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Abstract—Image-to-3D generation aims to predict a geometri-
cally and perceptually plausible 3D model from a single 2D image.
Conventional approaches typically follow a cascaded pipeline:
initially generating multi-view projections from the single input
image through view synthesis, followed by optimizing 3D geom-
etry and appearance strictly using these projections. However,
such deterministic optimization neglects epistemic uncertainty
from imperfectly generated data, particularly due to limited
observations and inconsistent content. To address this issue,
we propose an uncertainty-aware optimization framework that
explicitly models and mitigates epistemic uncertainty, leading to
more robust and reliable 3D generation. For epistemic uncer-
tainty arising from incomplete viewpoint coverage, we employ
a progressive sampling strategy that sinusoidally varies camera
elevations and progressively integrates diverse viewpoints into
training, enhancing viewpoint coverage and stabilizing opti-
mization. For epistemic uncertainty caused by the deterministic
optimization on the noisy and inconsistent generated multi-view
frames, we estimate an uncertainty map from the discrepancies
between two independently optimized Gaussian models. This map
is incorporated into uncertainty-aware regularization, adaptively
adjusting loss weights to suppress unreliable supervision. Fur-
thermore, we provide a theoretical analysis of uncertainty-aware
optimization by deriving a probabilistic upper bound on the
expected generation error, providing insights into its effectiveness.
Extensive experiments demonstrate that our method significantly
reduces artifacts and inconsistencies, leading to higher-quality 3D
generation. More visual results are available at our website.

Index Terms—Image to 3D Generation, Uncertainty-aware
Learning, 3D Gaussian Splatting.

I. INTRODUCTION

MAGE-to-3D generation is to synthesize 3D objects with

both geometric structures and realistic textures from a
single-view image, significantly reducing manual modeling
costs and accelerating 3D creation. This capability is particu-
larly valuable in industries requiring large-scale 3D asset gen-
eration, including video game development, film production,
and virtual/augmented reality. Despite recent advances [1]-[6],
generating high-fidelity 3D assets remains a major challenge
due to the inherent complexities of spatial structure, occlu-
sions, and texture consistency.
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Early approaches [7]-[11], given a single RGB image, could
successfully craft a 3D model of specific object categories.
To further improve scalability, some methods [12]-[16] have
introduced image-based 3D generative models with diverse 3D
supervision. Large reconstruction models (LRMs) [17]-[19]
have also been developed to efficiently map image features
into 3D triplane space. To further improve geometry quality,
modern models [20]-[24] mainly use structured latent rep-
resentations and 3D-aware transformers to fully capture the
geometry and texture of 3D assets. However, these models
typically require high-quality, large-scale 3D datasets, which
are expensive and difficult to acquire. Recent research has thus
explored leveraging large-scale 2D diffusion models [25]-[27]
for 3D synthesis, including methods such as DreamFusion [1]
and Zerol23 [2]. Although these approaches have shown
generalization capabilities, they inherently lack 3D awareness
and lead to geometric inconsistencies.

To improve multi-view consistency, recent methods [28]—
[35] enhance diffusion models with global self-attention,
while others [36]-[42] leverage video diffusion to improve
spatio-temporal coherence. Although these approaches pro-
duce dense and high-resolution frames for 3D optimization,
they often overlook epistemic uncertainty—variations in the
reconstructed 3D assets that persist even when training on
the same pseudo-labels. We attribute these variations to two
primary sources: limited observations and inconsistent content.
Limited observations stem from predefined camera poses with
restricted coverage, leading to under-reconstruction and miss-
ing details in unobserved regions, as illustrated in Figure 1(a).
In contrast, inconsistent content arises from deterministic
optimization over pseudo labels containing geometric and
textural discrepancies across overlapping views, which results
in artifacts and distortions, as shown in Figure 1(b). These
issues are further exacerbated by the noisy and incomplete
nature of generated pseudo-labels, which impose ambiguous
or conflicting supervision in regions with insufficient coverage
or inconsistency. Together, they manifest as high epistemic
uncertainty in the final 3D reconstruction, motivating the
need for an uncertainty-aware optimization framework that
explicitly accounts for these failure modes.

In this paper, we introduce an uncertainty-aware opti-
mization framework, structured as a two-stage pipeline to
establish a strong baseline for evaluating uncertainty-aware
learning. Specifically, we first employ SV3D [39] to gener-
ate multi-view frames as pseudo-labels, and then apply 3D
Gaussian Splatting [43] for efficient optimization and high-
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Fig. 1. Illustration of two sources of epistemic uncertainty. We categorize the sources of epistemic uncertainty in 3D asset optimization into two main types,
with red bounding boxes highlighting regions of suboptimal generation and degraded geometry. (a) Limited observations: caused by incomplete viewpoint
coverage, leading to under-reconstruction, especially in top and bottom views. (b) Inconsistent content: caused by geometric and textural inconsistencies across
overlapping views, resulting in artifacts and distortions in the final 3D reconstructions.

quality rendering. To address epistemic uncertainty arising
from limited and noisy pseudo-labels, we propose two targeted
strategies. First, to mitigate uncertainty due to insufficient
observation, we adopt a progressive sampling strategy that
generates multi-view frames with sinusoidal elevation vari-
ations and progressively incorporates pseudo-labels during
training. We sample camera elevations from a sine function
to ensure a balanced distribution of viewpoints, especially
improving coverage of top and bottom views. Moreover,
we prioritize the integration of high-confidence pseudo-labels
across multiple feed-forward passes, which helps stabilize
training and reduce geometric distortions. Second, to address
epistemic uncertainty caused by pseudo-label inconsistency,
we introduce an uncertainty-aware learning mechanism. It
estimates per-pixel uncertainty from the discrepancies between
two independently optimized Gaussian models and integrates
this information into the optimization process. By adaptively
adjusting pixel-wise loss weights, the model downweights
unreliable supervision, thereby improving stability and en-
hancing 3D generation quality. Notably, our framework op-
erates at the optimization stage and does not depend on a
specific multi-view generator, offering potential applicability
to other multi-view-based image-to-3D pipelines. Extensive
experiments demonstrate that our approach reduces artifacts,
improves geometric and texture consistency, and achieves
superior overall reconstruction performance.
In summary, our main contributions are as follows:

o« We propose an uncertainty-aware optimization frame-
work for image-to-3D generation, explicitly addressing
epistemic uncertainty caused by limited observations and
pseudo-label inconsistencies. We introduce a progressive
sampling strategy to increase viewpoint diversity and an
uncertainty regularization method based on discrepancies
between two Gaussian models. This unified design im-
proves the robustness and accuracy of 3D reconstruction.

e We conduct extensive experiments on the Google
Scanned Objects (GSO) dataset [44], including ablation
studies and user evaluations. Our results show consis-
tent improvements over state-of-the-art baselines in both

quantitative metrics and qualitative assessments, demon-
strating enhanced geometric and texture consistency, as
well as effective suppression of boundary artifacts.

o We further provide a theoretical analysis of our approach,
deriving a probabilistic upper bound on the reconstruction
error, which offers insight into how uncertainty modeling
improves optimization stability.

