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Sparse Structure Latent Outputs with Preserved 3D Structures

Figure 1. We introduce explicit 3D point cloud priors into 3D generation framework, given a pre-existing point cloud or a feed-forward
point cloud prediction from image input, our model generates high-quality 3D assets that faithfully preserve the observed structure while
plausibly completing unobserved regions with coherent geometry.

Abstract

Recent progress in 3D generation has been driven largely
by models conditioned on images or text, while readily
available 3D priors are still underused. In many real-
world scenarios, the visible-region point cloud are easy to
obtain—from active sensors such as LiDAR or from feed-
forward predictors like VGGT—offering explicit geomet-
ric constraints that current methods fail to exploit. In
this work, we introduce Points-to-3D, a diffusion-based
framework that leverages point cloud priors for geometry-
controllable 3D asset and scene generation. Built on a
latent 3D diffusion model TRELLIS, Points-to-3D first re-
places pure-noise sparse structure latent initialization with
a point cloud priors tailored input formulation. A structure
inpainting network, trained within the TRELLIS framework

*Jiatong Xia and Zicheng Duan equally contributed to this work.
†Corresponding author, e-mail: lingqiao.liu@adelaide.edu.au

on task-specific data designed to learn global structural in-
painting, is then used for inference with a staged sampling
strategy (structural inpainting followed by boundary refine-
ment), completing the global geometry while preserving the
visible regions of the input priors. In practice, Points-to-
3D can take either accurate point-cloud priors or VGGT-
estimated point clouds from single images as input. Ex-
periments on both single-object and multi-object scenarios
consistently demonstrate superior performance over state-
of-the-art baselines in terms of rendering quality and ge-
ometric fidelity, highlighting the effectiveness of explicitly
embedding point-cloud priors for achieving more accurate
and structurally controllable 3D generation.

1. Introduction
Advances in 3D generation now allow models to syn-
thesize realistic and diverse 3D assets from single-view
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images or text prompts. These “foundation” 3D mod-
els [19, 28, 62, 65, 73] can produce 3D assets across broad
categories, supporting applications in content creation and
virtual environments. However, conditioning solely on 2D
images or text provides limited geometric controllability:
while the output may appear plausible, the model lacks any
mechanism to respect real 3D measurements. In practice,
partial point clouds from sensors or image-based predictors
provide reliable geometry for visible regions, yet current 3D
generative pipelines make little use of this readily available
structural information.

In this work, we address this gap by enabling geometry-
controllable 3D generation driven by point cloud pri-
ors. We focus on the setting where a visible-region point
cloud—captured or predicted—is treated as a hard struc-
tural constraint, requiring the generated asset to align with
observed geometry while plausibly completing unobserved
parts. Achieving this cannot be done by simply injecting
the point cloud as an additional condition; it requires to in-
tegrates the structural prior into the latent space itself.

Recent latent 3D diffusion models [20, 28, 54], repre-
sented by TRELLIS [62], factorize 3D generation into two
stages: a coarse structural stage operating on a sparse occu-
pancy representation, followed by a semantic and appear-
ance refinement stage. This paradigm offers an explicit
structure latent that could be guided by 3D priors. Yet in
their default formulation, these structure latents are initial-
ized purely from Gaussian noise and rely only on text or
image embeddings, making them unable to anchor struc-
tural generation to actual 3D observations.

To overcome this limitation, we introduce Points-to-
3D, a point-cloud–guided 3D generation framework that
re-defines how the structural latent is initialized and com-
pleted. Instead of starting from pure noise, we voxelize the
visible point cloud and encode it with the TRELLIS sparse
structure VAE to obtain a partially observed latent that di-
rectly reflects the measured geometry. Regions supported
by observations are preserved as fixed constraints, while
unobserved regions remain free to be synthesized. A mask-
aware inpainting network completes this mixed latent, en-
abling the model to generate coherent structures that respect
real 3D measurements while plausibly filling missing areas.

To support this formulation, we construct a visibility-
aware training pipeline that first produces realistic par-
tial–complete structure pairs from ground-truth assets, these
pairs supervise the inpainting model to generate geomet-
ric cues from visible regions to invisible ones while main-
taining consistency with the input point cloud. During in-
ference, Points-to-3D adopts a lightweight two-stage pro-
cedure: it first establishes a globally consistent structure
under visibility constraints, and then performs a brief re-
finement step to enhance boundary quality without disturb-
ing anchored geometry. This design enables controllable

and structurally faithful 3D generation from both sensor-
captured and image-predicted point clouds.

