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Points-to-3D: Structure-Aware 3D Generation with Point Cloud Priors

Supplementary Material

A. Experimental Details

Our training dataset consists of object collections from the
3D-FUTURE [3] (9,472 objects), HSSD [4] (6,670 objects),
and ABO [1] (4,485 objects) datasets. For each object, we
render the image of the 7" = 24 views, together with the cor-
responding depth map, and extract the visible point cloud
for each view by enforcing depth consistency with a thresh-
old 7 = 0.05 times the depth range (maximum minus min-
imum depth) in that view. The visible point cloud is then
converted into an initial SS latent, which is paired with the
original SS latent as ground truth to train the sparse struc-
ture flow transformer for inpainting.

For evaluation, we use randomly sampled subset of
the Toys4K [5] (500 objects) dataset and 3D-FRONT [2]
(500 scenes) dataset. For each test object or scene,
we render 8 views using cameras with yaw angles
(0°,45°,90°,135°,180°,225°,270°,315°) and a fixed
pitch angle of 30°. The camera is positioned at a radius of
1.8 from the object center. For PSNR, SSIM, and LPIPS [9],
we directly compare the rendered images of generated re-
sults with the rendered images of the ground-truth objects
and report the average scores. For the DINO-based sim-
ilarity metric, we report the average discrepancy between
the rendered images of the generated and ground-truth as-
sets, quantified as (1 — Spino), wWhere Spino denotes the
DINO similarity score. For the normal-based metric, we
render normal maps from the 8 views and compute the av-
erage score between the normal maps of the generated and
ground-truth assets. For Chamfer Distance (CD) and F-
score, we normalize all the objects within the range (-0.5,
0.5) and set the F-score distance threshold to 0.05. Dur-
ing testing, for the point cloud priors input, we align the
point cloud to the orientation of the corresponding ground-
truth object to ensure that the generation conditioned on this
point cloud can be directly evaluated.

B. More Results

We provide additional qualitative examples and experimen-
tal results to further demonstrate the performance of our
method.

B.1. Multi-Views Input Generation

Because our flow-based model performs iterative denoising,
it can directly incorporate multi-view reference images as
conditioning inputs at different denoising steps. For VGGT-
estimated point clouds, multi-view inputs produce more ac-
curate predictions; moreover, across all point cloud priors,
greater point cloud coverage consistently leads to better re-
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Figure 1. Generation results with 3 input views on Toys4K.
The first column of our results uses sampled point-cloud priors ex-
tracted from the visible regions of the three input images, whereas
the “VGGT-estimated” results rely on point clouds inferred from
the input images by VGGT.

construction. We further evaluate the case of using three
input views on Toys4K [5] dataset. Specifically, we first
feed the multi-view reference images into VGGT [7] to ob-
tain a more complete predicted point cloud. As shown in
Tab. 1, while multi-view input naturally improves the base-
line TRELLIS [8] geometry, our method achieves substan-
tially higher structural accuracy, consistently maintaining
controllable geometry. For accurate point cloud priors, we
extract the visible sampled surface point cloud from the
three views using depth consistency and use it as the input
prior. With these priors, our method produces reconstruc-
tions that are very close to the ground truth. Fig. | further
shows the visualization comparisons. These results demon-
strate the robustness and effectiveness of our method across
different numbers of input images.

B.2. Comparison with SAM3D

We additionally compare our approach with the latest state-
of-the-art method SAM3D [6], which also builds on TREL-
LIS [8]. Although SAM3D highlights the value of 3D priors
and also leverages point maps, it integrates these priors in-
directly through the attention mechanism of the flow trans-
former block, which—as also stated in their paper—does
not support explicit geometric control. As shown in Tab. 1,
with pointmap inputs as well, SAM3D exhibits limited abil-
ity to enforce precise geometric control compared to our ap-
proach. This is further illustrated in Tab. 2, where SAM3D
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Views Rendering Geometry
Method Num PSNR1 SSIM(%)t LPIPS| DINO(%)] | CDJ] F-Scoret PSNR-N1 LPIPS-N |
SAM3D [6] 1 22.42 91.45 0.111 8.01 0.033 0.835 23.85 0.101
Points-to-3D (Ours-VGGT Esti.) 1 22.55 92.09 0.088 7.37 0.024 0.881 24.53 0.085
Points-to-3D (Ours-P.C.Priors) 1 2291 92.83 0.070 7.29 0.013 0.964 27.10 0.053
TRELLIS [8] 3 23.19 92.63 0.075 5.79 0.025 0.904 26.22 0.066
Points-to-3D (Ours-VGGT Esti.) 3 23.44 93.21 0.057 5.58 0.015 0.971 28.35 0.035
Points-to-3D (Ours-P.C.Priors) 3 23.98 94.02 0.050 5.26 0.009 0.988 30.45 0.028

