
A. Background for 3D Foundation Models
Foundation models for learning object geometry priors have
been widely studied via image representations, such as
depth [2, 19], normal [1, 9, 15] or point [26, 27] maps.
While these models mostly describe object structures for
input view only, recent 3D foundation models learn to di-
rectly encode object geometry in a native 3D latent space,
e.g. constructed by tokenized point clouds [4, 34] or voxels
[17, 20], thus can model complete object shapes. Specifi-
cally, [16, 35, 36] adopt a 3DShape2VecSet [34] architec-
ture to compress sampled object points as a latent vector,
which can be efficiently denoised via rectified flow mod-
els [8, 18]. Alternatively, [17, 30] propose a two-stage
diffusion process using sparse voxels to support detailed
and localized shape generation. Moreover, to avoid time-
consuming mesh extraction and support real-time render-
ing, several works [22, 28, 31] adopt Gaussian Splatting
[14] as the 3D representation and learns to decode corre-
sponding parameters during inference, which enables the
model to capture more realistic lighting effects in the ren-
dered results. Unlike previous pipelines for 3D shape gener-
ation [10, 11, 21, 24, 29] that rely on an intermediate multi-
view synthesis step, above methods fully operate on 3D ob-
ject representations with explicit 3D geometry supervision,
thus effectively model realistic object shape distributions as
foundation priors.

B. Data Processing Pipeline
We use a subset of Objaverse-XL [7] with 160K assets as
our training data and follow [25] to render synthetic orbital
videos as ground truths. Specifically, we first normalize
each object inside a unit cube and center it at the origin.
Note that such normalization is also assumed by the 3D
foundation model. We then use Blender’s CYCLES engine
to render 84-frame orbits of 576×576 pixels images with
white background. During training, we randomly select a
frame as the starting frame with a step of 4 to construct
the target 21-frame orbit. For lighting, we follow the script
from [30] to illuminate the object with curated HDRI en-
vironment maps. Finally, we follow [25] to set the camera
FoV as 33.8 degrees. For static orbits, we sample azimuth
angles that equally divide 360 degrees, and set the elevation
to 0. For dynamic orbits, we smoothly transition the ele-
vation values in the range [-60, 60] using a random set of
sinusoids. In summary, our data processing pipeline closely
follows [25], so that the finetuned base model from SVD
shares a comparable performance.

C. More Ablations for 3D Foundation Priors
In Figure 1, we show generated samples using the same
input image and shape prior but different random seeds.
We observe that incorporating 3D adapter preserves the

stochastic nature of the base video generative model, thus
enabling the generation of videos with different object ap-
pearances. Moreover, all generated results close resemble
the shape prior, i.e. as visualized in the rightmost column,
which demonstrates its capability of shape control. In addi-
tion, we observe that the shape priors only act as a soft con-
straint, where generated images can differ in fine-grained
object parts. We attribute this as two reasons: (i) both im-
ages and 3D shapes are processed in patches compressed
by their respective VAEs, making conditioning on individ-
ual pixels challenging, (ii) the image and shape priors are
conditioned in parallel via cross attention layers, hence the
base video model has its own capability of balancing from
multiple condition signals. Similar to other adapters [33],
we observe that achieving strict identity consistency is chal-
lenging for 3D shape priors as well. Nevertheless, by in-
corporating shape conditions as an auxiliary constraint, our
method can effectively regularize the overall structure and
robustly ensure a plausible output.
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Figure 1. Effects of random seeds for shape priors. Our method
can generate different object appearances following the same prior,
preserving the stochastic nature of generative model.

In Figure 2, we visualize decoded shape priors under differ-
ent seeds for the 3D foundation model. Since the foundation
model uses a large CFG scale by default [36], we observe
it produces a consistent shape prior with minor variance,
which helps to accelerate the convergence for training and
ensures a consistent behavior during inference.