We evaluate Points-to-3D on object-level (Toys4K [51])
and scene-level (3D-FRONT [13]) benchmarks. Across
all settings, our method consistently outperforms TREL-
LIS [62] and other baselines in rendered-view quality and
geometric fidelity. Gains are especially significant in re-
gions covered by point-cloud priors, where Points-to-3D
achieves near-perfect alignment while maintaining realistic
completions in unseen areas. Furthermore, combining our
point-cloud–anchored structure generation with text condi-
tioning enables controllable text-to-3D generation guided
by concrete 3D measurements.

2. Related Work

2.1. 3D Modeling
Recovering the 3D model of specific scenes or ob-
jects is a fundamental problem in computer vision and
graphics. Classical 3D reconstruction leverages multi-
images to recover geometry, including Structure-from-
Motion (SfM) [44], Multi-View Stereo (MVS) [66, 67, 69],
SDF-based approaches [39, 49, 71], e.t.c. Radiance-field
models like Neural Radiance Fields (NeRF) [1, 2, 5, 25,
27, 36, 37] and 3D Gaussian Splatting (3DGS) [18, 21,
24, 30, 70] further enable high-fidelity reconstruction and
novel-view synthesis after scene-specific optimization, and
recent feed-forward variants [4, 7, 8] reducing the per-scene
cost. DUSt3R-related feed-forward reconstruction meth-
ods [29, 55, 59, 63, 72], exemplified by VGGT [58], predict
per-pixel point cloud and implicitly handle camera poses,
achieving strong performance even with a single image.
However, recovering 3D assets from only one image is still
beyond the capabilities of reconstruction methods. 3D gen-
erative models [20, 28, 54, 62] effectively address this sce-
nario: conditioned on a single reference image or even text
prompt, they can synthesize plausible 3D assets aligned
with the reference content.

2.2. 3D Generative Models
Prior 3D generation relies on GANs [3, 16, 45] produce
convincing results, yet their instability restricts scalabil-
ity and output diversity. models [17, 32, 50], starting
with 2D generation [40, 43, 57], diffusion-based meth-
ods rapidly expanding across a spectrum of 3D represen-
tations [19, 20, 28, 33, 46, 48, 53, 54, 65, 73]. Recently,
TRELLIS [62] introduces a novel latent representation that
enables decoding into versatile 3D output formats, demon-
strating strong quality, versatility, and editability, and of-
fering a superior paradigm and framework for 3D gener-
ation. Subsequent works [31, 35, 60, 64] have leveraged
TRELLIS to implement a wide range of practical applica-
tions. Nevertheless, most existing improvements focus on
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enhancing performance at the reference-conditioning level,
while directly embedding 3D priors into latent initialization
to enable more reliable generation still remains largely un-
explored in 3D generation.

2.3. Point Cloud Priors
Incorporating 3D priors to assist downstream tasks has
proven to be a effective strategy. Where point cloud stand
out as one of the most practical and informative represen-
tations. Leveraging point cloud priors has advanced a wide
range of 3D perception tasks [47, 61, 75] as well as recon-
struction tasks [12, 42]. In particular, visible-region point
clouds are easy to obtain from diverse sources, including ac-
tive sensors such as LiDAR and structured-light depth cam-
eras—now widely accessible even on mobile devices—or
from reconstruction approaches such as VGGT [58]. Inte-
grating these easily obtainable point cloud into 3D genera-
tive models offers promising potential for explicit geome-
try control and accurate modeling of complex multi-object
scenes. This work seeks to establish a simple yet effec-
tive paradigm for incorporating point cloud priors into a
diffusion-based 3D generation framework.

