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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-Uncertaintyl

Keywords: Gaussian Splatting - Novel View Synthesis - Uncertainty
Estimation

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 , geometric consistency |§|77 and efficiency ,
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 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 . However, as shown in our ex-
periments (Sec. , 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 ,
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. . 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 , pose-agnostic scene change
detection , 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. . 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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mates to revert toward a maximal uncertainty level when insufficient multi-view
evidence is available. This process is entirely post-hoc: it requires zero modifica-
tions to the base architecture or its optimization pipeline, ensuring preservation
of the original rendering fidelity and compatibility with any 3DGS variant.

In summary, we make the following claims:

— We introduce a lightweight, plug-and-play system for view-dependent UE for
novel view synthesis in 3DGS. We achieve state-of-the-art performance for
UE while strictly preserving rendering fidelity (see Sec. .

— We formulate this estimation as a (Bayesian-inspired) regularized linear
least-squares problem, which ensures robust uncertainty predictions across
both dense and sparse capture settings (see Sec. .

— Beyond state-of-the-art UE in 3DGS, our uncertainty maps can be practi-
cally utilized in downstream tasks to improve state-of-the-art performance
in active view selection (Sec. , pose-agnostic scene change detection
(Sec. , and pose-agnostic anomaly detection (Sec. .

2 Related Work

2.1 Uncertainty Estimation in Gaussian Splatting

UE in NeRFs has been extensively explored through stochastic sampling ,
ensemble models [54], conditional normalizing flows [51], and provenance model-
ing . Bayes’ Rays interprets uncertainty as allowable volumetric variation
to identify under-constrained regions. While foundational, these designs remain
tightly coupled to neural volumetric representations, making direct application
to 3DGS non-trivial due to its explicit, non-neural parameterization.
Existing UE techniques for 3DGS primarily rely on stochastic formulations.
Continuous Semantic Splatting learns semantic distributions over Gaus-
sian primitives, interpreting their variance as a measure of semantic uncertainty.
Several stochastic extensions derive pixel-level uncertainty from multi-
sample variance. Stochastic-GS [1| learns probabilistic distributions over Gaus-
sian parameters, while Variational-3DGS leverages multi-scale Gaussian hi-
erarchies to construct a diversified sampling space. Lyu et al. propose a

Fig. 2: Visual example of reconstruction residual on training views. (Left) ground
truth, (Center) rendering, (Right) residual map. The residual maps capture errors
caused by both imperfect geometry (e.g., under-reconstructed regions in vegetation)
and the limited capacity of view-dependent appearance (e.g., reflections on the table).
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low-dimensional manifold constraint to reduce the heavy sampling cost inher-
ent in stochastic rendering. Despite their advances, these stochastic methods are
computationally expensive and demand substantial architectural or optimization
modifications. This lacks plug-and-play applicability across 3DGS variants and
often compromises rendering fidelity.

Current post-hoc approaches for uncertainty estimation in 3DGS predomi-
nantly focus on the parameter space of the model. FisherRF [21] uses Fisher
information to quantify confidence in the learned representation. POp-GS [58|
extends this via optimal experimental design while also modeling inter-parameter
correlations. Similar to PRIMU |[15], our approach operates directly in image
space. However, rather than relying on hand-crafted features and a regressor
trained on hold-out views, we introduce a lightweight linear least-squares for-
mulation. This allows us to directly learn primitive-level, view-dependent uncer-
tainty that efficiently aggregates into pixel-wise maps from arbitrary viewpoints,
entirely bypassing the need for a regressor.

A parallel line of work assigns error-based scores to primitives to guide prun-
ing and densification. PUP 3D-GS [17] and Speedy-Splat [16] compute pruning
scores based on L? loss sensitivity. Rota Bulo et al. [44] derive a scalar den-
sification score directly from the rendering error. However, their per-pixel for-
mulation ignores interactions between overlapping Gaussians, assigning elevated
scalar scores to all contributing primitives even if only one is responsible for
an artifact. While this heuristic suits densification, where over-densification is
corrected in subsequent optimization, it falsely penalizes reliable primitives in
frozen models. By analyzing all views simultaneously through our least-squares
formulation, we disentangle these interactions to consistently identify correct
Gaussians, even when they contribute to localized artifacts.