Table 1. Comparison on single-object generation with different views input on Toy4K dataset. We indicate the number of input views
on the left side of the table, and the table’s upper section shows the single-view results, while the lower section shows three-view results.
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Figure 2. Input point cloud priors examples. We show the observable point cloud priors examples for the two input modes with single-
view input in this paper, along with their corresponding generation results.

Methods | CD] F-Scoret PSNR-N1 LPIPS-N |
SAM3D [6]-0. | 0.033  0.835 23.85 0.101
SAM3D [6]-V. | 0.031 0.841 24.81 0.090
Points-to-3D-O. | 0.013  0.964 27.10 0.053
Points-to-3D-V. | 0.007  0.998 29.00 0.036

Table 2. Comparison on visible and overall geometry results
of single-view input on Toys4K. We present the comparison be-
tween our method and SAM3D [6]. For each method, the upper
row (O.) shows the overall results, while the lower row (V.) shows
the visible region results.

fails to achieve improved geometry even within the regions
covered by the pointmap (i.e., the visible areas in the table).
In contrast, our method injects 3D priors through a more di-
rect and explicit mechanism, enabling effective and reliable
geometric controllability, providing current 3D generation
frameworks a stronger opportunity to benefit from sensed
3D priors as well as future improvements in feed-forward

point-map prediction methods.

B.3. Point Cloud Priors Examples

In Fig. 2, we illustrate examples of the two types of point
cloud priors considered in this work, which correspond
to the two most common practical scenarios: (1) partial
point clouds directly captured by hardware sensors (e.g.,
LiDAR on an iPhone), and (2) point cloud estimated from
input images via feed-forward point-map prediction (e.g.,
VGGT [7]). This experimental setup enables a comprehen-
sive evaluation of our method over a broader spectrum of
practical cases. As shown in Fig. 2, these visible-region
priors impose reliable geometric constraints that steer our
model toward controllable and faithful 3D generation. The
accompanying quantitative results in Tab. 2 further verify
that our explicit prior-injection scheme effectively preserves
the geometry in the input 3D priors. This formulation en-
ables current 3D generation frameworks to integrate with
broader systems.

CVPR
#8659

080

081

082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097



CVPR
#8659

CVPR
#8659

CVPR 2026 Submission #8659. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

e

C(

Input Image

Ground Truth

Ours — P.C. Prior

AR((((C

- A

Ours — VGGT Esti.

TRELLIS

Figure 3. More image-to-3D examples. More single-image to 3D generation visualization results on Toy4K (row 1-3) and 3D-Front

dataset (row 4-6).
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Figure 4. More real-world image generation examples.
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Figure 5. More text-to-3D generation examples.
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B.4. More Image-to-3D Examples

We provide additional visualization results for image-to-3D
generation in Fig. 3, demonstrating the effectiveness of our
method. Experiments highlight that our method addresses a
major limitation of existing 3D generation frameworks that
struggle to fully incorporate available 3D information, and
achieves substantial improvements in both single-object and
multi-object generation.

B.5. More Real-world and Text-to-3D Examples

We showcase more results in real-world image generation
in Fig. 4, demonstrating the robustness of our method in
practical scenarios. And we also provide more text-to-3D
examples in Fig. 5, illustrating that our method achieves
more explicit geometric control when conditioned on text
and partial point cloud priors, further validating the practi-
cal effectiveness of our approach.
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