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A. More Implementation Details

A.1. O-Voxel Conversion Algorithms

This section provides a detailed breakdown of the bidirec-
tional conversion algorithms between standard 3D assets
(meshes and PBR textures) and our O-Voxel representation.
We present the process in four parts: converting a mesh
to the O-Voxel shape representation, reconstructing a mesh
from it, converting PBR textures to the O-Voxel material
representation, and reconstructing textures from it.

A.1.1. Shape Conversion

The geometric component of O-Voxel is based on our Flex-
ible Dual Grid formulation. Algo. 1 and 2 detail its conver-
sion to and from a triangle mesh.

A.1.2. Material Conversion

The material component of O-Voxel stores PBR attributes
in active voxels. The conversion to and from standard
mesh textures is a direct sampling and interpolation process
(Algo. 3 and 4).

A.2. Network Architectures

Sparse Compression VAE The Sparse Compression
VAE (SC-VAE) is a fully sparse-convolutional network de-
signed to compress the O-Voxel representation into a com-
pact latent space with a 16x spatial downsampling ratio.
We employ a conventional U-Shaped VAE architecture,
optimized with ConvNeXt-style [14] residual blocks and
Residual AutoEncoding layers [1] for (down/up)sampling.
The detailed architecture for the SC-VAE encoder is pre-
sented in Table 1. The decoder is constructed symmetri-
cally using inverted block numbers and dimensions. The
complete model comprises ~800M parameters (354M for
the encoder and 474M for the decoder). This configuration
achieves near-lossless reconstruction fidelity while main-
taining high computational efficiency.

Generative Models. Our generation framework consists

of three Transformer-based models. These models adopt

a standard encoder-only architecture, intentionally omitting

complex designs such as token packing or skip connections

to maintain a clean and scalable architecture (shown in Ta-

ble 2). Conditional inputs are integrated using mechanisms

tailored to the nature of the data:

¢ Timestep Injection: We use the AdaLN-single [2]
scheme for the conditioning on diffusion timestep. This
method modulates the activations within the network, al-
lowing the model to effectively incorporate temporal in-
formation while drastically reducing required parameters
compared to the AdaLLN baseline.

¢ Image Prompt Conditioning: Image prompts are inte-
grated via cross-attention layers. This enables the model
to align its generative process with the semantic content
of the visual conditioning signal.

Algorithm 1: Mesh-to-O-Voxel Conversion
Input: Input mesh M, grid resolution IV, weights

/\bound ) )\reg

Output: O-Voxel shape features fShape

>1. Initialize a map to store data
for each active voxel
voxel_data <+ EmptyMap[p — {QEF, g, 8 }]

>2. Accumulate plane-distance QEFs
from triangle intersections

for each triangle T in M do

for each voxel edge e intersected by T' do

{q,n} + GetIntersectionAndNormal(T’, e)

for each neighboring voxel V of edge e do
p < GetCoordinate(V")
Initialize voxel data[p] if not exists
plane_gef <— BuildPlaneQEF(q, n)
voxel_data[p].QEF.acc(plane_gef)
voxel_data[p].g.acc(q)
voxel_data[p].d.update(e)

>3. Accumulate boundary-distance
QEFs from open mesh edges
for each boundary edge b in M do
for each voxel V intersected by b do
p < GetCoordinate(V")
if p in voxel_data then
{0, d} < GetLineParameters(b)
line_gef < BuildLineQEF(o, d)
voxel_data[p].QEF.acc(Apound - line_gef)

>4. Accumulate regularization-term
QEF's
for each p in voxel_data do
reg_qef + BuildPointQEF(voxel_data[p].q)
L voxel_data[p].QEF.acc( v - reg_qgef)

>5. Solve QEFs and finalize
O-Voxel features
£« EmptyMap]]
for each p, data in voxel_data do
v + SolveQEF(data.QEF)
0 < data.d
v+ 0.5

F¢p] « {v,8,7}

return f"°

* Shape Conditioning: For the material generation stage,
shape information is provided as a condition by concate-
nating it channel-wise with the input tensor. This direct
approach ensures that geometric constraints are explicitly



Algorithm 2: O-Voxel-to-Mesh Conversion

Algorithm 3: Texture-to-O-Voxel Conversion

Input: O-Voxel shape features f*"*

Output: Reconstructed mesh M’