2.2 Active View Selection in Gaussian Splatting

Active view selection (AVS) seeks the optimal next viewpoint to maximize re-
construction quality under a constrained acquisition budget [21,29,(37,|43}/54].
Standard approaches select a candidate view from a predefined pool to either
minimize the overall uncertainty [37,[54] or maximize the expected information
gain [21}43]. Within 3DGS specifically, FisherRF [21] optimizes information gain
between candidate and training views, whereas Lyu et al. |37 reduce reconstruc-
tion uncertainty via low-dimensional manifold sampling. In contrast, we adopt
a deterministic strategy that selects the next view to maximally reduce the
per-primitive uncertainty estimated from our least-squares residual formulation,
achieving state-of-the-art results in AVS.

2.3 Pose-Agnostic Scene Change Detection

Scene change detection (SCD) has been widely studied as a bi-temporal com-
parison problem, where changes are identified between two aligned images [2}[7]
10L/321/34,/46H481/56]. Such methods rely on strict viewpoint alignment and exten-
sive supervision, limiting scalability in real-world applications such as robotic
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inspection [13]. Recent studies [3,/8,/22,26] explore zero-shot SCD using large vi-
sual foundation models [27,42]; however, they still assume paired captures with
minimal viewpoint disparity.

The emergence of high-fidelity 3D scene representations |23}/60] has enabled
pose-agnostic SCD, where pre-change scenes are reconstructed and rendered
into post-change viewpoints for comparison [12}|13}[20,/36]. However, they re-
main highly sensitive to reconstruction inaccuracies and view-dependent arti-
facts, which are frequently misclassified as true scene changes. We address this
critical flaw by leveraging our predicted per-pixel uncertainty to suppress unre-
liable regions, effectively filtering out rendering-induced false positives. To the
best of our knowledge, this is the first work to apply uncertainty estimation
to pose-agnostic SCD. We further demonstrate that incorporating our uncer-
tainty maps improves state-of-the-art pose-agnostic SCD methods [13|, as our
UE accurately captures erroneous regions in novel-view renderings.

2.4 Pose-Agnostic Anomaly Detection

Traditional visual anomaly detection (AD) methods [5,45] excel at localizing de-
fects but typically require strictly controlled, fixed camera viewpoints. To relax
this constraint, recent approaches leverage 3D scene representations [23}/40] to
enable pose-agnostic AD [31,3562], allowing query captures from arbitrary view-
points to be directly compared against novel-view renderings of a reconstructed
reference model of an object. However, much like in pose-agnostic SCD, this di-
rect comparison introduces a critical vulnerability: systemic rendering artifacts
and geometric ambiguities are frequently misclassified as physical defects. By
explicitly quantifying the reliability of the reference model, our view-dependent
uncertainty maps provide a principled mechanism to mask these inherently am-
biguous regions. This effectively suppresses rendering-induced false positives,
significantly enhancing the robustness of the AD pipeline.

3 Method

An overview of our approach is illustrated in Fig. [3| The goal of this work is to
predict pizel-wise, view-dependent uncertainty maps for novel views while pre-
serving the rendering fidelity of 3DGS. We begin by revisiting the fundamentals
of volumetric rendering in 3DGS (Sec. and reformulate the rendering process
to predict uncertainty rather than color (Sec. . Subsequently, we describe our
learning formulation (Sec. and introduce a Bayesian-inspired regularization
(Sec. that improves uncertainty consistency in highly novel viewpoints.

