This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Dora: Sampling and Benchmarking for 3D Shape Variational Auto-Encoders

Rui Chen!?  Jianfeng Zhang?!
Jiarui Liu'?  Xiu Li?

Yixun Liang'*
Xiaoxiao Long!*

Guan Luo**  Weiyu Li'?

Jiashi Feng? Ping Tan'3'

fCorresponding authors
!'The Hong Kong University of Science and Technology 2ByteDance Seed
3LightIllusions  “Tsinghua University
https://aruichen.github.io/Dora

Abstract

Recent 3D content generation pipelines commonly em-
ploy Variational Autoencoders (VAEs) to encode shapes
into compact latent representations for diffusion-based gen-
eration. However, the widely adopted uniform point sam-
pling strategy in Shape VAE training often leads to a sig-
nificant loss of geometric details, limiting the quality of
shape reconstruction and downstream generation tasks. We
present Dora-VAE, a novel approach that enhances VAE
reconstruction through our proposed sharp edge sampling
strategy and a dual cross-attention mechanism. By iden-
tifying and prioritizing regions with high geometric com-
plexity during training, our method significantly improves
the preservation of fine-grained shape features. Such sam-
pling strategy and the dual attention mechanism enable the
VAE to focus on crucial geometric details that are typ-
ically missed by uniform sampling approaches. To sys-
tematically evaluate VAE reconstruction quality, we addi-
tionally propose Dora-bench, a benchmark that quantifies
shape complexity through the density of sharp edges, in-
troducing a new metric focused on reconstruction accuracy
at these salient geometric features. Extensive experiments
on the Dora-bench demonstrate that Dora-VAE achieves
comparable reconstruction quality to the state-of-the-art
dense XCube-VAE while requiring a latent space at least
8x smaller (1,280 vs. > 10,000 codes). Project page:
https://aruichen.github.io/Dora.

1. Introduction

3D content creation is vital to delivering realistic and im-
mersive experiences in various industries, including games,
movies, and AR/VR. However, traditional 3D modeling
typically demands significant expertise and manual effort,
making it time-consuming and challenging, especially for
non-expert users. Recent advances in Al-powered 3D con-

tent generation methods [2, 3, 7, 9, 17, 21, 25, 28, 30, 42,
44, 57] have transformed the field, making it more accessi-
ble to many more users.

Following the success of text-to-image generation mod-
els [4, 5, 15, 37, 55], recent 3D content creation ap-
proaches [36, 49, 56] adopt a two-stage pipeline: encod-
ing 3D shapes into a latent space using variational auto-
encoders (VAEs), followed by training a latent diffusion
model. The performance of such a generative pipeline heav-
ily relies on the VAE’s capability to faithfully encode and
reconstruct 3D shapes.

Existing 3D VAEs operate by sampling points on mesh
surfaces for shape encoding and then reconstructing the
original 3D meshes by its decoder. This process faces
unique challenges compared to 2D image VAEs where the
input image is fully observable. In comparison, the sampled
point cloud often cannot capture all the necessary shape in-
formation, which could harm the performance of 3D VAEs.

Volume-based method [36] leverages sparse convolu-
tion [47] to process millions of voxelized points for high-
fidelity reconstruction. Its dense sampling captures precise
shape information. However, this method produces large
latent codes (commonly > 10,000 tokens), which signifi-
cantly complicate the training of diffusion models. On the
other hand, vector-set (Vecset) methods [24, 54, 56, 58]
use transformers to achieve compact latent representations
(hundreds to thousands of tokens), enabling efficient diffu-
sion [24, 56]. However, due to the quadratic complexity of
transformer networks, it often only samples a few thousand
points to represent a 3D shape, which leads to information
loss and performance degradation. Therefore, we seek to
improve the reconstruction quality of Vecset-based VAEs
and maintain their compact representation.