2.4. Inpainting
Inpainting is a common paradigm for completing missing
content while preserving observed structures. In 2D vi-
sion, diffusion-based inpainting methods [6, 22, 34, 68]
use spatial masks to guide the synthesis of occluded re-
gions, achieving coherent and controllable image comple-
tion. Similar ideas appear in 3D completion [9, 10, 15, 23]
where partial scans are used to infer full geometry, but such
approaches usually operate as separate completion modules
rather than within a generative framework. TRELLIS, how-
ever, has the potential to perform inpainting directly within
its sparse structured latent spaces, enabling improved global
coherence without the need for external modules. Building
on this perspective, we formulate point-cloud–conditioned
3D generation as a latent inpainting problem, allowing ob-
served geometry to be embedded and completed naturally
within the generative process without relying on auxiliary
completion components.

3. Method
We seek to achieve geometry-controllable 3D generation
by conditioning on point clouds, whether captured by real-
world sensors or inferred from a single image via feed-
forward prediction. This section first outlines TRELLIS, the
baseline that underpins our work, then formalizes the prob-
lem and introduces our method, detailing the model archi-
tecture, training-data construction, and sampling strategy.

3.1. Preliminaries: TRELLIS
TRELLIS [62] is a recently proposed 3D generation model
that produces diverse and high-fidelity 3D assets from im-

age or text prompts. Unlike conventional diffusion mod-
els that operate directly in voxel or implicit-function space,
TRELLIS performs diffusion in a compact latent space
specifically designed to encode 3D structure and appear-
ance. This latent space is learned via a pair of varia-
tional autoencoders (VAEs) trained to compress and re-
construct 3D assets. The first VAE encodes voxelized 3D
features derived from the original asset into a latent rep-
resentation called the structured latent (SLAT), denoted
as z = {(zi,pi)}Li=1, where zi ∈ Rcslat is a local fea-
ture attached to voxel position pi ∈ [0, N − 1]3 with
N = 64. The SLAT z can be decoded into multiple
3D output formats—Gaussian splats, radiance fields, or
meshes—through corresponding decoders, enabling flexi-
ble rendering backends. The second VAE (Es,Ds) learns a
compact representation of geometry by encoding a binary
voxel occupancy grid M ∈ {0, 1}N×N×N—whose occu-
pied positions correspond to {pi}Li=1—into a sparse struc-
ture (SS) latent q ∈ Rr×r×r×cs (with r = 16), which can
be decoded back into M.

The generation process in TRELLIS proceeds in two
stages following a coarse-to-fine paradigm. In the Struc-
ture Generation stage, a Flow Transformer Gs takes Gaus-
sian noise ϵs ∼ N (0, I) and a condition embedding c (from
image or text) to sample the SS latent q, which is then de-
coded by Ds into a binary voxel grid M, defining the as-
set’s geometric scaffold. In the subsequent Structured La-
tent Generation stage, a Sparse Flow Transformer Gl takes
noise ϵslat ∼ N (0, I), the voxel positions {pi}Li=1, and the
same condition c to generate the SLAT z, which is decoded
into the final 3D asset with texture and semantics. Over-
all, TRELLIS establishes a two-level generative hierarchy
that first synthesizes a sparse geometric structure and then
enriches it with detailed appearance.

While the VAEs in TRELLIS possess the intrinsic ability
to encode meaningful 3D geometry, the generative process
itself is not conditioned on external 3D information. Our
approach, Points-to-3D, leverages this encoded structural
capability by directly injecting point-cloud priors into the
VAE latent space, thereby grounding the diffusion process
to explicit 3D observations.

3.2. Problem Formulation

In many real-world settings, we aim to generate 3D as-
sets conditioned on point cloud priors—obtained either via
active sensing (e.g., LiDAR) or model prediction (e.g.,
VGGT). These point cloud typically cover only the visi-
ble portion of the scene. In such a case, the goal is to use
the visible-region point cloud P as a prior for geometry-
controllable 3D asset generation: preserving the observed
foreground structure while completing unobserved regions
guided by foreground cues. To this end, we cast the task
as inpainting conditioned on P, inferring missing geometry
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Figure 2. Overall framework. Given point cloud priors—either pre-existing or predicted by VGGT from input image—we first voxelize
and VAE-encode it to obtain an SS latent, where the empty regions are filled with random noise and concatenated with an extracted mask
to form the input paradigm for our model. During training, the input training data is fed into our inpainting flow transformer Ginp, which is
optimized via a conditional flow matching loss. During inference, the input test data is processed by the trained Ginp through a two-stage
sampling procedure: (1) a structural inpainting stage with s sampling steps to inpaint the global structure. And (2) a boundary refinement
stage with remaining (t− s) steps to refine the inpainting boundaries, yielding the final output SS latent.