>1. Create a mesh vertex for each
dual vertex in the 0O-Voxel data
V'’ < EmptyList(]
vertex_indices <— EmptyMap[p — index]
for each p, data in £ do
V' .append(data.v)
L vertex_indices[p] « |V'| — 1

>2. Generate faces by connecting
vertices across active edges
F’ < EmptyList(]
for each p, data in f*"¢ do
>Iterate over the 3 predefined
axes to avoid duplicate faces
for each axis a € {X,Y, Z} do
if data.6[a] == 1 then
quad_coords < GetQuadVoxel(p, a)
>Ensure all four voxels are
active
if all quad_coords exist in f*"*7 then
10,21, 12,13
vertex _indices|quad_coords]
>Split the quadrilateral
into two triangles
t1,tg < Spllt({lo, il, ig, ig}, data.’y)
F'.extend([t1, t2])

>3. Construct the final mesh from
vertices and faces

M’ < Mesh(V', F")

return M’

provided, helping to improve material-shape alignment.

To enhance generalization across different input res-
olutions, we incorporate Rotary Position Embedding
(RoPE) [19].  Furthermore, we employ a QK-Norm
scheme [8] to stabilize the attention mechanism. This in-
volves applying Root Mean Square Normalization (RM-
SNorm) [25] to the query and key tensors before the atten-
tion operation, which improves training stability.

A.3. Training Details

Sparse Compression VAE. As described in the main pa-
per, the SC-VAE is trained using a two-stage strategy. The
first stage focuses on stabilizing the training process by em-
ploying a direct O-Voxel feature regression loss at a reso-
lution of 256°. In the second stage, resolution is increased
to 5123 while rendering-based perceptual loss is introduced

Input: Input mesh M with PBR textures, O-Voxel
shape features f"*°
Output: O-Voxel material features f™*"

>1. 1Initialize an empty map for
material features

™ « EmptyMap[p — {c,m, 7, a}]

>2. For each active voxel, sample
material attributes from the mesh

for each voxel coordinate p in £ do

Peenter < GetVoxelCenter(p)

intersecting_tris <—
FindIntersectingTriangles(M, p)

>Collect weighted samples from
all intersecting triangles

samples < EmptyList]]

weights < EmptyList(]

for each triangle T in intersecting _tris do

q < ProjectPointOntoTriangle(p epier> 1)

d ”pcenten qH2

w+1—d

mip_level <— GetMipLevel(T', voxel_size)

uv < GetUVCoordinates(q, T")

pbr_sample <— SampleTexture(M_.textures,
uv, mip_level)

samples.append(pbr_sample)

weights.append(w)

>Compute the final feature via
weighted average
| f™"[p] < WeightedAverage(samples, weights)

return f™

to enhance visual quality, such as geometric sharpness and
high-frequency material details, and to facilitate the model’s
adaptation to higher resolutions. This rendering loss is im-
plemented as follows:

dp(a,b) = [la —bl[1 +0.2 - dssv + 0.2 - drpips
£shape _ ||m—m||1+10 ||d_dH1—|—dp(’fL,’n,) @))

render

mat

render — dp(éa C) + dp(mcl"a, mra)

where L3P and £™ are the rendering losses for shape
and material, respectively. The term dp(-, -) denotes a per-
ceptual distance metric combining the L1 norm with SSIM
and LPIPS losses. In these equations, variables with a
hat (*) represent model predictions, while variables with-
out are the ground-truth targets. Specifically, m is the sil-
houette mask, d is the depth map, n is the normal map,
c is the base color, and mra corresponds to the metallic-



Algorithm 4: O-Voxel-to-Texture Conversion

Input: Reconstructed mesh M’, O-Voxel material
features f™, mode € {’vertex’, 'map’}
Output: Mesh M’ with PBR materials applied

if mode == "vertex’ then
>1. Generate vertex colors via
trilinear interpolation
vertex_materials <— EmptyList[]
for each vertex v in M’ do
material < TrilinearInterp(v, ™)
L vertex_materials.append(material )

B ApplyVertexMaterials(M’, vertex_materials)

else if mode == 'map’ then
>2. Generate texture maps by
filling interpolated values

texture_maps <— Parameterize(M)

for each texel (u,v) in texture_maps do
q < GetSurfacePointFromUV(M’, u, v)
material < TrilinearInterp(q, f™)
texture_maps|u, v] «— material

B ApplyTextureMaps(M’, texture_maps)

return M’

Table 1. Architectural details of the SC-VAE encoder. The de-
coder follows a symmetrical design.

