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SPAR3D: Stable Point-Aware Reconstruction of 3D Objects from Single Images
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Figure 1. We present SPAR3D, a state-of-the-art 3D reconstructor that reconstructs high-quality 3D meshes from single-view images.
SPAR3D enjoys a fast reconstruction speed at 0.7 seconds and supports interactive user edits.

Abstract

We study the problem of single-image 3D object recon-
struction. Recent works have diverged into two directions:
regression-based modeling and generative modeling. Re-
gression methods efficiently infer visible surfaces, but strug-
gle with occluded regions. Generative methods handle un-
certain regions better by modeling distributions, but are
computationally expensive and the generation is often mis-
aligned with visible surfaces. In this paper, we present
SPAR3D, a novel two-stage approach aiming to take the
best of both directions. The first stage of SPAR3D generates
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sparse 3D point clouds using a lightweight point diffusion
model, which has a fast sampling speed. The second stage
uses both the sampled point cloud and the input image to
create highly detailed meshes. Our two-stage design en-
ables probabilistic modeling of the ill-posed single-image
3D task while maintaining high computational efficiency
and great output fidelity. Using point clouds as an interme-
diate representation further allows for interactive user ed-
its. Evaluated on diverse datasets, SPAR3D demonstrates
superior performance over previous state-of-the-art meth-
ods, at an inference speed of 0.7 seconds. Project page with
code and model: https://spar3d.github.io
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1. Introduction

Reconstructing 3D objects from monocular images is a fun-
damental problem in computer vision. An efficient recon-
struction system opens up a wide range of applications,
including augmented reality, filmmaking, and manufactur-
ing. Monocular 3D reconstruction is also a complex in-
verse problem: while the visible surface can be estimated
from shading, predicting the occluded surface necessitates
a strong 3D object prior. Our field has seen a divergence
in two different directions: feedforward regression [2, 11,
20, 25, 26, 28, 39, 55, 56, 61, 63, 65, 66, 69, 70, 73] and
diffusion-based generation [6, 9, 10, 27, 30, 32, 33, 35—
37, 41, 48-50, 72, 75]. Despite the significant progress
made in both directions, each has fundamental limitations.

Regression-based models are highly effective in adher-
ing to the visible surface in the image, and the inference
speed is typically fast. However, they make the oversimpli-
fied assumption of bijective mapping between images and
3D. This assumption introduces ambiguity in the learning
objective, leading to poorly estimated surfaces and textures
in occluded regions. On the other hand, diffusion-based
approaches are generative and do not predict the statistical
mean. However, their iterative sampling at inference time is
computationally inefficient when modeling high-resolution
3D. Additionally, previous studies such as [28] indicate that
diffusion-generated 3D models exhibit worse alignment to
the surface visible in the input image. How can we take the
best of both worlds while avoiding their limitations?

In light of this, we propose SPAR3D, which breaks the
3D reconstruction process down into two stages: the point
sampling stage and the meshing stage. The point sampling
stage uses diffusion models to generate sparse point clouds,
followed by the meshing stage, transforming point clouds
into highly detailed meshes. Our main idea is to offload
the uncertainty modeling to the point sampling stage, where
the low resolution of the point clouds allows rapid iterative
sampling. The subsequent meshing stage leverages the lo-
cal image features to transform the point cloud into a de-
tailed mesh of high output fidelity. Reducing the mesh-
ing uncertainty with point clouds further facilitates unsu-
pervised learning of inverse rendering, which reduces the
baked-in lighting in the textures. Our two-stage design
enables SPAR3D to significantly outperform previous re-
gressive methods, while preserving high computational ef-
ficiency and fidelity to input observation.

A key design choice of our method is the usage of point
clouds to connect the two stages. To ensure fast reconstruc-
tion, our intermediate representation needs to be lightweight
so it can be efficiently generated. However, it should pro-
vide enough guidance to the meshing stage. This inspires us
to use point clouds, which are perhaps the most computa-
tionally efficient 3D representation because all information
bits are used to represent the surface. Moreover, the lack of

connectivity, typically considered as the drawback of point
clouds, now turns into an advantage with our two-stage ap-
proach for editing purposes. When the back surface does
not align with user expectations, local edits can be easily
made on the low-resolution point clouds without worrying
about topologies (see Fig. | bottom). Feeding edited point
clouds into the meshing stage produces better meshes tai-
lored towards user requirements.