from the surrounding latent context.
Specifically, unlike TRELLIS—which initializes genera-

tion from pure noise ϵs—our structural inpainting stage be-
gins by voxelizing the visible point-cloud priors P into a
binary 3D occupancy grid M′ ∈ {0, 1}N×N×N . This vox-
elized structure is then encoded with the VAE encoder Es to
obtain the initial SS latent qvis ∈ Rr×r×r×cs (with r = 16),
which serves as the generation starting point. Formally:

qvis = Es(M′). (1)

To indicate which SS latent regions should be preserved,
we derive an occupancy mask ms ∈ Rr×r×r×cm by down-
sampling M′ to the latent resolution. Then, we preserve the
visible region SS latent with ms and fill the remaining with
noise to obtain the inpainting input SS latent qcomb:

qcomb = ms ⊙ qvis + (1−ms)⊙ ϵs. (2)

Ultimately, we aim to build an inpainting model Ginp based
on the structure generation model Gs to take qcomb as input,
and inpaint the final SS latent q, facilitating visible regions
geometry-controllable generation.

3.3. Point Clouds Priors Driven Generative Model
Model design. As shown in the purple box of Fig. 2, to
enforce the inpainting model, Ginp, on distinguishing the
regions to preserve and generate, we further concatenate the

mask ms to the qcomb along the channel dimension. This
turn qcomb to xinp:

xinp = Concat[qcomb, ms],xinp ∈ Rr×r×r×(cs+cm) (3)

To adapt Ginp with more input channels, we simply replace
its input layer inherited from Gs by a newly registered pro-
jection layer with channel dimension (cs+cm), and maintain
all other network structures unchanged. Then, we fully fine-
tune Ginp to learn to inpaint a completed sparse structure
latent qpred ∈ Rr×r×r×cs using Conditional Flow Matching
loss (CFM) and regard the ground-truth sparse latent qgt as
supervision. This can be formulated as:

LCFM = Et,qgt,ϵ ∥Ginp(xinp, t)− (ϵ− qgt)∥22 (4)

Note that the condition c and time-dependent noise schedul-
ing for xinp are omitted for simplicity.
Training data from visible point clouds. We construct
diverse pairs of training data from visible point clouds to-
gether with their corresponding ground-truth sparse struc-
ture latent to train our model as illustrated in Fig. 3. The
main challenge lies in accurately obtaining the visible-
region point clouds corresponding to the input condition
images of each 3D asset. To achieve this, we render the
depth map Dt with height and width as H and W from T
viewpoints with the condition images It for each ground-
truth 3D asset. For each object, we first uniformly sample
S surface points P̂ = {p̂i = (ui, vi, wi)}Si=1, and given the
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Figure 3. Training data processing. We preserve the visible portion of the complete point cloud and convert it into training inputs.

world-to-camera transformation Tt = [Rt | tt] for the t-th
view, each point is transformed to the camera as:

p̂t
i = Rt (p̂i − tt) =

(
ut
i, v

t
i , w

t
i

)⊤
(5)

The corresponding image-plane projection ut ∈ [1, H] ×
[1,W ] is computed using the intrinsic matrix K. We apply
an observation mask Ot to indicate which point is consid-
ered visible in view t if its projected depth wt

i is consistent
with the rendered depth within a tolerance threshold τ :

Ot
i =

{
1, if |Dt (ui)− wt

i | < τ,

0, otherwise.
(6)

The visible point cloud Pt for view t is thus obtained as
Pt = {p̂t

i | Ot
i = 1}. Each Pt is then voxelized into the

sparse structure voxel, which is then encoded and calcu-
lated to the SS latent qt

comb. Simultaneously, the downsam-
pled occupancy mask mt

s is obtained to indicate the visible
region of the obtained SS latent. The ground-truth SS latent
qgt is derived from the complete 3D structure of the object.
Consequently, the samples (qt

comb,m
t
s, It,qgt) are used to

supervise the model Gs (green box in Fig 2) to learn struc-
ture completion from visible-region priors.