Stage (faown) | Block

Linear(6, 64)
ResEnc(64, 128)

[SubMConv(3, 128, 128)7]
LayerNorm
Linear(128,512) X 4
SiLU
Linear(512, 128) i
ResEnc(128, 256)

[SubMConv(3, 256, 256)]
LayerNorm
Linear (256, 1024) X 8
SiLU
Linear(1024, 256)
ResEnc(256, 512)

SubMConv(3, 512, 512)
LayerNorm
Linear(512, 2048) X 16
SiLU
Linear (2048, 512)
ResEnc(512,1024)

SubMConv(3, 1024, 1024)
LayerNorm
Linear(1024, 4096) X 4
SiLU
Linear (4096, 1024)
Linear(1024, 32 x 2)

1x

2%

4x

8x

16x

roughness-alpha map.
For inputs with resolutions exceeding 5123, we directly
apply the pre-trained SC-VAE models without modification.

Table 2. Architectural Details for the Generative models.

Stage | Block
In_proj | Linear(32(+32), 1536)
AdaLN-single
SelfAttn(12 x 128)
LayerNorm
Stem CrossAttn(12 x 128) x 30
AdaLN single
FFN(1536, 8192)
Out_proj LayerNorm

Linear(1536, 32)

The fully sparse-convolutional design of the SC-VAE is
inherently resolution-agnostic, a property that allows the
models to generalize effectively to larger spatial resolutions
without requiring fine-tuning.

Generative Models. We employ the rectified flow formu-
lation [13] to train our generative models. This frame-
work defines a forward process based on linear interpola-
tion, x(t) = (1 — ¢)zo + te, which constructs a straight
path from a data sample x( to a random noise sample e,
indexed by timestep ¢ € [0, 1].

The corresponding reverse process is governed by a
time-dependent vector field, v(x,t) = V;x, which guides
samples from the noise distribution back toward the data
distribution. This vector field is approximated by a neural
network, denoted vy, which is trained by minimizing the
Conditional Flow Matching (CFM) objective [12]:

o (@(t),t) —

Following the approach of [23], we adopt an altered
timestep sampling strategy, utilizing a logitNorm(1, 1) dis-
tribution for better generation quality.

Lepm(0) = Epz,e (e—zo)ll3- (@

B. FlexGEMM: Our High-Performance
Sparse Convolution Backend

The sparse convolutional networks in our model are acceler-
ated by a custom high-performance backend developed for
this work. This backend was engineered to address the per-
formance and platform-dependency limitations of existing
libraries, which are often tightly coupled to the NVIDIA
CUDA ecosystem. By implementing our kernels in 7ri-
ton [21], a high-level GPU programming language, we cre-
ated a single, cross-platform codebase that delivers near-
optimal performance on both NVIDIA and AMD hardware.

Our final, optimized implementation employs a Masked
Implicit GEMM strategy [6]. This approach moves beyond
naive explicit matrix multiplication by fusing the feature
gathering (im2col) and the matrix multiplication (GEMM)
steps into a single, highly-optimized kernel. This fusion
minimizes global memory I/O by keeping intermediate data
in fast on-chip memory. To further enhance performance in
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Figure 1. Speed test for FlexGEMM backend and baselines including Spconv [6], Torchsparse [20], fvdb [22], and WarpConvNet [3]

Table 3. Composition of the training set and evaluation set.