II. RELATED WORK

In this section, we provide an overview of related works
on image-to-3D generation and uncertainty-aware learning.
Section II-A discusses various approaches to image-to-3D
generation, including 3D generative models, 2D-to-3D lift-
ing methods, and large-scale reconstruction frameworks. Sec-
tion II-B explores different types of uncertainty and recent
advancements in uncertainty-aware learning, with a particular
emphasis on its applications in 3D domain.

A. Image-to-3D Generation

Image-to-3D generation aims to synthesize high-fidelity 3D
assets from a single 2D image, a challenging task due to the
need for reliable modeling of unseen views. Early approaches
primarily focus on single-view 3D reconstruction [7]-[11],
typically relying on explicit 3D representations such as meshes
or voxel grids. More recently, the field has shifted towards
image-based 3D generative models, which leverage diverse
3D representations [12]-[16], enabling the synthesis of more
expressive and structurally complex 3D assets.

A significant limitation of traditional 3D generation meth-
ods is their reliance on high-quality paired 3D data, which
restricts scalability and generalization. Inspired by the success
of large-scale 2D diffusion models [25]-[27] in image and
video generation, recent efforts have explored 2D-to-3D lifting
approaches. For instance, DreamFusion [1] introduces score
distillation sampling (SDS), which optimizes 3D structures
by leveraging the prior knowledge of pre-trained 2D diffu-
sion models, showing strong zero-shot text-to-3D generation
capabilities. Furthermore, Yi et al. [45] propose a progres-
sive learning strategy to gradually increase the resolution to
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facilitate the optimization, while Zero123 [2] fine-tunes a text-
to-image model using 3D data, enabling novel view synthesis
by conditioning on relative camera poses. Building upon this
foundation, subsequent works [3], [4], [6] have sought to
improve multi-view consistency, generating more coherent and
visually plausible 3D assets.

While optimization-based methods such as DreamFusion [1]
achieve impressive results, their high computational cost
limits practical deployment. To address this, feed-forward
approaches utilize large reconstruction models (LRMs) for
efficient 3D asset generation. Early LRM-based methods [17]-
[19] adopt transformer-based architectures to map image fea-
tures into 3D triplane space, followed by volume rendering for
reconstruction. More recent works [46]-[52] have significantly
enhanced geometry and texture fidelity by integrating multi-
view diffusion models [28]-[33], [53]. To improve geome-
try quality degraded by the inconsistency of 2D multi-view
diffusion models, modern 3D generative models [20]-[24]
mainly adopt end-to-end native 3D generation paradigms.
These models directly learn the inherent distribution of 3D
data, and typically leverage structured latent representation,
3D-aware transformers to capture the geometric structure and
texture details of 3D assets comprehensively. Nevertheless,
they require a large amount of high-quality 3D training data,
which incurs high collection costs. With the scarcity of high-
quality 3D data, their ability to learn detailed geometric fea-
tures is limited. Meanwhile, a large portion of the training data
rendered from 3D synthetic assets will cause a domain gap
with real images in test scenarios, leading to poor performance
in practical applications [23].

Our proposed method belongs to the 2D-to-3D lifting
paradigm, a category that typically harnesses temporal con-
sistency from video diffusion models to generate dense multi-
view frames—these frames are then used as pseudo-labels to
guide the 3D optimization process [36]—-[40]. This paradigm
requires relatively little 3D training data by capitalizing on
the strong generative capacity of pre-trained 2D diffusion
models, yet it is prone to spatial inconsistency issues. De-
spite the improvements brought by video diffusion models,
recent methods [36]-[40] have enhanced coherence across
viewpoints but often restrict viewpoint diversity and still suffer
from inconsistencies in complex scenes. From a probabilistic
perspective, the reliance on limited and noisy pseudo-labels
introduces epistemic uncertainty during optimization, leading
to ambiguous supervision and unstable reconstruction. This
observation underscores the need for a more robust optimiza-
tion framework that can adapt to the uncertainty inherent in
multi-view generation and effectively mitigate its impact on
3D reconstruction quality.

B. Uncertainty-aware Learning in 3D Reconstruction

With the advancement of deep learning, increasing attention
has been given to improving model reliability and inter-
pretability. Estimating model uncertainty not only enhances
interpretability but also provides a quantitative measure of
confidence in model predictions. Early works [54] categorize
uncertainty into two primary types: epistemic uncertainty and

aleatoric uncertainty. Epistemic uncertainty, also known as
model uncertainty, reflects the variability in model parameters
when trained on the same dataset. Bayesian networks [55]-
[59], Monte Carlo dropout [60], [61], and Gaussian noise-
based approaches [62], [63] have been explored to quantify
this uncertainty by modeling variance in weight distributions.
Other methods [64]-[67] introduce auxiliary branches to ex-
plicitly model uncertainty, albeit at the cost of increased
training complexity. Aleatoric uncertainty, on the other hand,
arises from noise in observations, including both input data and
annotations. Methods addressing aleatoric uncertainty [68]—
[71] often employ dynamic uncertainty-aware loss functions
to stabilize training and mitigate the impact of noisy inputs.

Uncertainty estimation has been extensively studied in
3D reconstruction, particularly in Neural Radiance Fields
(NeRF) [72] and 3D Gaussian Splatting (3DGS) [43]. While
uncertainty in NeRF models stems from variations in camera
parameters, lighting conditions [73], [74], occlusions, and
sparse viewpoints [75]—[77], similar challenges exist in 3DGS
due to its reliance on multi-view consistency. Recent works,
such as [78]-[81], have integrated uncertainty-aware learning
into training, adaptively adjusting pixel contributions to sup-
press noise in uncertain regions.

While uncertainty estimation has been extensively studied
in NeRF and 3DGS, it remains underexplored in multi-view
diffusion-based Image-to-3D generation. To bridge this gap,
we propose an uncertainty-aware optimization framework to
analyze and mitigate epistemic uncertainty in the 3D as-
set optimization stage, thereby improving 3D object quality.
Specifically, we analyze the sources of epistemic uncertainty
and introduce a progressive sampling strategy along with an
uncertainty-aware loss function to mitigate its effects, enhanc-
ing optimization stability and producing visually compelling
3D assets. To further substantiate our approach, we provide
both a theoretical analysis that characterizes its optimization
behavior and empirical results that demonstrate consistent im-
provements in reconstruction quality across diverse scenarios.