3.4. Staged Sampling from Point Cloud Priors
During inference, we split the t step generation into two
separate sampling stages, namely the structural inpainting
stage and the boundary refinement stage. As illustrated in
Fig. 2 orange box, the first stage produces a coarse but glob-
ally consistent skeleton structure guided by the visible point
clouds using inpainting, while the second stage refines the
boundary regions that connect newly generated content to
the predefined visible areas. Specifically, in each sampling
step of the structural inpainting stage, the trained model out-
puts qpred and reconstructs the inpainting input xinp for the
next iteration by concatenating qpred with the visibility mask
ms following Eq. (3). We repeat this process for s steps to
obtain a draft skeleton 3D structure that is mostly coher-
ent with the visible point cloud. However, slight inconsis-
tencies and missing details may appear around the bound-
ary regions between generated and predefined visible areas,
mainly due to information loss introduced during down-
sampling. To address this, we define the latter (t− s) steps
as the boundary refinement stage. Here, we replace the vis-
ibility mask ms with an all-ones mask m1, effectively con-
verting inpainting into standard denoising. This allows the

model to refine details on either side of the masked or un-
masked regions without drastically modifying the existing
global geometry, resulting in a fully completed and high-
quality sparse structure.

4. Results

4.1. Experiments Setup
Datasets. We train our model on a combination of three
datasets: 3D-FUTURE [14] dataset, HSSD [26] dataset and
ABO [11] dataset. During training, we render T = 24 in-
put views for each object and sample S = 50, 000 point
clouds from each object mesh. For each views, we com-
pute the corresponding visible point clouds, which is then
process to an initial SS latent used for training. We eval-
uate our model on two types of test datasets: the single-
object dataset Toys4K [51] and the multi-object dataset 3D-
FRONT [13]. And our method is tested under two settings
to cover a broader range of application scenarios. In the
first setting, we use the sampled visible point cloud from
each view as available input. And in the second setting,
where no preprocessed point cloud priors are provided, the
test view condition image is fed into VGGT to obtain an es-
timated point cloud for our model as the initial point cloud
priors. We also evaluate our method on several real-world
images from the Pix3D [52] dataset.
Evaluation metrics. We evaluate the final generation re-
sults in two aspects. For the rendered images of the gener-
ated 3D assets, we assess the image quality by comparing
with those rendered from the ground-truth 3D asset, and us-
ing PSNR, SSIM, LPIPS [74], and DINO [38] feature sim-
ilarity as evaluation metrics. For the geometric quality, we
employ Chamfer Distance and F-score, as well as the ren-
dered normal maps PSNR and LPIPS as evaluation metrics.
For text-to-3D generation evaluation, we use the CLIP [41]
score to measure the consistency between the generated re-
sults and the input text prompts.
Implementation. We train our model for 20k iterations
with a batch size of 8 on 4 Nvidia A100 GPUs, and follow-
ing the other TRELLIS [62]’s sparse structure flow trans-
former’s training setting. During inference, we set the
t = 50 sampling steps for the trained Sparse Structure Flow
Transformer, allocating s = 25 steps for structural inpaint-
ing and the remaining steps for refinement. For the other
comparison methods, we use their official code and settings
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Rendering Geometry
Method PSNR ↑ SSIM(%) ↑ LPIPS ↓ DINO(%) ↓ CD ↓ F-Score ↑ PSNR-N ↑ LPIPS-N ↓
GaussianAnything [28] 20.08 89.31 0.183 26.74 0.084 0.513 20.99 0.199
Real3D [20] 19.55 90.65 0.169 27.65 0.065 0.574 21.31 0.178
LGM [54] 20.55 89.98 0.181 23.45 0.075 0.487 20.04 0.202
VoxHammer [31] (3D Inversion) 20.51 90.01 0.123 15.10 0.046 0.724 20.28 0.158
TRELLIS [62] 21.94 91.46 0.105 7.82 0.034 0.832 23.81 0.105
Points-to-3D (Ours-VGGT Esti.) 22.55 92.09 0.088 7.37 0.024 0.881 24.53 0.085
Points-to-3D (Ours-P.C.Priors) 22.91 92.83 0.070 7.29 0.013 0.964 27.10 0.053

Table 1. Comparison on single-object generation on Toy4K dataset. We showcase the performance of our method in two scenarios:
one where explicit point cloud priors are provided, and another where point cloud are inferred from condition images using VGGT [58].