Our experiments demonstrate the superiority of SPAR3D
over previous state-of-the-art methods, with solid quan-
titative and qualitative results on various data sources.
SPAR3D also exhibits a strong generalization ability to in-
the-wild images and Al-generated images. With a total in-
ference time below 0.7 seconds, SPAR3D is not only ef-
ficient but also allows for easy user-driven edits, offering
a practical solution to the task of monocular 3D reconstruc-
tion. We hope that this is a meaningful step towards scalable
generation of high-quality 3D assets.

2. Related Work

Feedforward 3D reconstruction methods address the
problem of 3D object reconstruction by learning a feed-
forward model in a regression-based manner. Earlier
works [11, 20, 26, 39, 61, 66, 70] in this field typically pre-
dict only the geometry and train on small datasets [5, 52],
which limits their generalization ability. Recently, larger
3D datasets [12, 44] have been collected, unlocking the po-
tential to train feedforward 3D models at scale [25, 28, 65].
These models exhibit great generalization ability to unseen
images, and excel at producing reconstructions that tightly
align with the observed cues in the input image. In partic-
ular, LRM [25] and follow-up works [2, 55, 56, 63, 69, 73]
show that properly designed large transformer models can
be trained using only rendering losses to capture object ge-
ometry and texture in great detail. Despite the high fidelity
and computational efficiency of these models, the oversim-
plified bijective assumption in these regressive approaches
results in oversmoothed unseen surfaces. Multi-view diffu-
sion models [36, 37, 47, 48] have been considered as a rem-
edy for this, where additional viewpoints are synthesized
as input to the feedforward model [55, 63, 69]. However,
the inconsistency across viewpoints often leads to signifi-
cant artifacts on the reconstructed surfaces, and the compu-
tational efficiency of these approaches is severely affected
by the slow multi-view generation process. Our model also
aims to overcome the learning ambiguity in regressive ap-
proaches, but our point sampling approach is inherently 3D-
consistent and computationally efficient, and further allows
easy user edits.

Generative 3D modeling learns the image-conditioned
distribution of 3D assets instead of a deterministic map-
ping. Early 3D generative works use GAN [4, 17, 29, 57],
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Figure 2. SPAR3D Overview. Conditioned on the input image, SPAR3D first leverages a point diffusion model to generate a sparse point
cloud. The triplane transformer then uses the sampled point cloud and image features to produce high-resolution triplane features. The
triplane features are then queried to reconstruct the geometry, texture, and illumination of the object in the image.

normalizing flow [31, 71] or VAE [18, 40, 68] as the gen-
erative framework. Inspired by the success of 2D diffusion
models [15, 45], 3D diffusion models [6, 9, 10, 27, 30, 32,
33,35-37,41,48-50, 72, 75] have also been extensively ex-
plored in recent works. Despite the advantage of probabilis-
tic modeling that avoids over-smoothed results, diffusion-
based 3D generation has two drawbacks: 1) not aligning
well with input observations, and 2) having low inference
speed at high resolution. Our work inherits the advantage
of probabilistic modeling, while avoiding the drawbacks by
using diffusion to generate only sparse point clouds.

Optimization-based single-view 3D leverages 2D gener-
ative priors to recover 3D from single-view images. These
works [13, 21, 38, 54] rely on SDS-type loss [43, 60] and
generate 3D assets by optimizing for each object image sep-
arately. These methods achieve promising results without
large-scale annotation. However, the lack of a strong ex-
plicit 3D prior makes the optimization process inefficient
and prone to local minima.