Prior 4Prior 3Prior 2Prior 1Input

Figure 2. Effects of random seeds for the 3D foundation model.
By incorporating a large CFG scale, the 3D foundation model
demonstrate a consistent behavior on resulting priors

D. More Results
We show in Figure 6 for results on more unseen examples
with more views. Our method consistently generalizes to
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Figure 3. Qualitative Comparisons with NVS methods [5, 13, 37] for completeness. Our method produces more realistic results with
improved fidelity in shape and appearances details. Moreover, we directly output smooth video results leveraging temporal priors from
general video model [3], as shown in supplementary videos.

diverse types of objects and produces consistent frames with
realistic object shapes.

E. More Comparisons with NVS Methods
We show more comparisons with several recent NVS base-
lines: Free3D [37], 3D-Adapter [5, 6], and MV-Adapter
[13] in Figure 3. We obtain all results using their official
code and weights. Since these methods either generate in-
dividual or sparse frames during inference, they are not di-
rectly comparable with our method or baselines methods
[25, 32] that target on producing temporal consistent orbital
videos with dense frames. Nevertheless, qualitative com-
parison show that our method achieves superior fidelity in
terms of both shape and appearances details, leading to re-
sults with noticeably improved realism.

F. More Comparison with Foundation Models
We show more comparisons with several recent 3D founda-
tion models: Ouroboros3D [28], Gen-3Diffusion (GEN3D)

[31], and an improved version of Hunyuan3D (Hunyuan2.1)
[23] in Figure 7. Both [28] and [31] learn to generate 3DGS
as the 3D representation and renders results with view-
dependent lighting effects via Gaussian Splatting. In ad-
dition, unlike Hunyuan2.0 [36] that bakes the input lighting
into the textures, Hunyuan2.1 [23] first delight the input im-
age and estimate PBR textures from the intermediate inputs,
thus allows relighting for the generated meshes to produce
more complex light effects such as reflection for mental ma-
terials. In the comparison, we show that our method remain
superior in visual quality, especially in terms of the texture
fidelity in rendered results as well as base color alignment to
the ground truth. To this end, this further verifies the value
of orbital video generation methods for visual aesthetic.

G. 3D Reconstruction from Video Results

We show in Figure 4 that similar to baseline works [25, 32],
our method can be extended to generate 3D meshes from the
video results, which also demonstrates the multi-view con-
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Figure 4. Reconstructed textured meshes from generated video results. Similar to [25, 32], our method can be extended to reconstruct
textured 3D meshes, which also demonstrates the multi-view consistency of generated videos.

sistency. Specifically, we use a simple method that adopts
2DGS [12] to directly reconstruct textured meshes using the
predicted RGB images, and observe that the obtained 3D
models faithfully recover the input images.

H. Failure Cases
We show examples of failure cases in Figure 5. Due to
the limited geometry resolution, the 3D foundation model
fails to generate accurate shape priors for complex scenes
and tiny object regions. Moreover, the visual fidelity of the
results is also bounded by the capacity of the base video
model, e.g. SVD used in our method, which makes syn-
thesizing and controlling for detailed object textures and
components challenging. Nevertheless, we compare with
[32] with higher spatial resolution and find simply scaling
the base video model without incorporating 3D shape pri-
ors does not yield improved results. In view of this, future
research works are encouraged to combine the shape priors
with more powerful base video models to enhance visual
fidelity.

Decoded PriorGTOursHi3DInput

Figure 5. Examples of failure cases. Due to the limited reso-
lution, both base video model and 3D foundation model fail to
recover fine-grained details on complex scenes, leading to blurry
results and ineffective shape control particular when the shape pri-
ors disagree with ground truth videos.

I. Supplementary Video

We refer readers with more results in the supplementary
videos, tested on a wide range of objects and real world ex-
amples to demonstrate the efficacy and generalizability of
the proposed method.
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Figure 6. We show more results of generated frames on diverse input views and unseen objects.
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