3.1 3D Gaussian Splatting

In 3DGS [23], a radiance field is represented using a set of 3D Gaussian prim-
itives, each defined by a mean u, covariance matrix X, scalar opacity factor a,
and view-dependent color ¢(d) modeled via spherical harmonics (SH). Given a
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Fig. 3: Overview of our approach: We learn a primitive-level uncertainty channel uj on
a well-trained 3DGS, leveraging a (Bayesian-inspired) regularized linear least-squares
formulation of training residuals. The learned view-dependent uncertainty can be ras-
terized to any given (novel) viewpoint P;. Our method is post-hoc and therefore can
be seamlessly integrated with any 3DGS variant without loss of fidelity.

camera with position, viewing direction d, and intrinsic parameters, a view can
be rendered by projecting the 3D Gaussians onto the image plane and a-blending
their contributions to obtain the final pixel color. This projection, also referred to
as splatting , employs a local affine approximation of the projective transfor-
mation, such that 3D Gaussians are mapped to 2D Gaussians on the image plane.
The opacity of a Gaussian at pixel  is given by a(x) = a-®(z, 2P, £?P), where
2P and X2P denote the mean and covariance of the projected 2D Gaussian,
and @(x, 4P, $2P) is its density at pixel z. The pixel-wise color is computed as
a weighted sum over the primitives’ color values along the viewing ray:

K
() = Y exld)on(2)Ti (). (1)
k=1

where ¢ (d) and ai(x) denote the color and opacity of the k-th Gaussian, and
Ti(x) = ;:11(1 — ay(x)) is the transmittance up to the (k — 1)-th Gaussian.

3.2 Per-primitive Uncertainty

We estimate pixel-wise, view-dependent uncertainty by learning per-primitive
uncertainty channels from training-view reconstruction residuals. Since uncer-
tainty may vary with the viewing direction, it is modeled using SH, analogously
to color. For any view, a pixel-wise uncertainty map can be rendered in the same
manner (and as fast) as an RGB image:

K
U(z) = ur(d)an(z)Ti(z), (2)
k=1

where uy(d) denotes the uncertainty of Gaussian k from direction d.
We hypothesize that (in dense capture setting reconstruction residuals
serve as a reliable proxy for predictive uncertainty: just as 3DGS generalizes color

** As in typical 3DGS datasets, e.g. Mip-NeRF360.
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to novel views, a well-fit residual channel approximates the expected photometric
error there. This proxy aggregates aleatoric, epistemic, and optimization-related
effects into a single, actionable signal.

While any discrepancy metric L could serve as the target residual, we explic-
itly employ the same combination of L' loss and DSSIM used to train the base
3DGS model [23]. To learn the primitive-level uncertainty channel u, we freeze
all other representation parameters. This ensures the original reconstruction fi-
delity is perfectly preserved while the new uncertainty parameters are optimized
to best explain the observed training errors.

We formulate the post-hoc estimation of the uncertainty channel as a least-
squares problem. Given a well-reconstructed scene with K primitives G1,...,Gk,
we enumerate all pixels across all training views as z1, ...,z , each correspond-
ing to a viewing ray determined by its camera pose and pixel location. For
simplicity, we initially assume uj to be view-independent and later describe how
directional dependence can be incorporated. For each pixel x;, depth-sorting the
primitives front-to-back along its viewing ray defines a permutation o;, where
o0 (k) denotes the index of the k-th primitive along the ray. In this setting, Eq.
can be expressed as

K
Ul(zj) = Zuk ag(x;) Ti(25), (3)
k=1
where Ty (z;) = fi(lk)ﬂﬂ — g, 1y(7;)) and up € R is the uncertainty of

primitive Gj. By gathering these volumetric blending weights into a matrix
A € RM*K such that Aj, = ai(x;) Tk(z;), the rendered uncertainties for all
pixels become the matrix-vector product Au, where u = (ug,...,ux)'. Let
y € RM be the vector of corresponding pixel-wise reconstruction losses, such
that y; = L,,. Estimating the primitive uncertainties that best explain these
residuals amounts to solving the linear least-squares problem:

arg min ||y — Au3. (4)

Incorporating view-dependency for u via SH preserves this linearity; the SH basis
functions are simply absorbed into A, and u expands to contain the concatenated
SH coeflicients across all primitives (see App. A for the explicit formulation).