We begin by analyzing the shape reconstruction capa-
bility of Vecset-based VAEs. Through careful analysis,
we find these methods have limited reconstruction perfor-
mance, which stems from their commonly used uniform
sampling. When computational constraints limit the total
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Figure 1. Sampling strategy comparison. Given the ground truth mesh shown in (a), we visualize point clouds produced by uniform
sampling in (b) and those generated by our proposed Sharp Edge Sampling (SES) in (c), at various sampling rates. In (d), we compare
the reconstruction accuracy trained with our SES and the uniform sampling using the F-score metric. The comparison demonstrates SES
consistently outperforms uniform sampling under varying sampling rates, as the point clouds generated by SES are more effective in

capturing the salient features of the object.

number of sampled points, uniform sampling fails to pri-
oritize geometrically salient regions, leading to the loss of
fine details. To validate this observation, we experiment on
a 3D mesh with intricate geometric details (e.g., keyboard
buttons) shown in Figure 1 (a). We visualize the point cloud
with different sampling strategies at various sampling den-
sities in (b) and (c). As demonstrated in Figure 1 (b), even
with increasing sampling rates, uniform sampling fails to
preserve sharp features like keyboard buttons. This sim-
ple experiment confirms that uniform sampling fundamen-
tally limits the capturing of geometric details, which in turn
affects the VAE’s reconstruction capability and the result
quality of the learned diffusion models.

Inspired by the success of importance sampling in var-
ious geometric processing tasks [14, 48], we introduce a
similar strategy for 3D VAE training. While existing im-
portance sampling methods focus on down-sampling point
clouds, our task requires sampling points directly from
mesh surfaces for shape VAE training [49, 56]. This
fundamental difference necessitates a new sampling ap-
proach specifically designed for preserving geometric fea-
tures from mesh representations.

To address this challenge, we propose a Sharp Edge
Sampling (SES) algorithm that adaptively samples points
based on geometric saliency. Specifically, SES first identi-
fies edges with significant dihedral angles on the mesh, in-
dicating regions of high geometric complexity. It then sam-
ples points along these salient regions while maintaining a
balance with uniformly sampled points to capture the over-

all structure. This approach ensures comprehensive cover-
age of both fine details and global geometry.

Building upon SES, we present Dora-VAE, a novel
method achieving high-fidelity reconstruction while main-
taining compact latent representations. To fully leverage
these detail-rich point clouds sampled by our SES, we de-
sign a dual cross-attention architecture that effectively pro-
cesses both salient and uniform regions during encoding.
As shown in Figure 1, our method significantly outperforms
uniform sampling in preserving shape details on the key-
board (c), with consistent improvements in F-Score across
different sampling rates (d).

The common evaluation protocol for 3D VAE:s is also bi-
ased. It typically uses a set of randomly selected 3D shapes,
and employs general metrics (e.g., F-score, Chamfer dis-
tance) to measure the shape reconstruction quality. How-
ever, we argue it is necessary to divide the test shapes into
sub-classes of different shape complexity to better evaluate
these 3D VAEs. To facilitate the evaluation of 3D VAEs,
we further introduce Dora-Bench, a new benchmark based
on existing datasets with our novel Sharp Normal Error
(SNE) metric. Dora-Bench categorizes test shapes based
on their geometric complexity and SNE focuses on measur-
ing the reconstruction quality of salient geometric features.
This combination enables a more rigorous assessment of 3D
VAE:s.

Extensive experiments demonstrate that our Dora-VAE
achieves superior results. When integrated into downstream
3D diffusion models, it significantly enhances the qual-
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ity of generated 3D shapes, which validates that our novel
sampling strategy and dual cross-attention architecture ef-
fectively preserve geometric details with compact latent
spaces. To summarize, our main contributions include: 1)
We propose Dora-VAE, a novel 3D VAE model for high-
quality reconstruction with compact latent representations,
accompanied by Dora-Bench, a comprehensive benchmark
for evaluating 3D VAEs. 2) We introduce, for the first time,
importance sampling to the task of 3D VAE learning and
propose a Sharp Edge Sampling (SES) algorithm to priori-
tize geometrically salient regions. Building on SES, we de-
sign a dual cross-attention architecture to effectively encode
these detail-rich point clouds. 3) We develop a systematic
evaluation benchmark based on existing datasets with our
novel Sharp Normal Error (SNE) metric that specifically as-
sesses reconstruction accuracy of fine geometric details, en-
abling more rigorous evaluation than conventional random
sampling approaches.