III. METHOD

As illustrated in Figure 2, our framework generates high-
quality 3D assets from a reference image through a two-stage
pipeline. First, a multi-view video diffusion model synthesizes
dense, high-fidelity frames as pseudo-labels for subsequent
3D optimization (cf., Section III-A). Second, uncertainty-
aware learning enhances robustness by explicitly addressing
epistemic uncertainty arising from two sources: limited obser-
vations due to fixed camera poses, and inconsistent content due
to geometric and textural conflicts across generated frames.
Specifically, we introduce a progressive sampling strategy
to incorporate pseudo-labels from diverse viewpoints, effec-
tively alleviating uncertainty from limited observations (cf.,
Section III-B). Moreover, an uncertainty-aware regularization
adaptively adjusts pixel-wise supervision to mitigate uncer-
tainty stemming from inconsistent content (cf., Sections III-C
and III-D). Finally, we provide theoretical insights by deriving
a probabilistic bound on the expected reconstruction error (cf.,
Section III-E).
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Fig. 2. Overview of pipeline. Our method consists of two main components: (a) Progressive Sampling, where we first employ a multi-view diffusion
model (e.g., SV3D [39]) to generate multi-view frames from diverse viewpoints, progressively integrating these pseudo labels (Z4in) into the training process.
This strategy mitigates epistemic uncertainty caused by limited observations, enhancing viewpoint coverage. (b) Uncertainty-aware Learning, where we
independently optimize two Gaussian models (G1, G2) and estimate an uncertainty map (U) from their discrepancies. This uncertainty map captures epistemic
uncertainty arising from ambiguous interpretations of inconsistent pseudo labels. Finally, we employ uncertainty-aware regularization (L£,) to adaptively
suppress unreliable supervision signals, effectively resolving inconsistencies and producing high-quality, visually coherent 3D assets.

A. Preliminary

3D Gaussian Splatting. 3D Gaussian Splatting (3DGS) [43] is
an explicit point-based 3D representation, where each learn-
able Gaussian point is parameterized by its center position
w; € R3, scaling s; € R3, rotation r; € R*, color ¢; € R3,
spherical harmonic (SH) coefficients h; € R3*(* +1)° yp to
order k, and opacity o; € R. Each Gaussian is modeled as:

Gi(w) = e 2@mm) "= @) oy, = RS, STRT, (1)
where x represents a 3D position, X is the covariance matrix,
and S;, R; are the scaling and rotation matrices derived from
s; and r;, respectively.

To render a 2D image from a given camera pose, the
pixel color is computed via a-blending of the sorted Gaussian
points:

1
(1 —ay), 2)
1

i

N
C = E C; Oy
i=1

where ¢; and «; denote the color and projected opacity of each
Gaussian.

The traditional 3DGS model is trained using a reconstruc-
tion loss on the 2D projection, which can be formulated as:

J

‘Crec = (1 - >\s)£1 + ASED—SSIMu (3)

where ), is a balancing weight. Starting from a sparse
point cloud, the 3DGS model undergoes densification, where
high-gradient Gaussians are duplicated and split, followed by
pruning to remove redundant points. We adopt 3DGS as our
3D representation due to its efficient training and high-quality
rendering capabilities.

Multi-view Diffusion Model. Multi-view diffusion mod-
els [27], [82] extend pre-trained 2D image diffusion mod-
els [25], [83], [84] to generate spatially and temporally consis-
tent video sequences by jointly denoising multiple frames. A
representative method is Stable Video Diffusion (SVD) [27],
which consists of an encoder, a denoising U-Net ¢y, and a
decoder. Given a conditional image ¢ and an initial noisy
sequence x7, the denoising U-Net estimates the noise com-
ponent at timestep t. A noise scheduler [85] iteratively refines
the frames, updating them as:

Tt—1 = (I)(Ge(ﬂft;t’C)»t:xt) ) (4)

where ® denotes the noise scheduler. After 7' denoising steps,
a high-quality video sequence of N frames is obtained.

To enhance multi-view consistency, SV3D [39] extends
SVD by conditioning the denoising U-Net on camera poses,
enabling viewpoint control in image-to-3D generation:

Tg—1 = ¢(60(mt;t7caave)7t7xt)7 (5)

where a and e denote the azimuth and elevation angles,
respectively. Given an input image, SV3D can generate N
frames from diverse viewpoints, supporting both static and
dynamic camera trajectories. In this study, we do not pursue
a better multi-view diffusion model, but focus on how to
employ the off-the-shelf SV3D to generate multi-view frames
as pseudo labels for 3D asset optimization, leveraging its
strong performance in geometric and texture consistency.

B. Progressive Sampling Strategy

Given an input 2D image, image-to-3D generation aims to
produce a 3D model that preserves the geometry and texture of
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the reference while maintaining high visual quality from arbi-
trary viewpoints. In typical two-stage image-to-3D generation
methods [36]-[40], [86], video frames with fixed elevations are
first generated and subsequently employed as pseudo labels to
supervise 3D asset optimization. However, limited viewpoint
diversity often leads to high epistemic uncertainty, where
the optimized 3D model overfits the provided pseudo labels,
resulting in under-reconstruction for novel viewpoints such as
top and bottom views. While the model aligns well with the
pseudo labels under training viewpoints, it suffers from under-
reconstruction and artifacts under novel viewpoints, increasing
epistemic uncertainty. To mitigate this, we introduce a sinu-
soidal elevation sampling strategy combined with progressive
pseudo-label integration, enhancing viewpoint coverage while
ensuring stable optimization.

Sinusoidal Elevation Sampling. To improve viewpoint di-
versity, we adopt sinusoidal elevation sampling in which the
elevation angle e varies sinusoidally rather than remaining
fixed, while the azimuth angle a is uniformly distributed over
a full 360° range. Specifically, we define the camera poses P
as:

P = {(an e}, = {(T,Asin (T))}N NG

i=1
where A denotes the amplitude controlling the maximum
deviation, and N denotes the number of frames. This strategy
ensures comprehensive azimuth coverage while significantly
improving coverage of top and bottom viewpoints, leading
to smoother viewpoint transitions and enhanced temporal
consistency in generated multi-view frames.