3. Method

SPAR3D Overview. Given the input image I € R3*"xw,
our method produces a 3D mesh with PBR materials, in-
cluding albedo, metallic, roughness and surface normals.
The main goal of our work is to develop a model that en-
joys the benefits of distribution learning through diffusion
models, while not suffering from the low output fidelity and
computational inefficiency. To this end, we design a two-
stage model that consists of the point sampling stage and
the meshing stage (see Fig. 2). At the point sampling stage,
a point diffusion model learns the conditional distribution
of point clouds given the input image. This stage is com-
putationally efficient given the low resolution of the point
clouds. The regression-based meshing stage transforms the
sampled point cloud into a highly detailed mesh that aligns

with the visible surface. The reduced uncertainty with point
sampling further facilitates the learning of materials and il-
lumination in an unsupervised manner during the meshing
stage. This reduces baked-in lighting artifacts and results
in better modeling of specular surfaces. Finally, by us-
ing sparse point clouds as the intermediate representation,
SPAR3D enables human editing in the loop.

3.1. Point Sampling Stage

Overview. The point sampling stage produces a sparse
point cloud as the input to the meshing stage. The core of
the point sampling stage is a point diffusion model, which
generates point clouds p, € R"*% conditioned on the in-
put image I. The six channels include three XYZ channels
and three RGB channels. In our work, the resolution of the
point cloud n is set to 512.

Point Diffusion Framework. Our diffusion framework is
based on DDPM [24], which consists of two processes: 1)
the forward process which adds noise to the original point
cloud, and 2) the backward process where the denoiser
learns to remove the noise. At timestep ¢ € [0, T, the dif-
fusion process combines Gaussian noise € ~ A(0,I) with
a point cloud p, as

P; = Vagpy + V1 — e, (D

where &; denotes the noise schedule. We use the sigmoid
noise schedule proposed in [7], combined with input scaling
and the renormalization trick. The denoiser €4 (p;, ¢; ¢) then
learns to recover the noise from p, and is supervised by

Lsimpie(0) = Et:PmeHe — €9(py, t; C)H% 2

Here ¢ denotes the image condition tokens. During infer-
ence, we use the DDIM sampler [51] to generate point cloud
samples. Samples generated directly often align poorly
with the condition, hence we use the classifier-free guid-
ance (CFG) [23] to improve sampling fidelity.

16862



Denoiser Design. We use a transformer denoiser similar
to Point-E [41], where the noisy point cloud p, € R"*6 is
linearly mapped to a set of point tokens € R"*¢. We
use DINOv2 [42] to encode the input image [ as condition-
ing tokens ¢ € R°*?. The conditions and the point tokens
are then concatenated together as input to the transformer,
which predicts the added noise on each point.

Albedo Point clouds. In the meshing stage, we estimate
the materials and lighting alongside the geometry. How-
ever, this decomposition is inherently ambiguous because
there are countless combinations of lighting and albedo that
can explain the same input image. It is challenging to learn
this highly uncertain decomposition during the regressive
meshing stage alone. We therefore reduce the uncertainty
at the point sampling stage, by directly generating albedo
point clouds with diffusion models. Sampling albedo point
clouds as input to the meshing stage drastically reduces the
ambiguity of inverse rendering and stabilizes the decompo-
sition learning.

3.2. Meshing Stage

Overview. The meshing stage produces a textured mesh
from the input image and the point cloud. The back-
bone of our meshing model is a large triplane transformer,
which predicts triplane features from the image and point
cloud conditions. We estimate the geometry, texture and
lighting of the current object from the triplane, and metal-
lic/roughness from the image features. The geometry and
materials are fed into our differentiable renderer during
training, so that we can apply rendering loss to supervise
our model.

Triplane Transformer. Our triplane transformer consists
of three submodules: the point cloud encoder, the image
encoder, and the transformer backbone. We use a simple
transformer encoder to encode the point cloud as a set of
point tokens. Given the low resolution of the point clouds,
each point can be directly mapped to a single token. Our
image encoder is DINOv2 [42], which produces local im-
age embeddings. Our triplane transformer follows a simi-
lar design to PointInfinity [27] and SF3D [2], which pro-
duces triplanes at high resolution of 384 x 384 by using a
computationally-detached two-stream design.

