64 0.2740.14 69.70+£50.00  12.44 + 8.56
GarmageNet 526K 4.31+3.03 0204012 23.76+11.12  5.64+2.94

Ours (DiffGI) 23K 1.35+0.47 0.48+0.12 8.42+3.25 2.91 +0.83

garments due to its watertight assumption, while GarmageNet exhibits resid-
ual boundary aliasing from binary occupancy maps. DiffGI reconstructs cleaner
boundaries with more compact meshes.

Although our image-conditioned model is trained on front-view rendered nor-
mal maps, at inference it also generalizes to real RGB front-view photographs, as
shown by the zero-shot results on the WARDROBE dataset in the supplemen-
tary material, demonstrating the extensibility of our representation to diverse
conditioning inputs.

Occupancy-Conditioned Generation We generate 3D garments conditioned
solely on 2D sewing pattern silhouettes. Despite using a lightweight UNet-Tiny
decoder, visually natural draping and wrinkles are stably produced (Figure @
Locally modifying only the sleeve region in the 2D occupancy map yields consis-
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Fig. 6: Qualitative single-view image-to-3D comparison on GarmageSet. From left
to right, each row shows the input front-view rendered normal map, the results of
TRELLIS, TRELLIS.2, and GarmageNet, our DiffGI generation, and the ground-truth
mesh. DiffGI preserves thin-shell details and produces cleaner open boundaries with
far fewer vertices than the watertight foundation models (TRELLIS, TRELLIS.2) and
the occupancy-based GarmageNet.

tent updates to the corresponding 3D geometry while preserving the remaining
patterns, demonstrating that 2D pattern-level edits directly propagate to 3D
mesh variations.

5 Conclusion, Limitations, and Future Work

We proposed Differentiable Geometry Image (DiffGI), a fully differentiable frame-
work that replaces binary occupancy maps with a continuous 2D TSDF, enabling
subpixel-precise boundary reconstruction on geometry images. Our Differen-
tiable Marching Squares (DMS) module brings the mesh reconstruction step
inside the learning graph, allowing 3D surface losses to backpropagate seam-
lessly to the 2D latent space. Built on this, DifGI-VAE compresses complex
non-manifold surfaces into a 32x32x4 latent space with a geometry-aware nor-
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Fig. 7: Occupancy-conditioned garment generation and local edit propagation. Given a
2D occupancy map as input, modifying only the sleeve region in 2D leads to consistent
updates of the corresponding 3D geometry, demonstrating that local pattern edits are
faithfully reflected in the generated garment mesh.

}

mal rendering loss, consistently outperforming prior geometry-image methods on
both garment and furniture benchmarks. A transformer-based latent diffusion
model trained on this space achieves competitive or superior generation quality
with significantly less compute, running in real time even on consumer-grade
hardware.

Limitations. TSDF-based linear interpolation can introduce localized rounding
on extreme sharp edges (e.g., mechanical parts), and the current framework does
not generate RGB textures or PBR attributes alongside geometry. In addition,
since each UV chart is reconstructed independently and the DMS module treats
adjacent patches as separate regions, the recovered geometry can show visible
seams where neighboring charts meet, such as between the upper and lower
parts of the dress in Figure [6] These boundary discontinuities do not affect our
reconstruction and generation metrics, but they pose additional challenges for
downstream physical simulation. Enforcing cross-chart boundary consistency is
left for future work.

Future work. We plan to (1) integrate feature-preserving iso-surfacing (e.g., dual
contouring) into DMS for sharp-edge domains, (2) extend the latent space to
jointly generate high-resolution textures and material maps, and (3) introduce
a two-stage pipeline separating 2D pattern layout generation from 3D shape
reconstruction for stronger controllability over complex garment designs.
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