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Abstract. Recent advances in 3D Gaussian Splatting have enabled im-
pressive photorealistic novel view synthesis. However, to transition from
a pure rendering engine to a reliable spatial map for autonomous agents
and safety-critical applications, knowing where the representation is un-
certain is as important as the rendering fidelity itself. We bridge this
critical gap by introducing a lightweight, plug-and-play framework for
pixel-wise, view-dependent predictive uncertainty estimation. Our post-
hoc method formulates uncertainty as a Bayesian-regularized linear least-
squares optimization over reconstruction residuals. This architecture-
agnostic approach extracts a per-primitive uncertainty channel without
modifying the underlying scene representation or degrading baseline vi-
sual fidelity. Crucially, we demonstrate that providing this actionable
reliability signal successfully translates 3D Gaussian splatting into a
trustworthy spatial map, further improving state-of-the-art performance
across three critical downstream perception tasks: active view selection,
pose-agnostic scene change detection, and pose-agnostic anomaly detec-
tion. Code is available at github.io/3DGS-Uncertainty.
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1 Introduction

Radiance fields [23, 40] have evolved from novel view synthesis (NVS) engines
into foundational spatial maps for autonomous agents [11,39,63]. However, con-
structing a radiance field from 2D images is an inherently ill-posed inverse prob-
lem [55]. To function reliably in real-world deployments, where severe occlusions,
unobserved regions, and geometric ambiguities are inevitable, these systems must
be capable of rigorously quantifying their predictive uncertainty [53]. 3D Gaus-
sian Splatting (3DGS) [23] has rapidly emerged as the leading representation
for these tasks, combining the expressiveness of volumetric rendering with the
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Fig. 1: Per-pixel UE for NVS. Our post-hoc method generates a view-dependent un-
certainty map that closely mirrors regions of error within the RGB render.

efficiency of rasterization. While recent advancements have drastically improved
3DGS visual fidelity [25,61], geometric consistency [9,24], and efficiency [16,38],
equipping these models with robust, system-level uncertainty estimation (UE)
remains a critical, underexplored challenge.

Existing UE methods for 3DGS fall into two complementary families, de-
pending on whether they quantify uncertainty in the learned representation,
i.e., the Gaussian parameters, or in the rendered radiance field, i.e., the ren-
dered pixels. Most prior work targets the learned representation. Stochastic
formulations [1, 33, 37, 52] model distributions over Gaussian parameters, but
rely on sampling-based optimization or complex inference that introduces pro-
hibitive latency, requires architectural modifications degrading baseline visual
fidelity, and lacks modularity with the rapidly expanding ecosystem of 3DGS
variants. Post-hoc alternatives instead estimate epistemic uncertainty in param-
eter space via Hessian approximations [21, 58]. However, as shown in our ex-
periments (Sec. 4.1), these parameter-centric methods capture view-dependent
uncertainty poorly, hindering their use in downstream perception tasks.

In contrast, we model uncertainty directly in the rendered radiance field [15],
introducing an efficient, plug-and-play system that estimates pixel-wise predic-
tive uncertainty for NVS. Our approach generates view-dependent uncertainty
maps alongside RGB images, with areas of high uncertainty reflecting regions of
low rendering fidelity in the novel view (see Fig. 1). This yields a single, action-
able reliability signal that is particularly valuable for NVS, where downstream
tasks consume and act directly upon the rendered pixels. We demonstrate this
utility across three perception tasks, leveraging our uncertainty estimates to im-
prove performance for next-best-view planning [43], pose-agnostic scene change
detection [13], and pose-agnostic anomaly detection [31].

Our approach exploits a simple but powerful observation: regions that ex-
hibit high reconstruction residual often correspond to areas where 3DGS fails
to accurately represent the scene (see Fig. 2). We leverage this signal to guide
the learning of a dedicated uncertainty channel within each 3DGS primitive,
correlating representation error with high uncertainty. Yet reconstruction resid-
uals alone are not a reliable proxy for uncertainty – in sparse-view settings, the
highly parameterized nature of 3DGS enables the model to overfit to the training
views, driving residuals toward zero (thus signaling zero predictive uncertainty).
To mitigate this, we introduce a Bayesian prior within our linear least-squares
formulation of uncertainty estimation. This prior encourages uncertainty esti-
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