Figure 4. Single-object generation on Toys4K. For the explicit point cloud priors results, we use point cloud extracted strictly from the
visible region of input images, whereas the “VGGT-estimated” results use point clouds inferred from the condition images by VGGT.

to reproduce their results. We reproduce the results of the
3D editing method VoxHammer [31] to represent the 3D in-
version’s results. Specifically, we use the structural voxels
obtained from the same initial point clouds as in our method
to define the “Unedited Region” in VoxHammer, and then
apply their pipeline to obtain the final generated results.

4.2. Main Results

Single-object generation. We first present the results of
single-object generation on Toys4K [51]. As shown in
Tab. 1, our method consistently outperforms existing ap-
proaches across all evaluation metrics, whether using exist-
ing point cloud priors or VGGT [58]-predicted point cloud.
Notably, in terms of geometric metrics, the results with
point cloud priors achieve an F-score of 0.963, demonstrates

our approach produces geometry closely approximates the
ground-truth structure. The significant improvement in ge-
ometry enhances the visual fidelity of the results. As il-
lustrated in Fig. 4, our results better match the overall ap-
pearance of the ground-truth compared to other methods,
and normal maps further highlight the superior geometric
quality achieved by our approach. Notably, while VoxHam-
mer adopts the same 3D priors as ours, the image condi-
tion fails to provide cues for the missing parts of the 3D
priors, making 3D inversion process struggles to complete
the unknown regions. In contrast, our method leverages the
trained model’s inpainting capability to fully exploit the ex-
isting 3D priors and effectively infer the missing geometry.

Multi-object generation. We evaluate our method on
the multi-object generation dataset 3D-FRONT [13]. As
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Rendering Geometry
Method PSNR ↑ SSIM(%) ↑ LPIPS ↓ DINO(%) ↓ CD ↓ F-Score ↑ PSNR-N ↑ LPIPS-N ↓
TRELLIS [62] 18.21 83.12 0.239 12.33 0.094 0.478 18.76 0.258
VoxHammer [31] (3D Inversion) 19.29 84.70 0.179 18.41 0.051 0.686 20.43 0.181
SceneGen [35] 18.32 83.35 0.231 14.43 0.086 0.485 19.08 0.229
MIDI [19] 19.23 85.59 0.166 14.25 0.075 0.513 20.82 0.164
Points-to-3D (Ours-VGGT Esti.) 20.52 86.51 0.152 8.90 0.040 0.743 20.97 0.160
Points-to-3D (Ours-P.C.Priors) 21.63 87.73 0.124 8.29 0.025 0.886 22.38 0.124

Table 2. Comparison on multi-object generation on 3D-FRONT dataset. Points-to-3D consistently outperforms state-of-the-art multi-
object generation methods across all evaluation metrics.

Figure 5. Multi-object generation on 3D-FRONT. The input point cloud priors setting is the same as in Fig. 4.

Methods CD ↓ F-Score ↑ PSNR-N ↑ LPIPS-N ↓
TRELLIS [62]-O. 0.034 0.832 23.81 0.105
TRELLIS [62]-V. 0.032 0.854 24.77 0.093

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 3. Comparison on visible and overall geometry results
on Toys4K. We present the comparison between our method and
TRELLIS. For each method, the upper row (O.) shows the overall
results, while the lower row (V.) shows the visible region results.

shown in Tab. 2, incorporating point cloud priors pro-
vides substantial guidance for reconstructing overall geom-
etry in complex multi-object scenarios, which support our
method achieves significant improvements across all eval-
uation metrics compared to other methods. The rendered
images and normal maps in Fig. 5 further demonstrate that
our results better align with the ground-truth scene geom-
etry and visual appearance. Unlike MIDI [19] or Scene-
Gen [35], which implicitly utilize spatial information, our
framework explicitly incorporates geometric priors within
the architecture, enabling more direct and effective control
over 3D geometry, offering a promising solution for gener-

ating complex 3D scenes.