2. Related work

Importance Sampling in Point Clouds. Importance sam-
pling techniques have been widely used in point cloud pro-
cessing tasks [14, 48]. For instance, APES [48] proposes
attention-based sampling for point cloud classification and
segmentation. However, these methods operate directly on
point clouds rather than meshes, making them less suitable
for VAE-based shape representation where preserving com-
plete geometric information is crucial.

3D Shape VAEs. Recent 3D shape VAEs follow two main
approaches: volume-based and vector set-based. Volume-
based methods [36, 50] like XCube [36] use sparse convo-
lution to encode voxelized surfaces, achieving high recon-
struction quality but requiring large latent codes (> 10,000
tokens). While these methods excel at preserving geomet-
ric details, their large latent spaces pose significant chal-
lenges for downstream diffusion model training. In con-
trast, vector set-based approaches [24, 49, 54, 56, 58] en-
code uniformly sampled surface points using transformers,
producing highly compact latent spaces that are particularly
suitable for diffusion models. However, these methods of-
ten struggle with geometric detail preservation, especially
in regions with complex surface features. Our analysis re-
veals that this limitation primarily stems from their uniform
sampling strategy: when computational constraints restrict
the total number of processable points, uniform sampling
fails to prioritize geometrically significant regions, leading
to insufficient capture of fine details. This information loss
at the sampling stage fundamentally limits these methods’
ability to learn and preserve intricate geometric features.
3D Content Creation. Current 3D generation methods
can be categorized into three groups. Optimization-based
methods [6, 23, 26, 27, 30, 34, 35, 39, 41, 45], pio-
neered by DreamFusion [34] utilize score distillation sam-

pling (SDS) to optimize 3D representations [19, 31, 38] us-
ing 2D diffusion model priors. While these methods can
achieve photorealistic results, they suffer from slow gener-
ation speed, training instability, and often struggle to main-
tain geometric consistency. Large reconstruction models,
like LRM [16] and follow-up works [22, 29, 40, 43, 46, 51]
employ large-scale sparse-view reconstruction for efficient
3D generation. However, their lack of explicit geometric
priors often leads to compromised geometric fidelity and
inconsistent surface details. 3D native generative models
[24, 49, 54, 56, 58], represented by 3DShape2VecSet [54],
adopt a two-stage approach: first training a 3D VAE to en-
code shapes into latent space, then training a conditional
latent diffusion model for generation. This approach en-
sures better geometric consistency through the VAE’s built-
in geometric constraints. However, the quality of generated
shapes is fundamentally limited by the VAE'’s reconstruc-
tion capability. Recent works [24, 53] have shown that im-
proving VAE reconstruction directly enhances downstream
generation quality, which motivates our focus on advancing
VAE design.

3. Method

In this section, we present Dora-VAE for high-quality 3D
reconstruction, and Dora-Bench for 3D VAE evaluation.
We first briefly review 3DShape2VecSet [54] in Section 3.1,
the foundation of our method and then detail our key inno-
vations in Section 3.2 and Section 3.3.

3.1. Preliminary: 3DShape2VecSet

3DShape2VecSet [54] introduces a transformer-based 3D

VAE that encodes uniformly sampled surface points into

compact latent codes. Given a 3D surface S, their pipeline

consists of three key steps:

* Surface Sampling: Uniformly sample N, points on the
surface S using Poisson disk sampling [52] to obtain a
dense point cloud P, then downsample it to N, points
via Farthest Point Sampling (FPS) [32] to get a sparse
point cloud P;:

Py={p) € S|i=1,..,Ng}, P, =FPS(Py,N,). (1)