Surface Estimation. To estimate the geometry, the tri-
planes are queried with a shallow MLP to produce density
values. Similar to [2, 63, 69], we convert the implicit den-
sity field to explicit surface using differentiable Marching
Tetrahedron (DMTet) [46]. We additionally use two MLP
heads to predict vertex offsets and surface normals together
with density. These two attributes reduce the artifacts in-
troduced by the Marching Tetrahedron and lead to locally
smoother surfaces.

Material and Illumination Estimation. We perform in-
verse rendering and jointly estimate materials (albedo,
metallic and roughness) and illumination alongside the ge-
ometry. The task is highly ill-posed and Neural-PIL [1]
showed that an illumination prior can reduce the ambigu-
ity. We build our illumination estimator upon the learning-
based illumination prior from RENI++ [19]. RENI++ is
originally an unconditional generative model for HDR illu-
mination generation. We learn an encoder to map triplane
features into the latent space of RENI++. This allows us to
estimate the environment illumination in the input image.
The albedo is estimated from triplane similar to geometry,
where a shallow MLP predicts the albedo value for each 3D
location. For metallic and roughness, we follow SF3D [2]
and learn to estimate them with a probabilistic approach via
a Beta prior. We find that the CLIP encoder used in SF3D
is unstable when the object size changes. We therefore re-
place their CLIP encoder with AlphaCLIP [53] to alleviate
this issue using foreground object masks.

Differentiable Rendering. We implement a differen-
tiable renderer that renders images based on the predicted
environment map, PBR materials and geometry surface
(see Fig. 3). We use a differentiable mesh rasterizer and
add a differentiable shader. Specifically, we leverage the
standard simplified Disney PBR model [3] in our shader.
As we use RENI++ to reconstruct environment maps, we
need to explicitly integrate the incoming radiance. Here,
we opt to use the Monte Carlo Integration. Given the low
sample counts we can computationally afford during train-
ing, we rely on Multiple Importance Sampling (MIS) with
the balanced heuristic [58] to reduce integration variance.
Additionally, to better model the self-occlusion which has
been typically ignored in prior works, we implement a vis-
ibility test for better shadow modeling. We take inspiration
from real-time graphics and model the visibility test as a
screen-space method using the depth map from our raster-
izer. An overview of this test is shown in Fig. 4. Specifi-
cally, we ray-march a short distance (0.25) in 6 steps for all
proposed sample directions from MIS, and project the posi-
tion back to image space. If the current ray depth is farther
away than the sampled value from the depth map, then the
ray is marked as shadowed.

Loss Function. Our main loss function is the render-
ing loss that compares renderings from novel views to the
grountruth (GT) images. Specifically, our rendering loss is
a linear combination of 1) the L2 distance between the ren-
dered and GT images, 2) the perceptual distance between
the rendered and GT images measured by LPIPS [74], and
3) the L2 distance between the rendered opacity and the GT
foreground mask. Apart from the rendering loss, we also
follow SF3D and apply the mesh and shading regulariza-
tion that regularizes the surface smoothness and the inverse
rendering respectively.
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shader (omitted here for simplicity). Our shader uses the Disney BRDF [3]
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Figure 4. Shadow Modeling. We perform visibility test-
ing in screen-space by marching along sampled rays. If
any point along the ray has a ray depth which is farther
away than the depth map, we consider the entire ray as
shadowed.

to improve shadow modeling. Finally, we compare the rendered image with

the GT image and minimize the rendering loss.
3.3. Interactive Editing

A unique advantage of our two-stage design is that it nat-
urally supports interactive editing of unseen regions in our
produced mesh. In most circumstances, the visible surface
is determined by the input image and remains highly accu-
rate, while the unseen surface is mainly based on the sam-
pled point cloud, which might not align with user intention.
In this case, editing the unseen surface of the mesh is fea-
sible by altering the point cloud. Point clouds are perhaps
one of the most flexible 3D representation for editing pur-
poses because there are no topology constraints. Given the
low resolution of our point clouds, editing the point cloud
is fairly efficient and intuitive. Users can easily delete, du-
plicate, stretch or recolor points in the point cloud. Our ef-
ficient meshing model is able to produce the adjusted mesh
in 0.3 seconds, which makes this process fairly interactive.

