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Supplementary Material

In the appendix, we present more implementation details
in Sec. A and analyze the effect of visible token fraction
on generated geometry during inference in Sec. B. We pro-
vide additional visual results of the scaling experiments
in Sec. C. Early experiments are reported in Sec. D. We
then discuss the limitations of our method in Sec. E. Fi-
nally, in Sec. F, we analyze the orthogonal relationship be-
tween the two shape representations and outline potential
extensions of ViLearn as future work.

A. More implementation details.
We present the training configuration in Sec. A.1. We then
detail the four adopted metrics in Sec. A.2.

A.1. Training configuration
We train all models using 32 A800 GPUs. For 3D shape
VAE, we adopt the pretrained VAE from Dora [1]. This
VAE builds upon the architecture of 3DShape2VecSet [23],
improving its reconstruction performance through sharp
edge sampling, and we use it directly without finetuning.
For MM-DiT [5], we apply ViLearn only to the double-
stream blocks where image condition is injected, while
the shape-only single-stream blocks do not use ViLearn,
in order to encourage free learning of internal relation-
ships among shape tokens. We validate the contribution
of ViLearn under two configurations. For ablation studies
(Sec. 5.3), we consistently employ a small model (0.39B
parameters) trained on 0.27M data samples filtered from
Objaverse [4]. To demonstrate scalability (Sec. 5.4), all
scaling experiments (ViLearn and vanilla training baseline)
use a large model (1.1B parameters) trained on an expanded
dataset of 1.1M data samples. Tab. S1 details the model ar-
chitectures for these two configurations. Tab. S2 details the
progressive training schedule for each configuration, which
specifies the token length, batch size, and image resolution
across training steps. This schedule is strictly followed for
all models trained under the respective configuration.

A.2. Metrics.
As described in Sec. 5.2, we use four complementary met-
rics to evaluate geometry quality for single-image-to-3D
generation on a 1,100-image test set. Among these, Floaters
and IS-AS are newly introduced in this paper, while GP and
GD are computed using the official inference code provided
by Hi3DEval [24]. We detail these metrics below.
Image-Shape Alignment Score (IS-AS). Accurately mea-
suring how well a generated 3D shape aligns with an input

Table S1. Model architectures. nparams denotes the number of
parameters; ndouble denotes the number of double stream block
layers; nsingle denotes the number of single stream block layers;
dmodel denotes the hidden dimension of the model; nheads denotes
the number of heads; dhead denotes the hidden dimension of the
heads

Model size nparams ndouble nsingle dmodel nheads dhead

Small 0.39B 5 4 1536 16 96

Large 1.1B 10 20 1536 16 96

Table S2. Training schedule. We progressively increase the to-
ken length and adjust the batch size (per GPU) during training.
The schedule differs for the ablation (Small) and scaling (Large)
experiments.

Model Size Training Steps Token Length Batch Size Image Resolution

Small
0K – 20K 256 512 256
20K – 40K 1024 256 256
40K – 110K 2048 208 256

Large

0K – 20K 256 512 256
20K – 40K 1024 256 256
40K – 80K 2048 152 256
80K – 110K 4096 76 518

image is crucial, yet there is no agreed-upon metric for local
alignment. Existing methods [9, 13] typically adopt global
semantic metrics [16, 19] by embedding sampled 3D points
and the input image or text prompts into a shared semantic
space, which makes them insensitive to fine-grained geo-
metric differences. To address this, we introduce IS-AS, a
metric for fine-grained image–shape alignment. Given an
input RGB image, we first estimate its normal map using
Moge-2 [15]. We then render [7] the generated mesh from
512 uniformly sampled viewpoints on the viewing sphere
to obtain 512 normal maps, using nvdiffrast [7] at a reso-
lution of 518 × 518 in OpenGL camera coordinates with a
camera distance of 3.2 and a 45◦ field of view. For both the
estimated and rendered normal maps, we rescale the fore-
ground so that it occupies 90% of the image area, ensuring a
consistent silhouette scale. These normal maps are encoded
with DINOv2-large [12], and we compute the average local
cosine similarity over corresponding patch tokens between
the estimated normal map and each rendered one. The final
IS-AS is defined as the maximum similarity across all views
(Top-1), and Fig. S1 visualizes some cases of the represen-
tative Top-5 most similar views for ViLearn.
Floaters. We use trimesh [3] to calculate the number of dis-
connected components (Floaters) of each generated mesh.
This metric evaluates geometric integrity directly in 3D
space. It provides a comprehensive assessment by analyz-
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Figure S1. Top-5 similarity scores between the estimated normal map and the rendered normal map. We define the highest score as
the Image-Shape Alignment Score (IS-AS) and highlight it in red.