Source \ Shape Available = Material Available
Tex Verse [26] 503387 382996
ObjaverseXL (sketchfab) [7] 168307 141623
ObjaverseXL (github) [7] 293887 202188
ABO [4] 4485 4485
HSSD [11] 6670 6670
SC-VAE training set 473349 354966
All training set 976736 737962
Toys4k [18] (evaluation set) \ 3229 2282

sparse contexts, we introduce a masking mechanism that in-
telligently skips computation on empty neighbor slots. This
is achieved by first reordering active voxels using Gray code
ordering, a technique that groups voxels with similar neigh-
borhood patterns together. This grouping significantly im-
proves the SIMD efficiency of the GPU, reducing warp di-
vergence and wasted computation. Finally, we incorporate
a Split-K technique, which increases parallelism by divid-
ing the accumulation dimension of the matrix multiplication
into independent parallel tasks. This is particularly effective
in common scenarios, such as those with a large number of
channels or a small number of active voxels. The combina-
tion of these techniques results in a highly efficient backend,
yielding up to a 2x speedup over widely-used sparse con-
volution libraries in our benchmarking (see Fig. 1).

C. Data Preparation Details

The data preparation pipeline is largely based on the setup
proposed in TRELLIS [23]. We begin by curating a collec-
tion of 3D assets but exclude the 3D-FUTURE [10] dataset
due to its lack of Physically-Based Rendering (PBR) mate-
rials. The remaining assets form the basis for training our

SC-VAE:s.
All assets in this curated collection are used to extract
geometric data for training the shape SC-VAE. For the ma-
terial SC-VAE, a more specific filtering process is required.
We employ a custom Blender [5] script to parse materials
from the raw assets and retain only those that utilize a stan-
dard metallic-roughness PBR workflow. This filtering pro-
cess yields a subset of approximately 350,000 assets suit-
able for training the material VAE.
To train the generative models, we further augment the
dataset with Tex Verse [26] to increase the diversity of high-
quality PBR materials. As a final quality control step, we
filter the assets based on an aesthetic score. For simplicity,
we leverage the thumbnail images provided on the Sketch-
fab [17] platform to estimate this score. Objects with an
estimated aesthetic score below 4.5 are excluded from the
training set. Detailed statistics of the final dataset are pro-
vided in Table 3.
To generate the image prompts required for training our
image-conditioned model, we render a diverse set of views
for each 3D asset using Blender. We apply a series of
augmentations during this rendering process to ensure the
model is robust against common ambiguities found in real-
world inputs. Key augmentations include:
¢ Field of View (FoV): The camera’s Field of View (FoV)
is randomly sampled between 10° and 70°. This augmen-
tation is designed to make the model robust to variations
in camera intrinsics, which are often unknown in practice.

 Lighting Conditions: The lighting environment is ran-
domized by randomly placing and adjusting the intensity
of light sources. This improves the model’s ability to
predict intrinsic PBR attributes accurately, disentangling
them from environmental illumination.



D. More Experiment Details

D.1. Evaluation Protocol

In the main paper, we present quantitative comparisons and
ablation studies using a series of numerical metrics. We
provide the detailed protocols for their calculation below.

D.1.1. Reconstruction Experiments

Test set. To ensure a robust evaluation of reconstruction

quality, we prepared two distinct test sets.

* Toys4k-PBR. Our first test set is derived from the Toys4k
dataset. For a rigorous metric, we filtered the raw assets
to include only those containing all three standard PBR
maps (base color, metallic, and roughness). This process
resulted in a refined test set of 473 instances.

e Sketchfab Featured. —Recognizing that the assets in
Toys4k are relatively simple, we curated a second, more
challenging test set from high-quality, recent assets on
Sketchfab. Specifically, we selected models from the
“Staff Picks” category, which features professionally cu-
rated content. We then applied a filter to retain only
assets that utilize the metallic-roughness PBR workflow
and were uploaded within the last two years. This pro-
cess yielded a high-quality test set comprising 90 in-
stances, designed to evaluate performance on complex,
professional-grade assets.

Geometry Accuracy. To assess the overall geometric fi-
delity, we use Mesh Distance and the corresponding F-
score. Unlike Chamfer Distance, which is sensitive to point
cloud density, Mesh Distance provides a more stable mea-
sure of the discrepancy between two triangle meshes. This
makes it particularly suitable for evaluating reconstruction
accuracy across all surfaces, including those that are fully
enclosed. For this evaluation, we sample 1 million points
from the surface of each mesh. For the F-score calculation,
we use a distance threshold of 7 = 1 x 1078,