* Feature Encoding: Compute the point cloud feature C' via
the cross-attention between P and P, followed by some
self-attention layers to generate the latent code z:

C = CrossAttn(Ps, Py, Py), z = SelfAttn(C).  (2)
* Geometry Decoding: Further decode z through self-
attention layers and predict occupancy values using ran-

domly sampled spatial query points Qspace € R>:

O = CrossAttn(Qspace, SelfAttn(z2)). 3)
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Figure 2. Overview of Dora-VAE. (a) We utilize the proposed
sharp edge sampling technique to extract both salient and uni-
form points from the input mesh. These points are then com-
bined with dense points, effectively capturing both salient regions
and smooth areas. (b) To enhance the encoding of point clouds
sampled through sharp edge sampling, we design a dual cross-
attention architecture.

While this method generates compact latent codes for diffu-
sion, the uniform sampling limits its ability to capture fine
geometric details. Our work addresses this limitation by
carefully designed sampling and encoding strategies.

3.2. Dora-VAE

Figure 2 gives an overview of our pipeline. For each input
mesh, we augment the uniformly sampled point cloud P,
with more important points P, sampled by our proposed
sharp edge sampling strategy, which forms the dense point
cloud P,. During the encoding process, we compute the at-
tention for P, and P, separately via a simple-yet-effective
dual cross attention mechanism and sum the results for self-
attention to compute the latent code z. Our VAE training
largely follows that of 3DShape2VecSet [54], which is su-
pervised by a loss evaluated on the occupancy field.

3.2.1. Sharp Edge Sampling (SES)

We propose SES to effectively sample points from geomet-
rically salient regions. To ensure surface coverage, we also
sample points uniformly. Our final sampled point cloud Py
combines uniformly sampled points P,, with points specif-
ically sampled from salient regions P, as P; = P, U P,.
Our method computes salient points P, through two steps:
detecting salient edges and sampling points from these re-
gions.

Salient Edges Detection. Given a triangular mesh, we
identify a set of salient edges I' by analyzing dihedral an-
gles between adjacent faces, which calculates the angle be-

tween the normal vectors of adjacent faces, providing a di-
rect measure of surface curvature at mesh edges. For each
edge e shared by adjacent faces f; and f5, we compute the
dihedral angle 6, as:

0. = arccos ( i L ) , (C))

g, [0

where n¢, and ny, are the normals of f; and f5. The salient
edge set I' contains all edges with a dihedral angle exceed-
ing a predefined threshold 7:

I={e|f.>r} ©)

Let Nr = |T'| represent the number of the salient edges.
Salient Points Sampling. For each salient edge e € ', we
collect its two vertices v, 1 and v, 2 into a salient vertex set
Pp:

Pr ={ve1,ve2 | €T}, (6)
where duplicate vertices from connecting edges are in-
cluded only once. Let Ny = |Pr| denote the number of
unique vertices in Pr.

Given a target number of salient points Nyegired, W€ ge€n-
erate the salient point set P, based on the available salient
vertices:

FPS(PF’ Ndesired), if Ndesired <= ]\/vv7
Pa = PF U -Pinterpolated; if0 < NV < Ndesired, (7)
0, if Ny = 0.

When we have excess salient vertices (Ngesiced < Nv),
we use FPS to downsample Pr to obtain P,. For cases
with insufficient salient vertices (Ny < Ngesired), W€ in-
clude all vertices from Pr and supplement with additional
points Pyerpolated- These additional points are generated
by uniformly sampling (Ngesiea — Nv)/Nr points along
each salient edge in I', ensuring comprehensive coverage
of salient features. When no salient edges are detected
(Ny = 0), P, remains empty.