Progressive Learning. Sinusoidal elevation sampling im-
proves viewpoint diversity by generating multi-view frames
with varying elevation angles, providing richer supervision
for following optimization process. To further enhance su-
pervision, we generate multiple frames with a fixed initial
noise latent across different runs, effectively expanding the
pseudo-label set. Specifically, given that Z denotes the set of
generated pseudo frames, sampling elevation amplitudes A at
0°, -20°, and 40°, we effectively triple the number of pseudo
labels, yielding {Zy, Z.20, Z40}. Considering that larger eleva-
tion differences further reduce frame overlap, we progressively
integrate pseudo labels into training, incorporating those with
greater elevation variations as training time ¢ increases:

{Io}, 0 <t< tl,
Tirain = § {Zo0,Z20} , 1 <t <ty @)
{Z0,Z90, T4}, t2 <t <1,

where t; and to represent the step ratios at which different
pseudo labels are incorporated into the training process, with
values of 0.5 and 0.8, respectively. This progressive learning
approach initially trains with a subset of frames to ensure
proper initialization and stabilize the training, then gradually
incorporates more diverse viewpoints to refine textures and
improve coverage.

C. Uncertainty Estimation

While our progressive sampling strategy improves view-
point diversity, inconsistencies in the generated pseudo labels
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Fig. 3. Statistical results of the variability between independently trained
models. This figure presents the mean and std of uncertainty maps of training
viewpoints under different elevation orbits, calculated every 500 training steps.

inevitably persist, introducing epistemic uncertainty into the
optimization process. These uncertainties originate from am-
biguous interpretations of inconsistent and noisy pseudo labels,
resulting in artifacts within the reconstructed 3D objects. To
effectively estimate this epistemic uncertainty, we leverage
the discrepancies arising from two independently optimized
Gaussian models, exploiting the inherent stochasticity in their
training process. Intuitively, regions with inconsistent pseudo
labels present conflicting optimization objectives, resulting
in greater variability between these independently trained
models. Conversely, regions with consistent labels exhibit
less variation. By modeling these discrepancies, we explicitly
quantify pseudo-label inconsistency, facilitating stable and
accurate optimization for high-quality 3D asset generation.
Formally, given a set of multi-view pseudo labels Z;,4;n, =
{1;}Y, corresponding to camera poses P = {P;}.,, we
simultaneously optimize two Gaussian models, G; and Go,
where N denotes the number of frames. At each optimization
step, we randomly sample a camera pose P; € P, and render
both Gaussian models from the corresponding viewpoint to
obtain the rendered images ]él and Iéz. The uncertainty map
U is then computed as the absolute difference between these
rendered images: . R
U= Ilgl —Ig2|. ®)

Notably, each Gaussian model is randomly initialized, ensur-
ing observable differences between G; and G, throughout the
optimization. This allows the models to capture pseudo-label
uncertainty effectively, guiding the following process.

Why Not a Learnable Uncertainty Model? A possible
approach for 3DGS is to assign a learnable variance prop-
erty to each Gaussian point, enabling the rendering of an
uncertainty map through a-blending. However, directly op-
timizing variance can destabilize training, as some Gaussian
points develop excessively large or small variances, leading
to suboptimal results [87]. Moreover, variance-based methods
often struggle to generalize across different viewpoints, as the
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estimated uncertainty is highly sensitive to local optimization
dynamics and dataset biases. This makes the learned variance
unreliable, particularly in regions with sparse supervision,
where the optimization tends to either suppress uncertainty
too aggressively or amplify it unnecessarily.

Instead, we estimate uncertainty by computing the discrep-
ancies between two independently optimized Gaussian models,
leveraging the inherent randomness in optimization. Unlike
variance-based methods [88]-[90], this approach does not
require additional learnable parameters, avoiding instability
caused by ill-conditioned variance updates. Furthermore, it
provides a structurally meaningful uncertainty estimate, as the
differences between two models naturally highlight regions of
label inconsistency and under-constrained optimization.

To quantify the variability between independently trained
models, we conducted supplementary experiments calculating
the mean and std of uncertainty maps of training viewpoints
under different elevation orbits every 500 steps, as shown in
Figure 3. Statistical results show that variability increases with
training steps, and larger elevation amplitudes yield greater
mean and std of variability—numerical evidence that pseudo-
label training enhances variability between two independently
optimized Gaussian models in training viewpoints.

Our experiments in Sec. IV-C show that two models suf-
fice for robust uncertainty estimation, capturing epistemic
uncertainty without introducing additional learnable parame-
ters or optimization sensitivities. This estimated uncertainty
map is then used for uncertainty-aware regularization, which
significantly reduces artifacts and floating structures in the
final 3D assets. Compared to variance-based methods, our
approach improves training stability, enhances generalization
across viewpoints, and ensures a more reliable uncertainty
estimation without requiring heuristic variance constraints.

D. Uncertainty Regularization

As discussed in Sec. III-C, our uncertainty estimation
method captures inconsistencies in pseudo labels, directly
incorporating these estimates into the optimization process is
essential to fully mitigate their impact. Inconsistent regions
introduce conflicting optimization directions, leading to ar-
tifacts and floating structures in the generated 3D assets. If
these inconsistencies are not properly handled, 3D Gaussian
Splatting usually densify redundant points to fit these conflict-
ing pseudo-labels, exacerbating artifacts and floating structures
when viewed from alternative perspectives.

To address this, we incorporate our estimated uncertainty
into the pixel-wise reconstruction loss, adaptively adjusting
the optimization intensity based on the reliability of pseudo
labels:

1 |I_jg1‘
Ly exp()\-U)+ vl
. )
I— g,
Lu exp()\-U)+ vl

where U represents the estimated uncertainty between the
two Gaussian models, and A controls the uncertainty regular-
ization. Finally, the uncertainty regularization loss is defined as

L, = L.+ £2. This formulation adaptively adjusts optimiza-
tion intensity, assigning lower weights to regions with high
uncertainty while regularizing the uncertainty map itself to
prevent excessive disparity between the two models. Following
prior work [54], [68], we stabilize the optimization by ensuring
exp(U) > 0, mitigating numerical instability from division by
Zero.