3.4. Implementation Details

Point Sampling Stage. Our point diffusion model has 16
transformer blocks in total. Each transformer block consists
of two Layer Normalization layer, one Multi-Head Atten-
tion (MHA) layer and one MLP. We use a feature dimension
of 1024 and 16 attention heads in each MHA layer. With
many emissive objects in our dataset, albedo can be visually
distinct from the input image and hard to learn. Therefore,
instead of directly generating albedo point clouds in the
point sampling stage, we learn to generate white-lit point
clouds as a proxy target.

Meshing Stage. Our triplane transformer consists of 4
two-stream blocks [27]. Each two-stream block consists
of three self-attentions and two cross-attentions. The main
computation is carried out using 3,072 latent tokens, each
with a feature dimension of 1024. The MHA includes 16
attention heads. The point cloud encoder is a vanilla trans-
former with 12 layers and 512 feature dimension, and the

image encoder is DINOv2-large. We use a tetrahedra reso-
lution of 160 for DMTet. In our differentiable shader, we
follow Hasselgren et al. [22] and use a detached biased
sampling scheme. We sample based on the specular lobe
(GGX [59]), the 2D piecewise-linear distribution of the en-
vironment map luminance and the hemispherical distribu-
tion. Specifically, we include 6 samples from the GGX
lobe, 6 samples from the 2D piecewise-linear distribution
of the luminance, and 4 samples from the hemispherical
distribution. The main body of the shader is implemented
in PyTorch, while the screen-space shadowing and the 2D
piecewise-linear distribution computation for the environ-
ment map are implemented as custom CUDA kernels for
efficiency. The training of our meshing stage includes mul-
tiple phases, where we increase the rendering resolution and
decrease the batch size at later training phases. We use GT
point clouds as input when training the meshing model. The
curation of our training data follows TripoSR [56].

4. Experiments
4.1. Evaluation

Datasets. We used two datasets for evaluation, GSO [16]
and OmniObject3D [67]. We follow TripoSR [56] and re-
move simple box or cylindrical objects to avoid bias on
simple geometries. Each of the evaluation sets consists of
around 250 objects. We render the objects with diverse az-
imuth angles at different elevations, with randomly sampled
HDRI environment maps. We also vary the focal length of
the camera to create more diverse test cases.

Metrics. To evaluate the geometry quality of the recon-
structed meshes, we use follow prior works [56, 69] and
use Chamfer Distance (CD) and F-score (FS) as our eval-
uation metrics. CD measures the alignment between two
point clouds and is defined as the average of accuracy and
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Method CD] FS@0.17 FS@027 FS@0.5T7 PSNRT  SSIMT  LPIPS|  Time (s))
Shap-E [30] 0.204 0.359 0.638 0.922 53 0.802 0.205 31
LN3Diff [32] 0.174 0.422 0.703 0.949 17.1 0.819 0.169 5.1
LGM [55] 0.196 0.356 0.635 0.936 17.0 0.818 0.184 41.0
CRM [63] 0.161 0.437 0.735 0.961 17.5 0.830 0.169 74
3DTopia-XL [8]  0.205 0.383 0.651 0.913 16.0 0.818 0.193 40.6
Era3D [34] 0.181 0.417 0.690 0.941 16.9 0.818 0.173 348.0
TripoSR [56] 0.145 0.501 0.784 0.968 18.5 0.837  0.151 0.2
InstantMesh [69]  0.135 0.545 0.812 0.971 18.1 0.838  0.146 36.1
SF3D [2] 0.137 0.540 0.806 0.970 18.0 0.839  0.145 0.3
SPAR3D (ours)  0.120 0.584 0.850 0.983 18.6 0.836  0.139 0.7

Table 1. Quantitative Comparisons on GSO [16]. SPAR3D performs favorably to other state-of-the-art methods.