3.2.2. Dual Cross Attention

Given the point clouds P; produced by our SES strat-
egy, we design a dual cross-attention architecture to effec-
tively encode both uniform and salient regions. Follow-

ing 3DShape2VecSet [54], we first downsample P, and P,
seperately using FPS:

P; =FPS(P,, Ns,1) UFPS(P,, N;2), 8)

where N, 1 and Nj 5 is the number of downsampled point
clouds from P, and P,, respectively. We then compute
cross-attention features separately for uniform and salient
points as follows:

C\, = CrossAttn(Ps, Py, P,,) 9)
C, = CrossAttn(Ps, Py, Py,) (10)
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Figure 3. Our proposed benchmark include 3D shapes from the
ABO [10], GSO [13], Meta [1], and Objaverse [12] datasets. (a)
The histogram of different datasets across different shape com-
plexities. (b) The pie chart of the total counts by shape complexi-
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Figure 4. The process of computing sharp normal errors (SNE).
We compute MSE loss in the sharp regions of the normal.

The final point cloud feature C' combines both attention re-
sults:

C=0C,+C,. (11

This dual attention design enables separate focus on uni-
form and salient regions during feature extraction. Fol-
lowing 3DShape2VecSet [54], we use C' to predict the oc-
cupancy field 0 through self-attention blocks. The whole
model with parameters 1) are optimized using MSE loss:

2(0 — 0)@

. &
Vo Luse(0, O) 90

. (12

3.3. Dora-Bench

3.3.1. Geometric Complexity-based Evaluation

To enable a more rigorous evaluation of VAE performance,
we propose Dora-bench, a benchmark that systematically
categorizes test shapes based on their geometric complex-
ity. Unlike previous methods that use randomly selected
test sets, we measure shape complexity using the number
of salient edges Nt (Section 3.2.1) and classify shapes into
four levels:

e Level 1 (Less Detail): 0 < Np < 5000;

* Level 2 (Moderate Detail): 5000 < Nr < 10000;

e Level 3 (Rich Detail): 10000 < Nr < 50000;

¢ Level 4 (Very Rich Detail): N > 50000.

We curate test shapes from multiple public datasets in-
cluding GSO [13], ABO [10], Meta [1], and Objaverse [12]
to ensure diverse geometric complexities. Figure 3 shows
the distribution of shapes across complexity levels (a,b) and
example meshes from each level (c). Please refer to our
supplementary materials for more examples.

3.3.2. Sharp Normal Error (SNE)

Building on our Dora-bench, we further introduce Sharp
Normal Error (SNE) to evaluate reconstruction quality in
salient regions. While existing metrics like Chamfer Dis-
tance and F-Score capture overall shape similarity, they fail
to specifically assess the preservation of fine geometric de-
tails. SNE addresses this limitation by measuring normal
map differences between reconstructed and ground truth
shapes in geometrically significant areas. As illustrated in
Figure 4, we render normal maps of the ground truth shape
from multiple viewpoints and identify salient regions using
Canny edge detection. These regions are dilated to create
evaluation masks. The final SNE metric is computed as
the Mean Squared Error between ground truth and recon-
structed normal maps within the masked areas. This pro-
cess enables focused evaluation of how well VAEs preserve
sharp geometric features during reconstruction.

4. Experiments

We conducted intensive experiments to validate the effec-
tiveness of our proposed 3D VAE and compare it with other
state-of-the-art methods.

4.1. Implementation Details

We follow CLAY [56] for mesh preprocessing to ensure wa-
tertight 3D models. Our VAE is trained on a subset filtered
from Objaverse [12], containing approximately 400,000 3D
meshes. We filter out low-quality meshes with missing
faces or severe self-intersections to ensure training stabil-
ity. Our training is conducted on 32 A100 GPUs for two
days using a batch size of 2048 and a learning rate of Se-5.
We employ Flash-Attention-v2 [11], mixed-precision train-
ing with FP16 and gradient checkpointing [8] to optimize
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Methods