To further enhance the impact of uncertainty regularization,
we empirically set A = 5 to amplify variation in loss weights.
In the uncertainty-aware regularization Equation 9, the first
term adaptively reweights each pixel’s contribution based on
uncertainty, reducing the influence of unreliable pseudo labels.
The second term regularizes the uncertainty map, preventing
excessive uncertainty across all viewpoints. In the limiting case
where the uncertainty map is zero, the loss formulation reduces
to a standard L1 loss, ensuring uniform optimization across
all regions. To further improve visual quality, we incorporate
LPIPS loss [91] and D-SSIM Loss [92] into the reconstruction
objective. The final loss function is formulated as:

Etotal = (1 - )\s)ﬁu + /\s‘cd—ssim + /\lﬁlpipm (10)

where \s and \j are empirically set to 0.2 and 0.5, respectively.
How does uncertainty regularization impact the 3D as-
set optimization? Pseudo-label inconsistencies often arise
in overlapping regions where different viewpoints provide
conflicting supervision signals. Without proper regularization,
Gaussian models attempt to reconcile these conflicts by den-
sifying redundant points to satisfy pseudo labels from certain
viewpoints, while neglecting others. This imbalance can result
in artifacts and geometric distortions, particularly in regions
with sparse pseudo-label coverage. By integrating uncertainty
into the loss function, our method adaptively adjusts the
optimization intensity based on pseudo-label reliability. Higher
uncertainty values are assigned to regions with inconsistent
supervision, reducing their direct influence on optimization.
As a result, the model prioritizes well-constrained regions
with lower uncertainty while maintaining flexibility in under-
constrained areas. This prevents excessive Gaussian densifi-
cation, ensuring smoother transitions between viewpoints and
reducing inconsistencies in the synthesized 3D asset.

E. Bounding the Optimization Error

To analyze the impact of uncertainty-aware optimization, we
derive a probabilistic bound on the expected reconstruction
error using Hoeffding’s inequality [93]. Let Igt denote the
projection pixel value of the ground-truth 3D object, I* the
pseudo label generated by the multi-view diffusion model, and
I the rendered pixel value. All pixel values are assumed to
be bounded within [0, 1], and the uncertainty estimate satisfies
Ui, € [0, 1], where M represents the number of independently
optimized Gaussian models used for uncertainty estimation.

1) Error Decomposition: Applying the triangle inequality,
we decompose the expected reconstruction error:

]E[ugit—fi\] gJE[ugt—Ii\] +E[|1i—fi|]. an

The first term represents the error introduced by noisy
pseudo labels, while the second term quantifies how well the
3D model fits the pseudo labels.
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2) Uncertainty-Aware  Loss and  Expectation:  Our
uncertainty-aware loss is formulated as:
L U
L8 = —— + AU}, 12
F =2 oty TV (12

where the uncertainty estimate U}, is derived from M Gaus-
sian models:

1 M

MZ(IA}H—I_Z')Q, where I’ = —ZF

m=1 m=1

Ut = (13)

This formulation represents the dispersion of the Gaussian
models, capturing epistemic uncertainty.

To bound the expected optimization error, we define the first
term in Eq. 12 as a variable: X; = %, which represents
the uncertainty-weighted reconstruction error at pixel ¢. Since
pixel values are bounded in [0,1], A = 5, and exp (\U},) €
[1,€%], we have X; € [0, 1].

Given the uncertainty estimate is bounded by U}, € [0, 1],
we have: '
exp(AUS,) < et (14)

Therefore, we derive an upper bound for the expectation:
E[I' - I'|| = E [X; - exp(\U};)] < *E[X]. (15)

3) Applying Hoeffding’s Inequality: We now leverage Ho-
effding’s inequality to bound E[X;]. For n independently
sampled pixels!, and with X; € [0, 1], Hoeffding’s inequality
states:

p<1
n:

iXi—E[X
=1

> t> < 2exp(—2nt?).  (16)

For a confidence interval of at least 1 — §, we set:

2 exp(—2nt?) = 4, 17)
which gives us the following solution for ¢:
log(2/8
2n

Thus, with probability at least 1 — §, we obtain the upper

bound:
10 2 (5

4) Final Bound on the Reconstruction Error: By integrating
the above results in Eq. 11, Eq. 15 and Eq. 19, we derive a
probabilistic upper bound for the original reconstruction error:

o)

(20)
which provides a theoretical guarantee for our uncertainty-
aware reconstruction optimization framework. Since the first

19)

E(|I}, - I’ < E[|I}, — I'|]

UIn practice, pixel samples are locally correlated, and the independence as-
sumption does not strictly hold. We mitigate this issue via random pixel/patch
sampling during optimization, which reduces spatial correlation. Such a
simplification is commonly adopted in stochastic optimization analysis to
enable tractable theoretical bounds.

term is usually fixed, it depends on the quality of pseudo label
I;. The upper bound is, therefore, mainly determined by X,
which is the primary part of our optimization objective. By
minimizing the loss function, we effectively tighten the upper
bound on the discrepancy between our generated object and
the ground-truth.

5) Impact of Increasing M : Given the definition in Eq. 13,
we have:

, 1
ElUy] = —
which implies that increasing M reduces uncertainty estima-

tion noise at a rate of O(1/+/M). Substituting this into our
uncertainty-weighted loss, we have:

E[U3], 21)

exp(—=AUL,) ~ exp(—AUS/VM). (22)

Thus, the weight applied to the loss function does not
decrease linearly with M but rather at a diminishing rate.
Impact of Gaussian Number M. The derived probabilistic
bound demonstrates how increasing M impacts uncertainty
estimation. As M increases, uncertainty estimation becomes
more stable. However, the reduction in uncertainty follows
a diminishing return pattern of O(1/+/M). This shows that
using more than two Gaussian models does not significantly
improve optimization but increases computational cost. Thus,
selecting M = 2 provides an optimal trade-off, ensuring robust
uncertainty estimation while maintaining efficiency.

1V. EXPERIMENT
A. Experimental Settings

Dataset and Evaluation Metrics. To evaluate the visual
quality of the generated assets, we select 25 objects from
the GSO dataset [44], manually choosing front-facing input
images. We render 36 ground truth images with uniformly
sampled azimuth angles and randomly sampled elevation an-
gles, ensuring coverage of both top and bottom perspectives
of the 3D assets. Reconstruction accuracy is assessed using
PSNR, SSIM, and LPIPS, which measure pixel-wise similarity
and perceptual quality.

Implementation Details. For multi-view frames generation,
we employ sv3d_p [39], which generates frames from various
viewpoints along a sinusoidal orbit. We then sample multiple
frames with azimuth angles uniformly distributed across 360°,
and elevation angles defined by sinusoidal amplitudes of 0°,
—20°, and 40°, resulting in 63 frames in total. Moreover,
we integrate Perturbed-Attention Guidance (PAG) [94] into
the multi-view video diffusion model, improving texture and
geometry, particularly in rear-view perspectives.