ing not only the visible surfaces but also the integrity of
internal, occluded geometry. Fewer floaters signify a more
structurally sound and complete mesh, thus reflecting better
geometric quality.
Geometry Plausibility (GP) & Geometry details (GD).
These two metrics evaluate the plausibility and detail of vis-
ible geometry from multi-view renderings. Hi3DEval [24]
renders meshes generated by different methods from mul-
tiple viewpoints, collects human and GPT-4o preference
scores, and trains a scoring model based on these anno-
tations. GP and GD measure geometric quality purely in
2D without considering alignment between geometry and
the input images, so they are complementary to metrics of
Floaters and IS-AS. Hi3DEval [24] also provides a Prompt
Alignment (PA) metric, while it requires textured multi-
view renderings and therefore cannot focus on the align-
ment between geometry alone and images. We do not use
PA for this reason. Moreover, since Hi3DEval [24] scor-
ing model is trained on limited human preference data, its
generalization and fairness might be weaker than those of
large-scale vision encoders such as DINOv2 [12], and we
therefore report GP and GD only as reference metrics.

B. Effect of visible shape token fraction
In Sec. 4.3, we analyze the distribution of visible shape to-
ken lengths in the training set and observe that it peaks when

the visible part is roughly one-third of the total token length,
then decays towards both sides. This suggests that, on av-
erage, the geometry visible from a single view accounts for
about one-third of the full 3D geometry in the training data.
Motivated by this, at inference time, we take the first one-
third of the shape tokens as "visible" and the remaining two-
thirds as "invisible", so that our choice of the visible fraction
matches the peak of the training statistics.
In this section, we further investigate how the fraction of
visible tokens at inference time affects the generated geom-
etry. Using ViLearn-Large (110K checkpoint, 4096 total
tokens), we test visible fractions of 1/4, 1/3, and 1/2, as
shown in Fig. S2. We observe that a smaller visible frac-
tion encourages the model to generate richer details in oc-
cluded regions. As the visible fraction increases to 1/2, the
level of detail in the unseen geometry noticeably dimin-
ishes. For example, the dragon’s tail spikes and the car’s
interior cabin details (seats, steering wheel) gradually dis-
appear with a larger visible fraction. These results demon-
strate that ViLearn allows users to explicitly control the de-
tail level of the generated geometry by simply adjusting the
visible fraction of the shape tokens.

C. More visual results of scaling experiments.
In Sec. 5.4, we validate the scalability of ViLearn qualita-
tively and quantitatively, and compare it against state-of-
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Figure S2. The effect of varying the visible token fraction at inference time. A smaller visible fraction (e.g., 1/4) encourages the model to
generate richer details in occluded regions, while a larger fraction (e.g., 1/2) results in less detailed completions.