Method CD} FS@0.1T FS@0.27 FES@051 PSNRT  SSIMT  LPIPS|  Time ()]
Shap-E [30] 0212 0.349 0.624 0.909 1438 0.8006  0.205 31
LN3Diff [32] 0.160 0.480 0.744 0.957 16.7 0.819 0.161 5.0
LGM [55] 0.200 0.366 0.638 0.924 16.1 0.810 0.188 42.0
CRM [63] 0.155 0.482 0.765 0.962 17.0 0.828 0.162 7.0
3DTopia-XL [8]  0.191 0.407 0.676 0.931 15.8 0.817 0.186 412
Era3D [34] 0.185 0.420 0.685 0.937 16.4 0.816 0.167 391.7
TripoSR [56] 0.144 0.537 0.785 0.963 18.0 0.835 0.147 0.2
InstantMesh [69]  0.145 0.546 0.790 0.962 17.2 0.832 0.150 34.7
SF3D [2] 0.138 0.554 0.800 0.967 17.4 0.836 0.145 0.3
SPAR3D (ours)  0.122 0.587 0.845 0.978 17.9 0.832 0.140 0.7

Table 2. Quantitative Comparisons on OmniObject3D [67]. SPAR3D performs favorably to other state-of-the-art methods.
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1 1
J _ 1 T O N
(51:52) = 5] Ees min |l y||2+2|52|y€§S min z—yl
T 1 2
3)

FS evaluates point cloud alignment by calculating the F-
score with a predefined threshold. Predicted points that
lie within the distance threshold are considered as correct
predictions. A higher FS means better alignment between
the reconstructed shape and the groundtruth. To evaluate
the texture quality, we compute standard image metrics, in-
cluding PSNR, SSIM and LPIPS, between images rendered
from the predicted mesh and the groundtruth images.

Protocol. To calculate the metrics that are comparable
across methods, the meshes need to lie in the same coordi-
nate system. To this end, we perform brute-force search in
rotations to align each predicted mesh with the groundtruth
mesh. Both the prediction and the groundtruth are normal-
ized before the brute-force alignment, and the alignment is
further refined with ICP.

Baselines. We compare SPAR3D with other efficient
methods for single-view 3D generation or reconstruction [2,
55, 56, 63, 69]. We use the official implementation for
all baselines, and we evaluate the produced meshes un-
der the same protocol. Specifically, we compare against
TripoSR [56], LGM [55], CRM [63], InstantMesh [69],
LN3Diff [32], Shap-E [30] and SF3D [2]. Among these
baselines, TripoSR and SF3D are pure regression-based ap-

proaches; LGM, CRM and InstantMesh use multiview dif-
fusion to generate pseudo multi-view images; LN3Diff and
Shap-E are purely diffusion-based 3D generative models.

4.2. Main Results

Quantitative Comparison. We compare SPAR3D to
other baselines on GSO and Omniobject3D quantitatively.
As shown in Tab. | and Tab. 2, SPAR3D outperforms all
other regressive or generative baselines significantly across
most metrics on both datasets. For SSIM, we observe that
SPAR3D is slightly worse than the strongest baseline for
this metric. We find that this relates to the Monte Carlo
noise from our shader. SPAR3D is also among the fastest re-
construction models with an inference speed of 0.7 seconds
per object, which is significantly faster than 3D or multi-
view diffusion-based approaches.

Qualitative Results. We show qualitative results of dif-
ferent methods in Fig. 5. The reconstructed meshes from
pure regression-based approaches such as SF3D or TripoSR
align with the input image well, but the backside is of-
ten less accurate and over-smoothed. Multi-view diffusion-
based methods such as LGM, CRM and InstantMesh show
more details on the backside. However, the inconsistency
in the synthesized views leads to clear artifacts and overall
worse results. Pure generative approaches such as Shap-E
and LN3Diff are able to produce sharp surfaces in their gen-
eration. However, many details are erroneous hallucinations
that do not accurately follow the input images, and the vis-
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Figure 5. Qualitative Comparison. We compare SPAR3D to other state-of-the-art methods visually. SPAR3D not only aligns better with
the visible surfaces from images, but also generates higher-quality geometries and textures for the occluded surfaces.
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Figure 6. Generalization Results. We show qualitative results of SPAR3D on in-the-wild images from 2D generative models (top 2 rows)
and ImageNet (bottom 2 rows). The reconstructed meshes exhibit accurate geometric structures with great textures, demonstrating a strong

generalization performance of SPAR3D.