For 3D asset optimization, we follow the standard
3DGS [43] setup with minor modifications. The spherical
harmonics (SH) degree is set to 0, and total optimization
iterations are reduced to 5,000. To mitigate redundant white
Gaussian points in inconsistent regions, we apply a random
background color technique, effectively reducing white ar-
tifacts. During optimization, we progressively increase the
render ratio, beginning at 0.25 and scaling up to 0.5 at 20% of
the total iterations, and scaling up to 1.0 at 50%. Additionally,
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Fig. 4. Qualitative comparison. We compare our method with prior state-of-the-art image-to-3D approaches, including TriplaneGaussian [95], LGM [47],
DreamGaussian [5], V3D [38], and Hi3D [40]. Our approach produces high-quality geometric and texture details, maintaining consistency even from top and

bottom perspectives.

we progressively incorporate frames with different elevations
at 50% and 80% of the total iterations.

Competitive Counterparts. We select five image-to-3D gen-
eration methods based on 3D Gaussian Splatting [43] for
comparison: (1) DreamGaussian [5] is an optimization-based
approach that refines 3D assets under Zero123 [2] supervision;
(2) TriplaneGaussian [95] is an inference-only method intro-
ducing a hybrid triplane-gaussian representation to achieve
fast and high-quality 3D reconstruction; (3) LGM [47] is an-
other inference-only method that reconstructs Gaussian models
from generated multi-view images; (4) V3D [38] is a multi-
view video diffusion model that generates dense frames,
which serve as pseudo labels for 3D asset reconstruction; (5)
Hi3D [40] employs a two-stage generation framework that
enhances texture details by producing high-resolution multi-
view frames.

B. Experimental Results

Qualitative Comparison. As shown in Figure 4, we pro-
vide qualitative comparisons across approaches, including
optimization-based, inference-only, and two-stage methods.
TriplaneGaussian [95] efficiently generates 3D assets but
produces lower-resolution outputs with limited texture detail.
LGM [47] employs an asymmetric U-Net to produce high-
resolution 3D objects; however, inconsistencies in the input

multi-view images often lead to artifacts and floats. Dream-
Gaussian [5] leverages SDS Loss for 3D object optimization,
but it frequently generates coarse textures on the back, caus-
ing a noticeable disconnect between front and back views.
V3D [38] and Hi3D [40] employ multi-view video diffusion
models to generate dense, high-quality frames, producing 3D
objects with detailed textures. However, since optimization
is performed from a limited set of fixed viewpoints, these
methods tend to overfit to the generated frames, leading to
underdeveloped geometry and texture details, particularly in
top and bottom perspectives. Our approach samples multi-view
frames from diverse viewpoints and incorporates uncertainty-
aware learning to mitigate inconsistencies, resulting in more
visually coherent and high-fidelity 3D generation.

Quantitative Comparison. We select 25 objects from the
GSO [44] dataset and use SSIM, PSNR, and LPIPS to evaluate
the visual quality of the generated 3D objects. As shown in
Table I, we achieve superior or comparable results, demon-
strating the effectiveness of our approach in generating high-
quality and visually impressive 3D assets. Specifically, our
method performs well on SSIM, indicating strong structural
consistency and effectively mitigating noise, artifacts, and
floats in inconsistent regions. Additionally, we observe a
slight improvement in LPIPS, suggesting enhanced perceptual
quality in the generated 3D assets. While our method excels in
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Fig. 5. Visual results from different perspectives. Given an input image, our method mitigates inconsistencies between generated dense frames during 3D
asset optimization, reducing edge artifacts and floats while producing high-fidelity 3D objects. We render six images uniformly across an azimuth range of 0
to 360°, with elevations following a sine function with 30° amplitude, effectively capturing front, top, back, and bottom perspectives, which are crucial to

real-world applications yet often overlooked by most existing methods.

TABLE I
QUANTITATIVE COMPARISON. OUR METHOD ACHIEVES SUPERIOR OR
COMPARABLE RESULTS, DEMONSTRATING ITS EFFECTIVENESS IN
GENERATING HIGH-QUALITY 3D ASSETS.

Methods | PSNRT  SSIMt LPIPS| | Preferencet
DreamGaussian [5] 17.162 0.8252  0.2039 25.14%
TriplaneGaussian [95] | 14.0062  0.8161 0.2531 19.81%
LGM [47] 14.5874  0.8083 0.2488 46.95%
V3D [38] 17.1847  0.8085 0.2055 19.24%
Hi3D [40] 17.2559 0.8217 0.2014 21.91%
Ours 16.9684  0.8346 0.2004 66.95%

TABLE II

QUANTITATIVE ANALYSIS OF PROGRESSIVE SAMPLING. BY
PROGRESSIVELY INCORPORATING MULTIPLE GENERATED FRAMES WITH
SINUSOIDAL ELEVATIONS, OUR METHOD ENHANCES 3D GENERATION

QUALITY.
Setting \ PSNR1 SSIMT LPIPS|
Constant Elevations 16.1616 0.8156 0.2196
+ Sinusoidal Elevations 16.4778 0.8221 0.2122
+ Progressive Learning 16.4826 0.8268 0.2126

SSIM and LPIPS, achieving strong structural consistency and
perceptual quality, it slightly trails Hi3D [40] in PSNR. This
discrepancy stems from our uncertainty regularization, which
adaptively adjusts pixel-level supervision, prioritizing struc-
tural smoothness in inconsistent regions rather than enforcing
strict pixel-wise alignment. As a result, our method optimizes
for overall geometric and perceptual coherence, which leads to
marginally lower scores on pixel-wise metrics that favor exact
structural matching.

User Study. To evaluate visual quality, we curate a set of
30 samples and conducted a user study with 35 participants,
as summarized in Table I. Each participant is tasked with
selecting the top two results that best matched the input image
and exhibited the highest visual quality. The total preference
score across all participants is normalized to sum to 200%,
enabling a fair comparison across methods. As shown in the
results, our method is selected more frequently, highlighting
its ability to consistently generate visually superior 3D assets
that align more closely with user expectations. This findings
further validate the effectiveness of our approach in delivering
high-quality visual results.

Visualization. To provide a more comprehensive visualization
of our results, we render the 3D models from multiple camera
perspectives, as shown in Figure 5. Specifically, azimuth
angles are uniformly sampled across a full 360-degree range,
while elevation angles are designed to follow a sinusoidal
function with an amplitude of 30°. This setup captures a full
range of perspectives, including front, back, sides, top, and
bottom, offering a complete and balanced representation of
the 3D models. Thanks to our progressive sampling strategy
and uncertainty-aware learning, we not only achieve high-
quality results from various camera perspectives but also effec-
tively reduce floating artifacts and inconsistencies in generated
frames.