Visible region performance. We also highlight the gen-
eration results for the visible regions—i.e., the areas cov-
ered by our point cloud priors. As shown in Tab. 3, within
these visible regions, our generated results achieve an F-
Score of 0.998 and a chamfer distance (CD) of 0.007, in-
dicating a strong alignment with the ground truth struc-
ture. This demonstrates our structure generation pipeline
effectively preserves the information provided by the point
cloud priors while producing high-quality overall geometry.
Compared to our baseline method, both in the visible re-
gions and across the entire structure, our approach achieves
substantial improvements in geometric fidelity, fulfilling the
primary objectives of our work.

4.3. Ablation Studies
VGGT point clouds estimation. When point cloud are
not available as input, our method can also leverage the
condition image to predict an initial point cloud using feed-
forward methods like VGGT [58]. We evaluate the gen-
eration results based on VGGT-estimated point cloud, as
shown in Tab. 1 and Tab. 2. Although the generation results
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Inp. Ref. CD ↓ F-Score ↑ PSNR-N ↑ LPIPS-N ↓
50 0 0.014 0.960 25.88 0.065
40 10 0.013 0.962 26.49 0.059
30 20 0.013 0.963 26.89 0.056
25 25 0.013 0.963 27.10 0.053
20 30 0.013 0.962 27.03 0.055
10 40 0.014 0.961 26.72 0.061

Table 4. Ablation study. We evaluate the number of inpainting
steps (Inp.) and refinement steps (Ref.) in our sampling strategy.

Figure 6. Ablation study. Allocating the full sampling to inpaint-
ing (Inp.) results in geometric “holes” along the inpainting edge.

with VGGT point cloud exhibit some gap compared to us-
ing accurate point cloud priors—this is largely due to the in-
herent prediction errors of VGGT. Nevertheless, compared
to other existing approaches, it consistently achieves sub-
stantial improvements in both geometric accuracy and vi-
sual fidelity. These highlight the strong robustness and flex-
ibility of our pipeline, with the absence of high-precision
priors, our framework can still effectively utilize predicted
point cloud form image-only inputs to achieve high-quality
geometry generation.

Staged sampling strategy. We propose a staged sampling
strategy in our pipeline, which leverages a limited num-
ber of last steps with noise to perform global optimization,
effectively addressing the “holes” along inpainting bound-
aries that are otherwise difficult to avoid. We investigate
the effect of refinement step allocation through an ablation
study. In Tab.4, we present generation results under dif-
ferent allocations of inpainting and refinement steps with
the same total sampling steps. When the entire sampling
process is allocated to inpainting, the geometric reconstruc-
tion suffers from “holes” on inpainting edge, as further il-
lustrated in Fig. 6. By setting the sampling schedule to 25
inpainting steps followed by 25 refinement steps, the geo-
metric metrics reach their best performance, and the pre-
viously observed “holes” are effectively eliminated as in
Fig. 6, yielding the overall best generation results.

4.4. Real-world Examples and Text-to-3D
We further evaluate the robustness of our method on real-
world images from the Pix3D [52] dataset. As illustrated
in Fig. 7, our approach maintains robust performance on
real image inputs, producing geometry that aligns more

Figure 7. Real-world examples on Pix3D.

Figure 8. Text-to-3D generation on Toys4K.

Methods CLIP ↑ CD ↓ F-Score ↑ PSNR-N ↑ LPIPS-N ↓
LGM [54] 0.247 0.086 0.412 19.55 0.223
TRELLIS [62] 0.298 0.047 0.639 21.25 0.159
Points-to-3D 0.299 0.022 0.892 24.75 0.094

Table 5. Comparison of text-to-3D generation on Toys4K.

faithfully with the input images compared to the baseline
method. Moreover, we also assess our model under text-to-
3D settings on Toys4K [51], where text prompts and point
cloud priors are provided as input. As shown in Tab. 5
and Fig. 8, our method successfully generates geometries
that are semantically consistent with the input prompts and
structurally well-controlled by the given point cloud priors.