ible surfaces are often reconstructed incorrectly. Compared
to prior art, the meshes produced by SPAR3D not only
faithfully resemble the input image, but also exhibit well-
generated occluded parts with reasonable details. In Fig. 6,
we further show qualitative results of SPAR3D on in-the-
wild images. The images are generated using text-to-image
generative models or from the ImageNet validation set [ 14].
The high quality of the reconstructed meshes demonstrates

a strong generalization performance of SPAR3D. More re-
sults and comparisons are included in the supplement.

4.3. Editing Results

The usage of explicit point clouds as an intermediate rep-
resentation enables interactive editing of the generated
meshes. Users can easily alter the unseen surface of the
mesh by manipulating the point cloud. In Fig. 7, we show a
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Figure 7. Editing Results. We show qualitative examples of interactive editing with SPAR3D. On the left two examples, we add a handle
to the mug and a tail to the elephant doll by duplicating existing points. On the right two examples, we move or delete points to fix
imperfections and to improve local details on the mesh. All the edits are performed in Blender within a minute.

few editing examples with SPAR3D, either by adding major
object parts to the reconstruction, or improving undesirable
generated details.

4.4. Ablation

We ablate the key idea of SPAR3D, the point sampling
stage, which can be seen as an addition to standard re-
gression approaches. We consider a variant of our model
(SPAR3D w/o Point), where we remove the point sampling
stage and make SPAR3D a full regressive model. We com-
pare this variant with our full model on both GSO and Om-
niobject3D. As shown in Tab. 3, our full SPAR3D signif-
icantly outperforms the regressive variant, which validates
the effectiveness of our design. More ablation experiments
are included in the supplement.

Method CDJ FS@0.I1T PSNRT  LPIPSJ
SPAR3D w/o Point __ 0.136 0.506 185 0.146
SPAR3D 0.120 0.584 18.6 0.139
SPAR3D w/o Point __ 0.140 0.500 178 0.146
SPAR3D 0.122 0.587 17.9 0.140

Table 3. Ablation Study on GSO (top 2 rows) and Omniob-
ject3D (bottom 2 rows). Removing the point sampling stage leads
to significant performance drop.

4.5. Analysis

We further design experiments to understand how SPAR3D
works. Our key assumption when designing SPAR3D is
that the two-stage design effectively separates the uncertain
part (back-surface modeling) and the deterministic part (vis-
ible surface modeling) of the monocular 3D reconstruction
problem. Ideally, the meshing stage should mainly rely on
the input image for reconstructing the visible surface, while
relying on the point cloud to generate the back surface. To
see whether this is true, we design an experiment where we
artificially use point clouds that conflict with the input im-

&6@

Squirrel
Image
-: ] \\
14 ﬁ 28
Horse
Point Cloud Mesh Output (6 views)

Figure 8. Generated Mesh with Conflicting Cues. Under con-
flicting cues from images and point clouds, our model reconstructs
the visible surface based on the image, while generating the back-
side surface based on the point cloud.

age. In Fig. 8, we feed the input image of a squirrel and
the point cloud of a horse to the meshing model. As shown
in the figure, the reconstructed mesh indeed aligns with the
squirrel image well on the visible surface, while the back
surface mainly adheres to the point cloud. This result vali-
dates our assumption.

5. Conclusion

We present SPAR3D, a simple yet effective approach for
single-view 3D reconstruction. The core of our model is a
two-stage design based on point sampling. We first generate
a sparse point cloud via point diffusion, and then reconstruct
a highly detailed mesh from both the point cloud and the
image. This design enables us to take the best of regression-
based and generative modeling. Evaluated on standard
benchmarks and in-the-wild images, SPAR3D significantly
outperforms previous state-of-the-art methods with a fast
inference speed. We will release our model upon publica-
tion, and we hope our effort is useful for future research
towards scalable generation of high-quality 3D content.
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