C. Ablation Analysis

Impact of Progressive Sampling. As presented in Table II
and Figure 6, we incrementally incorporate different com-
ponents to evaluate the effectiveness of progressive sam-
pling in optimizing 3D assets. Expanding viewpoint coverage
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Fig. 7. Ablation analysis of the uncertainty estimation design. Our approach models uncertainty through the absolute difference between two concurrently

optimized Gaussian models, ensuring both stability and efficiency.

results in qualitative improvements, with fewer artifacts in
top and bottom perspectives, partially alleviating the under-
reconstruction issue. Additionally, through progressive learn-
ing that gradually incorporates pseudo labels sampled from
diverse elevation amplitudes, we achieve high-quality visual
results across various viewpoints, effectively mitigating the
epistemic uncertainty from limited multi-view supervision in
unobserved regions. As shown in Table II, the incremental
integration of sinusoidal elevations and progressive learning
leads to improved quantitative results, further validating their
effectiveness in 3D object optimization. By initially optimizing
with a small set of frames at diverse elevations for accurate ini-
tialization and progressively incorporating additional frames,
our progressive sampling strategy refines texture details while

preventing geometric distortions.

Design of Uncertainty Estimation. We explore different
approaches for uncertainty estimation, as shown in Table III
and Figure 7, with additional analysis on the number of
Gaussian models (M) and time complexity (Time (s)) to
evaluate both performance and efficiency. A straightforward
approach is to assign a learnable variance property into
3DGS [43], allowing uncertainty to be rendered through a-
blending. However, introducing a learnable variance property
and directly regressing uncertainty in this manner often lead
to training instability, resulting in degraded performance. An
alternative is the ensemble approach, which simultaneously
optimizes multiple Gaussian models, averaging their predic-
tions for the final rendered image while using variance as a
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Fig. 9. Visualization of the uncertainty map. The estimated uncertainty map highlights higher values in edge and conflicts regions, effectively capturing
the inconsistencies present in the pseudo labels. With uncertainty-aware learning, we significantly reducing artifacts and floats in inconsistent regions.

measure of uncertainty. This approach effectively alleviated
noise, artifacts, and floats at the edges of generated 3D assets,
resulting in smoother output. Our method can be seen as a
simplified ensemble approach, where two Gaussian models
suffice to accurately capture uncertainty. With the increase
of M, the training time of both methods increases, while
the quantitative performance metrics also gradually improve.
Under the same M value, the training time consumption of
our proposed method is comparable to that of the ensemble
method, but our method achieves slightly better quantitative
performance. Experimental results show that absolute differ-
ences between these two models effectively model uncertainty
while achieving comparable benefits with greater efficiency.
This observation is consistent with our theoretical analysis in

Sec. III-E, where Eq. (22) predicts that increasing M yields
diminishing returns at a rate of O(1/v/M). Table III empir-
ically confirms this: from M = 2 to M = 5, performance
gains are marginal while training time increases significantly.

Impact of the Uncertainty Regularization Weight \. We
conduct an ablation study to assess the impact of the uncer-
tainty regularization weight A in Table IV. As X increases,
the impact of uncertainty regularization on the optimiza-
tion process of 3D assets becomes more pronounced, along
with better quantitative results. This indicates that uncertainty
regularization effectively enhances the generation quality of
3D assets, with higher weights leading to improved results.
When X is set to a low value, the pixel-wise weights in
uncertainty regularization become uniform, failing to dif-
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TABLE III
QUANTITATIVE ANALYSIS OF UNCERTAINTY ESTIMATION DESIGN. WE
EXPLORE VARIOUS APPROACHES, INCLUDING LEARNABLE AND
ENSEMBLE-BASED METHODS. OUR METHOD ACHIEVES COMPARABLE
PERFORMANCE TO THE ENSEMBLE APPROACH WHILE OUTPERFORMING
THE LEARNABLE APPROACH, DEMONSTRATING THAT TWO GAUSSIAN
MODELS ARE BOTH SUFFICIENT AND EFFICIENT.

Setting | PSNRt SSIMT  LPIPS|  Time (s)}
w/o Uncertainty 16.4826 0.8268 0.2126 177.37
Learnable 16.4052  0.8201 0.2127 178.52
Ensemble (M=2) 16.7651 0.8269 0.2066 194.60
Ensemble (M=3) 16.8107 0.8287 0.2058 210.67
Ensemble (M=5) 17.0168 0.8339 0.2015 243.29
Ours (M=2) 16.9684  0.8346 0.2004 195.47
Ours (M=3) 16.9582  0.8357 0.2024 213.50
Ours (M=5) 17.0746  0.8373 0.2033 254.02
TABLE IV

QUANTITATIVE ANALYSIS OF UNCERTAINTY REGULARIZATION WEIGHT.
AS THE VALUE OF X\ INCREASES, THE DEGREE OF UNCERTAINTY
REGULARIZATION INTENSIFIES, LEADING TO IMPROVED QUANTITATIVE

RESULTS.

Seting |  PSNRt SSIM? LPIPS
A=0 16.4826 0.8268 0.2126
A=1 16.8259 0.8281 0.2047
A=5 16.9684 0.8346 0.2004

=10 17.0635 0.8373 0.2006
TABLE V

QUANTITATIVE ANALYSIS OF CAMERA ORBITS. DIFFERENT CAMERA
ORBITS HAVE VARYING IMPACTS ON THE GENERATION QUALITY, AND THE
OPTIMAL ORBIT IS SELECTED BASED ON COMPREHENSIVE EVALUATION.

Method ‘ PSNRT SSIM?T LPIPS|
Sinusoidal (0, -10, 20) 16.5856 0.8285 0.2109
Ours-Sinusoidal (0, -20, 40) 16.9684 0.8346 0.2004
Sinusoidal (0, -30, 60) 16.8286 0.8339 0.2061
Constant (0, -20, 40) 16.1462 0.8318 0.2139
Sinusoidal (0, -10, 20, -20, 40) 16.9932 0.8352 0.2024
Sinusoidal (0, -10, 20, -30, 60) 16.7460 0.8348 0.2062
Sinusoidal (0, -20, 40, -30, 60) 17.0611 0.8368 0.2013
TABLE VI

QUANTITATIVE ANALYSIS OF STEP RATIOS. THE STEP RATIOS HAVE
LITTLE IMPACT ON THE MODEL PERFORMANCE, AND THE DEFAULT
SETTINGS CAN SUPPORT STABLE CONVERGENCE.

t1 to | PSNRT SSIMT LPIPS|
0.0 0.0 16.8100 0.8318 0.2037
0.4 0.7 16.8644 0.8329 0.2032
0.4 0.8 16.8833 0.8330 0.2030
0.4 0.9 16.8862 0.8328 0.2034
0.5 0.7 16.8805 0.8332 0.2030
0.5 0.8 16.9684 0.8346 0.2004
0.5 0.9 16.9020 0.8330 0.2030
0.6 0.7 16.8787 0.8330 0.2030
0.6 0.8 16.8974 0.8332 0.2030
0.6 0.9 16.9088 0.8331 0.2029

ferentiate between inconsistent and consistent regions. This
results in insufficient mitigation of artifacts and floats arising
from over-reconstruction in inconsistent regions. In contrast,
a high value for A substantially reduces supervision in high-
uncertainty regions, effectively alleviating artifacts and floats.