the-art (SOTA) VecSet-based models [9, 10, 13] of compa-
rable size (1.1B parameters). We note that a strictly fair
comparison with SOTA models is challenging, as they are
trained with substantially larger and often undisclosed com-
putational and data budgets. For example, TripoSG [10] is
trained for 3 weeks across 160 A100 GPUs on 1M data sam-
ples, and Step1X-3D [9] uses 96 A800 GPUs for 200K steps
on 2M data samples, while Hunyuan3D [13] does not re-
port its GPU count or data scale. In this work, we focuse on
training paradigm: we strictly match all training conditions
between ViLearn and the vanilla training method (Base-
line), ensuring a fair comparison. Under these settings, the
vanilla training framework without explicit positional en-
coding used by the SOTA methods [9, 10, 13] converges
more slowly and achieves inferior final performance com-
pared with ViLearn. Benefiting from the acceleration and
performance improvements provided by ViLearn, we sur-
pass these SOTA methods [9, 10, 13] while using substan-
tially fewer computational resources. As shown in Fig. S5,
we provide more visual comparison of ViLearn with the
vanilla baseline and the SOTA models [9, 10, 13]. We
exclude the comparison with commercial models, as their
training configurations are not clear and their APIs are slow
for the inference of the entire 1,100 test set.

D. Early experiments

In our early experiments, we aim to transfer the success of
accelerating the training convergence of image generative
models via representation alignment [8, 20, 22, 25], such
as VA-VAE [20], to the domain of 3D native generation.
Specifically, VA-VAE [20] fine-tunes the pretrained image
VAE with an additional regularization loss computed be-
tween the structured 2D latent codes and DINOv2 [12] fea-
tures. However, this strategy cannot be directly applied to
a 3D shape VAE. The latent codes of a shape VAE are de-
signed to encode the complete 3D geometry, whereas DI-
NOv2 features are extracted from a single rendered view
and thus only capture view-dependent information. As a re-
sult, the information carried by each shape token and each
image token is not aligned on a per-token level.
To address this mismatch, we introduce an adaptor com-
posed of cross-attention layers. We treat the shape tokens as
keys and values, and inject a set of view-dependent queries
so that the adaptor output can be aligned with the DINOv2
features of the corresponding view via cosine loss. As il-
lustrated in Fig. S3, we investigate two ways of construct-
ing the queries. The first design uses visible points [14]
sampled from the rendered visible surface as queries. The
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Figure S3. Two ways to add the regularization loss to shape
VAE latent space with DINOv2 feature. (a) Use the visible
points [14] as querires. (b) Use Plucker rays as queries.

second design uses Plücker rays, derived from the cam-
era parameters of the conditioning image used in diffusion
training, as queries. Formally, the training objective is de-
fined as L=Lrecon+λregLreg, where Lrecon denotes the re-
construction loss of the 3D shape VAE, Lreg denotes the
feature-alignment regularization loss between the adaptor
outputs and DINOv2 features, and λreg is a weighting coef-
ficient. We conduct a systematic hyperparameter study for
both types of queries, varying the depth of the adaptor (1
or 2 cross-attention layers) and the regularization weight
λreg∈{0.1, 0.5, 1.0}. After fine-tuning, all these configu-
rations are able to successfully predict the pattern of DI-
NOv2 [12] features for the corresponding views, as illus-
trated in Fig. S4. However, when we plug these fine-tuned
shape VAEs based on Dora [1] into the vanilla training
pipeline described in Sec. 3 for image-to-3D diffusion, we
observe that the impact on the final 3D generation quality is
surprisingly minor. We attribute this to two reasons. First,
although representation alignment losses [8, 20, 22, 25] are
effective in text-to-image generation and can improve se-
mantic metrics such as FID, they might be less suitable
for image-to-3D tasks, which require accurate local im-
age–shape alignment rather than global semantic alignment.
Second, the latent features from the image VAE and the
DINO features are both structured 2D representations with
pixel-level correspondence, so simple MLP layers are suf-
ficient to compute the regularization loss between them. In
contrast, the latent features from the shape VAE are 3D rep-
resentations and do not have a direct correspondence with
2D DINO features. Even when cross-attention is used to

(a) GT DINOv2 feature

(b) Predicted DINOv2 feature 

Figure S4. (a) Ground truth (GT) DINOv2 feature. (b) Predicted
DINOv2 feature.

project the 3D features to enable loss computation, this ap-
proach does not fundamentally resolve or alleviate the am-
biguity inherent in single-image-to-3D training. This ob-
servation and the above two analyses inspire the hypothesis
about the main bottleneck in training image-to-3D models
discussed in the introduction (Sec. 1) and motivate our pro-
posed ViLearn (Sec. 4).