For evaluating the accuracy of visible surfaces, we com-
pute Chamfer Distance (CD) and the corresponding F-
score. The evaluation is performed on point clouds gener-
ated by sampling the outer shell of the meshes. Specifically,
we render depth maps for each mesh from 100 uniformly
sampled camera views. These depth maps are then unpro-
jected to create a dense 3D point cloud, from which we ran-
domly sample 1 million points. For the F-score calculation,
we use a distance threshold of 7 = 1 x 1076,

To evaluate the quality of fine surface details, we com-
pute PSNR and LPIPS on rendered normal maps. For this,
we render images from four fixed camera positions for all
assets. The camera is placed on a sphere of radius 10
with a fixed pitch angle of 30° and a narrow Field of View
(FoV) of 6°. The four views correspond to yaw angles of
30°,120°,210°, and 300°.

Prior to any metric calculation, all ground-truth and pre-
dicted meshes are normalized to fit within a unit cube. The
definitions for the geometric metrics are as follows:

* Mesh Distance (MD). MD is calculated as the bidirec-
tional point-to-mesh surface distance, averaged over a
dense sampling of points from both meshes. Given two
meshes Sy and Sy, with sampled points Px and Py,
MD is defined as:

1

MD(Sx,Sy) =s—— 3 i — |3
(Sx,Sy) 2|Px| 2 yfglsg e —yll5

xcPx

3)
S min -l
2| Py| zESx
YyEPy

* Chamfer Distance (CD). Given two point clouds, X
and Y, the Chamfer Distance is defined as:

1 , ,
CD(X,Y) —m Z 2161{,1||$ —yl3

2

“)

* F-score. The F-score evaluates shape correspondence
by combining precision and recall, calculated based on
a distance threshold 7. Given a ground-truth shape S,
and a predicted shape Spcq4, we sample point sets Py
from Sg; and Ppreq from Sp,;.cq. Precision and Recall
are then defined as:

1
Prec(7) = |P ‘ I(d*(p, Sg) < 7),
pred PEPpreq (5)
RGC | Z pred) < T) )
t PEPg,

where I(-) is the indicator function and d(p, S) is the
minimum Euclidean distance from a point p to the
shape S. The F-score is the harmonic mean of these
values:

2 - Prec(7) - Rec(7)
Prec(7) + Rec(7)

F-score(r) = (6)

The distance function d(p, S) is defined differently de-

pending on the context, described below.

— For CD F-score: The shapes Sy and Spreq are
treated as discrete point clouds. The distance
d(p, S) is the Euclidean distance from point p to the
nearest point within the point cloud S.

— For MD F-score: The shapes Sy and Speq are
treated as continuous triangle meshes. The distance
d(p, S) is the Euclidean distance from point p to the
closest point on the surface of the mesh S.



Appearance Fidelity. To assess the quality of the recon-
structed materials, we evaluate both the raw PBR attribute
maps and the final shaded images. For both the ground-
truth and the reconstructed 3D assets, we render two sets
of images using the nvdiffrec renderer [15]. This render-
ing is performed using the same fixed-camera setup as the
normal map evaluation, capturing four distinct views. The
PSNR and LPIPS metrics are then calculated by comparing
the rendered outputs from the reconstructed asset against
those from the ground truth. The final reported scores are
the average values across these four views.

D.1.2. Generation Experiments

Test Set. For quantitative evaluation of our image-to-3D
generation capabilities, we conduct experiments on a chal-
lenging test set of 100 image prompts generated by the
NanoBanana text-to-image model [9]. This dataset was
specifically chosen for its diversity and complexity. It fea-
tures prompts that describe objects with intricate geome-
tries, varied and dramatic lighting conditions, and a wide
range of realistic materials, including metal, leather, rust,
and translucent substances such as glass.

Evaluation Metrics. We employ a suite of metrics target-

ing different aspects of the output. The visual and seman-

tic alignment between the input image prompt and rendered

images of the asset is measured using the CLIP score [16].