L1 L2 L3 L4

1 F-score(0.01) x 100
‘ LCL ‘ L1 L2

1 F-score(0.005) x 100

J CD x 10000 J SNE x 100

L3 L4 ‘ L1 L2 L3 L4 ‘ L1 12 L3 14

Xcube [36]

| >10000]98.968 98.799 98.615 98.226|95.525 93.872

92.322 85.365‘6.315 6.288 7.935 9.926 ‘1.579 1.432 1.430 1.679

Xcube' [36]

| >10000(99.393 99.794 99.824 99.079]96.753 95.535

93.422 87.365‘4.015 4.142 57740 17.627 ‘1.543 1.408 1.259 1.639

Craftsman [24]| 256 |98.016 95.874 91.756 81.739|87.994 82.549

73.000 57.379‘4.389 9.129 14.530 33.441 ‘ 1.906 1.873 2.191 3.933

w/o DCA

Ours 1280 |99.964 99.925 99.678 97.890|96.561 95.975 91.618 83.124|2.236 2.506 4.444 6.432 |1.448 1.215 1.205 1.828
WS osespea| 1280 [99.944 99.814 97.294 96.779(95.977 94.623 88.406 79.240(2.422 2.983 3.980 6.196 |1.496 1.313 1.352 2.207
Ours & 256 199.507 98.986 96.669 89.577|93.272 90.466 82.386 68.669|3.356 5.202 10.276 24.527|1.555 1.410 1.618 3.035
i 1280 |99.988 99.955 99.880 99.170|97.038 96.831 93.458 87.473|2.097 2.500 3.945 5.265 |1.433 1.186 1.137 1.579

Table 1. Quantitative comparison in Dora-bench. T indicates the fine-tuning model that uses the same training data as ours.

memory usage and training efficiency. For the parameters in
sharp edge sampling, we set Ngesired = 16384 and 7 = 30.
We set the low threshold to 20 and the high threshold to 200
for the canny edge detection.

4.2. Evaluation Setting

Metrics. We evaluate reconstruction quality by comparing
input meshes with their decoded counterparts from differ-
ent 3D VAEs using 1M sampled points under three met-
rics: 1) F-score (r) [20], which reconstruction accuracy by
computing precision and recall of point correspondences
within distance threshold r. Specifically, we report F-score
(0.01) and F-score (0.005) with shapes normalized [—1, 1].
2) Chamfer Distance (CD), which computes the average
distance between each reconstructed point and its nearest
ground truth point. 3) Sharp Normal Errors (SNE) as pro-
posed in Section 3.3.2, which evaluate normal map differ-
ences in salient regions. For fair comparison, we also report
Latent Code Length (LCL) as longer codes typically enable
better reconstruction.

Baselines. We compare Dora-VAE with state-of-the-art
approaches, including: 1) XCube-VAE [36], a volumet-
ric method with larger latent codes; 2) XCube-VAET [36],
our fine-tuned version of the original XCube-VAE on the
same dataset; 3) Craftsman-VAE[24], which fine-tune the
3DShape2VecSet [54] with shorter latent codes on Obja-
verse. We exclude VAE models from Direct3D [49] and
CLAY[56] as as their implementations were not publicly
available at submission time.

4.3. Qualitative Comparison

Figure 5 shows visual comparisons of different methods
across different complexity levels from our Dora-bench
dataset. We visualize both ground truth and reconstructed
meshes using surface normal coloring to highlight geomet-
ric details. For shapes with lower complexity (L1 and
L2), all methods achieve comparable reconstruction qual-
ity. However, when dealing with shapes of higher complex-
ity (L3 and L4), the advantages of our method become ob-
vious. While XCube-VAE achieves similar visual quality

to ours, it requires a significantly larger latent space - more
than 8 x the size of ours (> 10,000 dimensions vs. 1,280).
This substantial reduction in latent code length, while main-
taining high reconstruction fidelity, makes our method par-
ticularly suitable for training 3D diffusion models. In con-
trast, Craftsman-VAE shows a noticeable degradation in re-
construction quality for complex shapes, failing to capture
fine geometric details. Additional visual comparisons are
provided in the appendix.