5. Conclusion
We introduce Points-to-3D, a diffusion-based framework
that first leverages explicit 3D point cloud priors as input
to enable geometry-controllable 3D asset and scene gen-
eration. Built upon the latent 3D diffusion model TREL-
LIS [62], we investigate a natural way to embed point
cloud as initialization within the framework. After train-
ing TRELLIS’s structure generation network to acquire in-
painting capabilities, we employ a staged sampling strat-
egy—structural inpainting followed by boundary refine-
ment—that reconstructs the global geometry while preserv-
ing the input visible regions. Experiments demonstrate the
benefits of explicitly embedding 3D priors, highlighting a
promising direction for controllable and reliable 3D gener-
ation in real-world applications.
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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 [14] (9,472 objects), HSSD [26] (6,670 ob-
jects), and ABO [11] (4,485 objects) datasets. For each ob-
ject, we render the image of the T = 24 views, together
with the corresponding depth map, and extract the visible
point cloud for each view by enforcing depth consistency
with a threshold τ = 0.05 times the depth range (maximum
minus minimum 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
structure flow transformer for inpainting.

For evaluation, we use randomly sampled subset of the
Toys4K [51] (500 objects) dataset and 3D-FRONT [13]
(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 ra-
dius of 1.8 from the object center. For PSNR, SSIM, and
LPIPS [74], we directly compare the rendered images of
generated results with the rendered images of the ground-
truth objects and report the average scores. For the DINO-
based similarity metric, we report the average discrepancy
between the rendered images of the generated and ground-
truth assets, quantified as (1−SDINO), where SDINO denotes
the DINO similarity score. For the normal-based metric,
we render normal maps from the 8 views and compute the
average 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-

Figure 9. 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 [51] dataset. Specifically, we first
feed the multi-view reference images into VGGT [58] to
obtain a more complete predicted point cloud. As shown
in Tab. 6, while multi-view input naturally improves the
baseline TRELLIS [62] geometry, our method achieves sub-
stantially higher structural accuracy, consistently maintain-
ing 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. 9 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 [56], which also builds on
TRELLIS [62]. Although SAM3D highlights the value of
3D priors and also leverages point maps, it integrates these
priors indirectly through the attention mechanism of the
flow transformer block, which—as also stated in their pa-
per—does not support explicit geometric control. As shown
in Tab. 6, with pointmap inputs as well, SAM3D exhibits
limited ability to enforce precise geometric control com-
pared to our approach. This is further illustrated in Tab. 7,
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Views Rendering Geometry
Method Num. PSNR ↑ SSIM(%) ↑ LPIPS ↓ DINO(%) ↓ CD ↓ F-Score ↑ PSNR-N ↑ LPIPS-N ↓
SAM3D [56] 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 22.91 92.83 0.070 7.29 0.013 0.964 27.10 0.053

TRELLIS [62] 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 6. 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.

Image Sampled Point Cloud VGGT Estimated

Point Cloud Input Generated Point Cloud Input Generated

Figure 10. 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-Score ↑ PSNR-N ↑ LPIPS-N ↓
SAM3D [56]-O. 0.033 0.835 23.85 0.101
SAM3D [56]-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 7. Comparison on visible and overall geometry results
of single-view input on Toys4K. We present the comparison be-
tween our method and SAM3D [56]. For each method, the upper
row (O.) shows the overall results, while the lower row (V.) shows
the visible region results.

where SAM3D fails to achieve improved geometry even
within the regions covered by the pointmap (i.e., the visi-
ble areas in the table). In contrast, our method injects 3D
priors through a more direct and explicit mechanism, en-
abling effective and reliable geometric controllability, pro-
viding current 3D generation frameworks a stronger oppor-
tunity to benefit from sensed 3D priors as well as future

improvements in feed-forward point-map prediction meth-
ods.

B.3. Point Cloud Priors Examples
In Fig. 10, 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 [58]). This experimental setup enables a compre-
hensive evaluation of our method over a broader spectrum
of practical cases. As shown in Fig. 10, these visible-region
priors impose reliable geometric constraints that steer our
model toward controllable and faithful 3D generation. The
accompanying quantitative results in Tab. 7 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

2



Figure 11. 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).

Figure 12. More real-world image generation examples. Figure 13. More text-to-3D generation examples.
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broader systems.

B.4. More Image-to-3D Examples
We provide additional visualization results for image-to-3D
generation in Fig. 11, 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. 12, demonstrating the robustness of our method in
practical scenarios. And we also provide more text-to-3D
examples in Fig. 13, 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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