To evaluate how well the 3D geometry and appearance

properties match the image prompt, we use the multimodal

foundation models ULIP-2 [24] and Uni3D [27]. Details of
the metrics are listed below:

e CLIP Score. The CLIP score measures the semantic sim-
ilarity between two images. In our evaluation, we ren-
der the generated 3D asset from 4 predefined viewpoints
(same yaw, pitch setup as previous metrics). We then
compute the average cosine similarity between the CLIP
embedding of the input image prompt and the rendered
images (or normal map). A higher CLIP score indicates a
better semantic alignment between the conditional input
and the appearance (or geometry) of the generated asset.

e ULIP-2 and Uni3D Scores. ULIP-2 and Uni3D are mod-
els designed to understand and align 3D content with
text/image. To prepare the input for these models, we first
convert our generated mesh into a colored point cloud.
Specifically, we uniformly sample 10,000 points from the
surface of the mesh with Farthest Point Sampling. The
color for each point is determined by querying its cor-
responding RGB value from the asset’s base color map.
This colored point cloud is then fed into the ULIP-2 and
Uni3D models to compute a similarity score against the
image prompt. These scores provide a quantitative mea-
sure of how well the generated assets align with the con-
dition from a native 3D perspective.
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Figure 2. The interface for our user study. Participants were pre-
sented with two types of questions: one for evaluating the overall
quality of fully rendered assets (top) and another for assessing the
shape quality using normal map visualizations (bottom). The in-
terface provided interactive controls for a thorough inspection.

D.2. User Study

While quantitative metrics provide objective measurements
of fidelity, they often fail to capture the nuanced percep-
tual qualities that define a high-quality 3D asset, such as
aesthetic appeal and fine-detail plausibility. To provide a
comprehensive evaluation that aligns with human percep-
tion, we conducted a rigorous user study to compare our
method against others.

Study Design and Interface. Our study was designed to
assess two critical aspects of 3D asset quality: overall qual-



Table 4. Detailed statistics of the user study.

Overall Shape

Method SelectionsT Percentage? | Selections? Percentage
Not Sure 4 2.0% 3 1.4%
TRELLIS 13 6.4% 6 2.8%
Hi3DGen - - 14 6.6%
Direct3D-S2 - - 26 12.2%
Step1X-3D 24 11.8% 1 0.5%
Hunyuan3D 2.1 27 13.3% 16 7.5%
Ours 135 66.5% 147 69.0%
Total | 202 100% | 213 100%

ity (combining geometry and appearance) and shape quality

(isolating geometric fidelity). Participants were presented

with a series of choice questions through a custom web in-

terface, as shown in Figure 2.

For each question, participants were shown a reference
image and a set of turntable video renderings of the 3D
models generated by different methods. The interface pro-
vided interactive controls, allowing users to play, pause,
scrub through the animation timeline, and zoom in to in-
spect details closely. This ensured that participants could
perform a thorough comparison. The positions of the gen-
erated models were randomized for each question to prevent
positional bias.

The study consisted of two distinct types of questions:

e Overall Quality Evaluation: In this task, participants
were shown fully textured and rendered 3D models. They
were instructed to select the model with the “highest over-
all quality that best matches the object in the input image.”
The evaluation criteria emphasized a holistic assessment,
including accurate shape, high-definition textures, realis-
tic material properties (reflection and transmission), and
consistent appearance with the reference.

* Shape Quality Evaluation: To specifically evaluate ge-
ometric accuracy without the confounding influence of
materials, this task presented the models rendered with
only a normal map. Participants were asked to select the
model with the best shape, focusing on criteria such as
“a well-defined shape, high-definition detail, sharp edges,
and clear boundaries.”

Detailed Analysis. We recruited about 40 participants in
the evaluation. For each question, the model selected by a
participant was recorded as a “win” over the other options
presented. We aggregated these results from all participants
and computed a global preference rate for each method.
This percentage provides a clear ranking of perceptual qual-
ity. Detailed statistics of the user study are shown in Table 4.

E. More Results
E.1. 3D Asset Reconstruction

Additional Reconstruction Results. We present addi-
tional reconstruction results of our SC-VAE in Figure 3.

The figure showcases the model’s ability to achieve high-
fidelity reconstruction across a diverse range of 3D assets.
Our method successfully captures hard-surface mechanical
objects (a combat mech), intricate thin structures (a shop-
ping cart, a ferris wheel), open surfaces (a plant), words (a
fridge), and complex material properties (a crystal). Despite
the highly compact nature of the learned latent space, the
model faithfully recovers both complex geometries, visual-
ized via normal maps, and detailed PBR materials, shown
in the final renders.

