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Abstract

Recently, 3D Gaussian Splatting (3DGS) has become popular in reconstructing
dense 3D representations of appearance and geometry. However, the learning
pipeline in 3DGS inherently lacks the ability to quantify uncertainty, which is
an important factor in applications like robotics mapping and navigation. In this
paper, we propose an uncertainty estimation method built upon the Bayesian
inference framework. Specifically, we propose a method to build variational
multi-scale 3D Gaussians, where we leverage explicit scale information in 3DGS
parameters to construct diversified parameter space samples. We develop an
offset table technique to draw local multi-scale samples efficiently by offsetting
selected attributes and sharing other base attributes. Then, the offset table is learned
by variational inference with multi-scale prior. The learned offset posterior can
quantify the uncertainty of each individual Gaussian component, and be used in the
forward pass to infer the predictive uncertainty. Extensive experimental results on
various benchmark datasets show that the proposed method provides well-aligned
calibration performance on estimated uncertainty and better rendering quality
compared with the previous methods that enable uncertainty quantification with
view synthesis. Besides, by leveraging the model parameter uncertainty estimated
by our method, we can remove noisy Gaussians automatically, thereby obtaining a
high-fidelity part of the reconstructed scene, which is of great help in improving
the visual quality. 1

1 Introduction

The radiance field methods [1] for view synthesis have received increasing attention in the past
few years due to their capability of achieving photorealistic results. Among them, the recently
proposed 3D Gaussian Splatting (3DGS) algorithm [2] has pushed the boundary of real-time view
synthesis with prominent quality and efficiency. However, a major functionality deficiency of 3DGS
is that it cannot provide uncertainty information regarding the reconstructed model and predictions.
Such uncertainty information would be useful in removing the noisy components in the model
and providing confidence maps to assess the quality view synthesis results, which is important in
applications such as autonomous driving simulation and robotics navigation.

Previous works in view synthesis made attempts to quantify the uncertainty in Neural Radiance Field
(NeRF) models via ensemble, variational inference or Laplace’s approximation methods [3, 4, 5, 6].
Although these works demonstrate the ability to quantify the uncertainty with NeRF models, they
cannot be directly applied to 3DGS models, due to the intrinsic difference between the implicit
NeRF representation and explicit 3DGS. Furthermore, some prior works deal with the uncertainty in
learning models with methods such as Monte-Carlo dropout [7], Deep Ensemble [8] and Subnetwork
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Figure 1: The results of cleaning up an unbounded scene reconstructed with 3DGS using our
uncertainty estimation. We remove the Gaussians with large parameter uncertainty, the majority of
which are under-reconstructed background. The desk at the center of the scene remains complete
even after removing 90% of the Gaussians.

[9]. A major characteristic of these methods is that they can be seen as the approximation of Bayesian
Inference, which estimates the distribution of posterior p(�jD) and prediction p(yj�; x), instead of
point estimation.

The methods mentioned above can be seen as inferring the posterior distribution using model space
samples. As mentioned in previous works [8, 10, 11], the key objectives for good model space
samples are diversity and efficiency. To improve the quality of uncertainty estimation by increasing
the diversity, the generated model space samples should explore the potential cases of true posterior
as much as possible, which was not achieved in previous work on NeRF uncertainty estimation.
Furthermore, although naive methods like ensemble provide good approximations, they require large
storage and the computational cost which increase linearly with the number of samples. Thus, on top
of diversity, efficiency is another important aspect we focus on when estimating the uncertainty for
3DGS, which means that we should use as few samples of parameters as possible.

In this paper, we design an uncertainty estimation method for 3DGS by constructing diversified
parameter space samples efficiently. Inspired by the Level-of-Detail (LoD) technique used in
computer graphics [12, 13] and multi-scale representation widely used in computer vision [14, 15],
we propose to investigate the potential of scale information in fitting the scene representation with
diversified samples. Specifically, we design a multi-scale variational inference method for 3DGS,
which increases the diversity of parameter samples by enforcing them to model local spatial areas with
multiple scales. To reduce the number of extra parameters, we design a mechanism that spawns finer
multi-scale Gaussians from the base Gaussian, which are heavily involved in the rendering process.
Instead of creating actual new Gaussians, we maintain an offset table parameterizing only a subset
of attributes and share the remainder with base Gaussian. This can further reduce the number of
parameter samples by maintaining only the attributes that contribute to our multi-scale representation.

Extensive experiments demonstrate the remarkable performance of our method on uncertainty
estimation without affecting the rendering quality. We also show that our method provides both
accurate posterior and predictive uncertainty estimation. The posterior uncertainty can be utilized
directly to remove noisy Gaussians, thanks to the explicit benefit of the 3DGS method. The predictive
uncertainty can serve as a confidence map to interpret the synthesized novel views.

The main contributions of our work are summarized as follows:

• We propose a multi-scale variational inference framework for uncertainty-aware view syn-
thesis with the 3D Gaussian Splatting algorithm.

• We develop a spawning strategy to create multi-scale representations for 3DGS, and increase
the sample diversity and inference efficiency by maintaining an offset table and sharing
parameters.
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