E. Limitation

The limitation of our method lies in the additional com-
putational overhead incurred during the data preprocessing
stage. Specifically, visibility grouping (Sec. 4.1) requires
rendering a corresponding visible points map for each po-
tential conditioning image used in diffusion model training.
Furthermore, it needs the pre-extraction of indices for both
visible and invisible tokens from the set of shape tokens.
However, this issue can be substantially mitigated through
parallelized data processing. In our implementation, we
leveraged 64 GPUs to process the entire training dataset of
1.1 million data samples within half a day.

F. Discussion

We discuss the relationship between VecSet representations
and Voxel-based representations. And we discuss the po-
tential extensions of our proposed visibility learning to be
explored in future work.
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Figure S5. .Qualitative Comparison: Our Scaled Model vs. Scaled Baseline vs. SOTAs. For Single-Image-to-3D, we compare the
quality of generated meshes among our scaled model (ViLearn), a scaled baseline, and state-of-the-art (SOTA) open-sourced methods, all
with comparable model parameters: 1.1B (ours, baseline, Hunyuan3D [13]) and 1.3B (TripoSG [10], Step1X-3D [9]), using the Image-
Shape Alignment Score (range 0-1, higher is better). Note that while SOTA methods [9, 10, 13] typically train on hundreds of GPUs for
several weeks, we achieve the best alignment with only 32 GPUs by accelerating convergence with ViLearn.

F.1. Relationship of two shape representations.

In this paper, we exclude comparisons with SOTA voxel-
based generative models [2, 6, 11, 17, 18, 21], since these
two representations are orthogonal. Voxel-based represen-

tations achieve the highest reconstruction fidelity but re-
quire a large number of shape tokens, leading to staged
generation pipelines: voxel locations are first generated as
base geometry, and latent features are then predicted con-
ditioned on these locations to refine the geometry. In con-



trast, VecSet representations use compact latent shape to-
kens, enabling end-to-end and relatively efficient training
while maintaining competitive quality.
Despite this difference, the two representations can be com-
bined to leverage their respective strengths. One can first
generate a base geometry in the VecSet representation and
then feed it into a voxel-based model as a refinement stage
to enrich high-frequency geometric details. In such a hy-
brid pipeline, the primary role of the VecSet-based stage
is to produce an image-aligned base geometry with as few
floating artifacts as possible; otherwise, misalignment and
floaters in the base geometry tend to accumulate in the re-
finement stage. Consequently, exploring how to accelerate
the training convergence of both VecSet-based and voxel-
based models is equally important for achieving image-to-
3D generation with high geometric detail and strong image
alignment at a lower overall training cost. Such a hybrid
pipeline has been explored and supported by Ultra3D [2],
which uses a VecSet-based base geometry for subsequent
Voxel-based refinement.

F.2. Extensions of ViLearn
Multi-view conditioning. For multi-view conditioning,
our learnable VA-LPE is more suitable than VA-RoPE as
it adaptively weights tokens across views to capture com-
plex relationships, while VA-RoPE relies on fixed posi-
tional encodings. However, as observed in Sec. 5.3, VA-
LPE exhibits slower convergence due to the absence of VA-
RoPE’s inductive bias, despite achieving superior final per-
formance. This motivates a hybrid design: augmenting VA-
RoPE’s rotation matrices with learnable embeddings. Such
a formulation combines the benefits of both approaches by
providing strong initial bias and adaptive learning capacity,
making it applicable to a broader range of tasks.
Voxel-based representation. ViLearn can be extended to
voxel-based representations [2, 6, 11, 17, 18, 21]. We can
extract visible sparse voxels directly from the input im-
age during data preprocessing and apply ViLearn for train-
ing. For inference, we could first identify the most similar
canonical view via the IS-AS metric and then extract the
voxel indices corresponding to this view to acquire the in-
dices of the visible sparse voxels. This allows the extension
of VG and VAPE modules to perform visibility learning.
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