Additional Qualitative Comparisons. Figure 4 provides
an extended qualitative comparison of shape reconstruction
fidelity against several state-of-the-art methods. The com-
parison includes normal map renderings, magnified insets
to highlight fine details, and corresponding error maps that
visualize the deviation from the ground truth. Across all
examples, our method consistently demonstrates a superior
ability to preserve high-frequency geometric details. For
instance, our model more accurately reconstructs the intri-
cate chainmail links of the helmet and the sharp ornamen-
tal patterns on the decorative vessel, where other methods
often produce overly smooth or blurry surfaces. Notably,
as demonstrated in the final column, our method also ex-
cels at recovering enclosed internal structures, which pose a
significant challenge for many surface reconstruction tech-
niques. This high fidelity is further corroborated by the er-
ror maps, which show visibly lower reconstruction errors
for our method across all examples when compared to the
baselines.

E.2. Image to 3D Asset Generation

Additional Generation Results. We present additional
qualitative results from our image-to-3D generation method
in Figure 5. The figure demonstrates the model’s versatility
and robustness across a wide range of categories, including
organic structures (a garden trellis with ivy), complex hard-
surface machinery (a sci-fi pod, a bulldozer), and detailed
characters (a dwarf blacksmith, a soldier). For each gen-
erated asset, we display the final physically-based render,
the corresponding normal map to illustrate geometric de-
tail, and a breakdown of the constituent PBR attribute maps
along with relighting results. This comprehensive visualiza-
tion highlights our method’s ability to jointly generate not
only high-fidelity geometry but also plausible PBR materi-
als that respond correctly to novel lighting conditions.

Additional Qualitative Comparisons. In Figure 6, we
provide further qualitative comparisons for the image-to-3D
generation task against several recent state-of-the-art meth-
ods. A primary advantage of our method is its ability to gen-
erate high-quality PBR materials, a capability not present in
several baselines such as Step1X-3D, TRELLIS, Direct3D-
S2, and Hi3DGen. When comparing geometric fidelity via



the normal maps, our results consistently exhibit sharper
and more coherent details. For example, our method more
accurately captures the fine mechanical joints of the crab
and the face of the character, whereas competing methods
often produce results that are overly smoothed or contain
noticeable artifacts. Furthermore, for methods that do pro-
duce PBR materials (Hunyuan3D 2.1), our approach gen-
erates textures that are visually more plausible and better
aligned with the input prompts.

F. Limitation Discussion and Future Work

Despite the promising results, our method has several limi-
tations that open avenues for future research.

First, similar to other voxel-based methods, O-Voxel’s
representation power is bounded by its spatial resolution.
For detailed geometric features smaller than the voxel size,
the Flexible Dual Grid formulation could produce aliasing
artifacts. For example, when two parallel surfaces that are
very close to each other intersect the same voxel, the QEF
solver, by design, will place the dual vertex at a position
that minimizes the error to both surfaces, often resulting in
a vertex located between them rather than accurately on one.
Similarly, the volumetric material attributes in such a voxel
will be an average of the properties of both surfaces, leading
to blurred appearance.

Second, we observe that the reconstructed and gener-
ated results sometimes contain small holes, though they
can mostly be rectified with standard mesh post-processing
techniques (e.g., hole filling). We attribute this issue to chal-
lenges in the sparse nature of our decoder, where ensuring a
perfectly closed, manifold surface from the high-resolution
sparse structure predicted by our decoder can be difficult.
Improving the inherent stability of decoding process is an
important area for improvement.

Finally, our O-Voxel is currently focused on geometry
and material and it does not explicitly encode higher-level
structural or semantic information. A significant direction
for future research is to extend our representation to incor-
porate part-level segmentation and a graph-based topologi-
cal structure. Such a structured representation would unlock
an even wider range of downstream applications.



Figure 3. Reconstruction results of our method. Despite highly compact, it achieves high-fidelity recovery of complex shapes and materials.
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Figure 4. Qualitative comparison of shape reconstruction fidelity. Error maps are shown on the bottom right.



Figure 5. More image-to-3D generation results of our method. PBR attributes and relightings are shown below. (Best viewed with zoom)
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Figure 6. More comparisons of image-to-3D generation results. Rendering results and PBR attributes (if applicable) are shown below.
(Best viewed with zoom)
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