4.4. Quantitative Comparison

Table 1 presents quantitative results of different methods
across different complexity levels of Dora-bench. Our
method consistently outperforms baselines across all levels,
with larger margins on more complex shapes (L3 and L4).
The advantage is particularly evident in CD metrics, where
our method with only 256 latent codes surpasses even our
fine-tuned version of XCube-VAE (3.356 vs. 4.015). When
using 1280 latent codes, our method further decreases CD
to 2.097, achieving a 47.77% improvement over XCube-
VAE'. We attribute XCube-VAE’s lower performance to its
use of NKSR [18] for mesh extraction, which introduces
additional quantization errors.

Notably, our method demonstrates superior performance
in preserving geometric details, as reflected by the SNE
metric. For example, in L4 shapes where geometric com-
plexity is highest, our method achieves an SNE of 1.579
compared to 1.639 from XCube-VAE, representing a 3.7%
improvement. This significant gain in SNE aligns with our
qualitative observations in Figure 5, where our method bet-
ter preserves fine details such as sharp edges and complex
surface variations, demonstrating the effectiveness of our
sharp edge sampling strategy.

4.5. Ablation Studies

To evaluate the contribution of each component, we com-

pare our full model with two variants under the same train-

ing conditions:

* Ours w/o SES, DCA. This variant removes both sharp
edge sampling (SES) and dual cross attention (DCA), i.e.
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Figure 6. Ablation studies of our method. Given the ground truth
of mesh, we employ both our full model and its variations to recon-
struct the ground truth mesh, highlighting significant reconstruc-
tion discrepancies with red boxes.

using only uniformly sampled point clouds with Poisson
disk sampling [52], while maintaining an equal N.
* Ours w/o DCA. This variant retains SES but removes
DCA, i.e. using a single cross attention adopted by [54].
As shown in Figure 6 and Table 1, our full model consis-
tently outperforms these variants, validating the effective-
ness of both components.

5. Application: Single Image to 3D

We demonstrate the effectiveness of our VAE by applying
it to single-image 3D generation through diffusion mod-
els. Following CLAY [56], we implement a latent diffu-
sion model based on the DiT [33] architecture. For a fair
comparison, we fine-tune Craftsman-VAE on our dataset
(denoted as Craftsman-VAE') since both Craftsman-VAE
and 3DShape2VecSet were originally trained on smaller
datasets. Note that XCube-VAE is excluded from compar-
ison due to its 10,000-dimensional latent codes being im-
practical for diffusion model training. Figure 7 shows some
generation results from diffusion models trained with our
Dora-VAE and Craftsman-VAE'. Both models share identi-
cal architecture (0.39B parameters) and training conditions
(same dataset, 32 A100 GPUs, 3 days). Our Dora-VAE
demonstrates significantly better preservation of geometric
details in the generated shapes, validating its effectiveness
as a foundation for 3D generation tasks. While further im-
provements could be achieved with more extensive training
data and computational resources, we focus on validating
the VAE’s capabilities in this work and leave such exten-

Craftsman’

Input Image Ours

Figure 7. The diffusion results of the single image to 3D genera-
tion trained on our Dora-VAE and Craftsman’. The 3D geometry
generated by the diffusion model trained on our proposed Dora-
VAE has more details under the same experimental environment.

sions for future work.

6. Conclusion

In this work, we introduce Dora-VAE, a novel VAE de-
signed for high-quality 3D shape compression and recon-
struction. At its core, Dora-VAE introduces sharp edge
sampling to effectively capture salient geometric features,
complemented by a dual cross-attention architecture that
enhances the encoding of these detail-rich point clouds.
To enable more rigorous evaluation of VAE performance,
we develop Dora-bench, which systematically categorizes
shapes based on geometric complexity and introduces the
Sharp Normal Error (SNE) metric for specifically assessing
the preservation of fine geometric details. Our comprehen-
sive experiments demonstrate that Dora-VAE significantly
outperforms existing methods across varying levels of shape
complexity. Furthermore, we show that the improved re-
construction capability of Dora-VAE directly enhances the
quality of downstream tasks by applying it to single-image
3D generation. The superior performance in generating ge-
ometric details validates our approach of focusing on salient
region sampling and encoding for 3D VAE design.
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