TABLE VII
QUANTITATIVE ANALYSIS OF DIFFERENT BASELINE MODELS WITH AND
WITHOUT OUR METHOD. OUR METHOD CAN EFFECTIVELY IMPROVE THE
PERFORMANCE OF DIFFERENT MULTI-VIEW DIFFUSION MODELS,
ESPECIALLY FOR SV3D.

Method | PSNRt SSIM? LPIPS.,
V3D [38] 17.1847 0.8085 0.2055
V3D [38] + Ours 17.1437 0.8169 0.2017
Hi3D [40] 17.2559 0.8217 0.2014
Hi3D [40] + Ours 17.2917 0.8281 0.2009
SV3D [39] 16.1616 0.8156 0.2196
SV3D [39] + Ours 16.9684 0.8346 0.2004

However, as shown in Figure 8, excessively large A values lead
to under-reconstruction, causing inconsistent areas to appear
overly smooth and blurry. Overall, we determine that A\ = 5
achieves the best trade-off, effectively reducing artifacts while
preserving texture details and preventing excessive smoothing.
Impact of Camera Orbits and Step Ratios. We conduct
ablation studies to evaluate the influences of camera orbits
and step ratios (t1,t2) of progressive sampling strategy on 3D
generation quality, with the results presented in Tables V and
VI, respectively. For camera orbits, the study covers variations
in elevation amplitudes, comparisons between sinusoidal and
fixed orbits, and the effects of orbit numbers. As illustrated
by the quantitative results, camera orbit configurations signifi-
cantly affect generation quality: both small and large elevation
amplitudes yield poorer performance, likely due to insufficient
viewing angle coverage and increased generation inconsisten-
cies, respectively. Fixed orbits underperform sinusoidal orbits
with the same elevation range, since SV3D is trained on
sinusoidal orbits and fixed orbits have slightly worse continuity
in viewpoints coverage for video diffusion models. Further-
more, increasing the number of orbits contributes to improved
generation quality but incurs additional computational costs
during the multi-view image generation stage. Overall, we
conclude that the sinusoidal orbit with elevations of 0, -20, 40
achieves the optimal trade-off between generation quality and
computational efficiency. In contrast, step ratios (¢1,t2) have
little influence on model performance, as the PSNR, SSIM,
and LPIPS metrics are very close. This indicates that the
default settings of (¢1, f2) are sufficient to support stable model
convergence, eliminating the need for additional parameter
adjustment for different object categories.

Generalization Verification of Our Method. To verify the
effectiveness of our method on different multi-view video
diffusion models, we conduct an ablation study on V3D [38]
and Hi3D [40], with the experimental results presented in
Table VII. Since these models exhibit low generation con-
sistency on camera orbits with non-zero elevation, we follow
their default settings, where they generate 16 frames and 18
frames respectively; these frames were then divided into three
parts at intervals and trained with our progressive learning
and uncertainty regularization strategies. As illustrated by the
quantitative results, both V3D and Hi3D combined with our
method achieve a certain improvement in SSIM, which indi-
cates that our strategy has a positive effect on enhancing the
structural consistency of generated 3D assets across different
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models. However, both the performance improvement and the
final results are limited compared to those of SV3D [39],
which is why we use SV3D as our default multi-view model.

Overall, our method demonstrates good generalization abil-

ity, as it can stably improve the performance of different multi-
view video diffusion models. We note that our framework is
not restricted to video diffusion pipelines. For single-pose-
conditioned models (e.g., Zerol23++ [31]), multiple views
can be independently generated by varying camera poses,
after which our progressive integration and uncertainty-aware
optimization apply in the same manner. In fact, the lack
of temporal coherence in independently generated views is
likely to introduce greater pseudo-label inconsistency, making
uncertainty-aware optimization even more beneficial in such
settings.
Visualization of the Uncertainty Map. As shown in Figure 9,
we visualize of the estimated uncertainty map, normalized
using min-max scaling for clarity. Without uncertainty-aware
learning, high uncertainty values are observed along object
boundaries and inconsistent regions, indicating that the two
Gaussian models, despite being jointly optimized on the
same data, fail to fully converge due to inherent pseudo-
label uncertainty. Moreover, in the corresponding rendered
images, regions with high uncertainty often correlate with
degraded visual quality, manifesting as unexpected floating
artifacts and conflicting geometry. This suggests that the
uncertainty map effectively captures discrepancies between
the two Gaussian models, serving as a valuable indicator for
identifying conflict regions during optimization. By integrating
uncertainty regularization, we mitigate the adverse effects
of these inconsistencies, significantly reducing artifacts and
floating elements, thereby improving overall visual fidelity.

V. CONCLUSION

In this work, we have presented an uncertainty-aware opti-
mization framework for image-to-3D generation, explicitly tar-
geting the epistemic uncertainty that emerges from ambiguous
interpretations and conflicting optimization objectives caused
by imperfect pseudo labels. Specifically, we have identified
and addressed two primary sources of epistemic uncertainty:
limited observations due to restricted viewpoints, and inconsis-
tent content arising from noisy multi-view frames. To mitigate
uncertainty from limited observations, we introduce a progres-
sive sampling strategy that systematically enriches viewpoint
diversity throughout the optimization process. Concurrently,
our uncertainty-aware learning approach adaptively estimates
inconsistencies in pseudo labels, effectively suppressing arti-
facts and enhancing the robustness of pixel-wise supervision.
Furthermore, we provide a theoretical analysis by deriving a
probabilistic upper bound on the expected reconstruction error,
offering insights into the effectiveness of uncertainty-aware
optimization. Extensive experiments validate that our approach
improves structural consistency and perceptual quality, leading
to smoother and more accurate 3D generation. Our approach
thus serves as a robust solution for mitigating pseudo-label
inconsistencies, providing a strong foundation for broader

applicability to diverse image-to-3D tasks involving multi-
view supervision.
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