3.3 Optimization

Due to the massive scale of typical scenes, a direct solution to this problem is
computationally intractable. Specifically, for the normal equations A” Au = ATy,
the dimension of the matrix AT A scales with the number of primitives (often in
the millions) times the 16 SH coefficients per Gaussian. Despite the sparsity of
this matrix, its size renders direct solvers impractical. Instead, we approximate
the solution using stochastic gradient descent (SGD), following the same opti-
mization procedure employed for the other Gaussian parameters. The convexity
of the linear least-square objective ensures efficient and stable convergence.
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After reconstruction is completed, for each pixel x in the view, we first cal-
culate the residual error L, for all training viewpoints. We adopt 3DGS’s photo-
metric error and keep A = 0.2 following 3DGS [23]: L, = (1 — \)LL + ALDSSIM,
The overall training objective is then minimizing the L? loss of the residual L,
and the rendered uncertainty U,,

L= Z(Lac - Uac)Z- (5)

Gradients are backpropagated exclusively to the uncertainty channels wuy,
leaving the matrix A fixed, thus ensuring linearity.

3.4 Bayesian-Inspired Regularization

The least-squares formulation in Eq. learns directional uncertainty only from
viewing directions that are present in the training data. Consequently, directions
absent from the training data provide no supervisory signal. Furthermore, in
sparse-view scenarios, a trivially low rendering error on the training views often
masks a poorly reconstructed underlying 3D geometry. As a result, uncertainty
estimates for highly novel viewpoints can become unstable or unintuitive.

To this end, we introduce an L? regularization that imposes a prior over the
directional uncertainty functions. In directions unsupported by training views,
the learned uncertainty ug(d) is encouraged to default to a maximal uncertainty
level b € R. This approach is grounded in the well-known interpretation of
L?-regularized linear regression as Bayesian inference with a Gaussian prior [6]
centered at the maximal uncertainty value b.

For a Gaussian G}, the SH coefficients of its uncertainty feature define a
function wuy : S — R on the unit sphere that encodes directional uncertainty.
The difference of uj and the constant b (which encodes maximal and isotropic
uncertainty) is quantified by their L? distance:

I = /S (b ui(r)?dr, (6)

This integral is approximated by evaluating u (d) at discrete points on the sphere
using Gauss-Legendre sampling [30]. Summing over all K Gaussian primitives

yields the global regularization loss: Lycg = Zszl l.. The final training objective
regularizes the base loss L from Eq. :

L' = L+ AegLyeg, (7)

where Az > 0 controls the influence of the prior. The choice of ¢z and condi-
tions under which this regularization is beneficial are discussed in Sec. .2}

4 Experiments

Datasets: We follow the exact evaluation protocol established in 3DGS [23] and
assess our UE performance on three standard benchmarks: Mip-NeRF360 [4],
Tanks & Temples [28], and Deep Blending [18§].
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Fig. 4: Qualitative comparison of predicted uncertainty maps on the bonsai and stump
scenes of Mip-NeRF360 . Our UE more closely reflects the true error when compared
to the baselines. Additional qualitative examples can be found in App. F.

Table 1: Quantitative results for UE for NVS. We consistently outperform all baselines
across all metrics and datasets while achieving minimal training overhead (OH).

Mip-NeRF360 Tanks& Temples Deep Blending
AUSE Pearson AUSE Pearson AUSE Pearson

o) M oy W M ong ‘) M one)
L' DSSIM L' DSSIM (%) L' DSSIM L' DSSIM (%) L' DSSIM L' DSSIM (%)
FishchF 0.708 0.606 -0.055 0.009 14.2 0.691 0.709 -0.087 -0.145 19.3 0.751 0.853 -0.116 -0.190 19.7

Method

Manifold E 0.520 0.559 0.070 -0.005 30.2 0.574 0.654 0.053 0.008 23.6 0.503 0.548 0.095 0.074 48.1
Var3DGS E 0.558 0.495 0.118 0.160 >100 0.539 0.567 0.161 0.176 >100 0.588 0.671 0.106 0.006 >100
Ours 0.328 0.214 0.369 0.547 12.8 0.299 0.233 0.427 0.571 14.0 0.376 0.356 0.243 0.244 13.0

Baselines: We evaluate against representative state-of-the-art 3DGS UE ap-
proaches, including the post-hoc method FisherRF and the variational in-
ference-based methods of Lyu et al. (Manifold) and Li et al. (Var3DGS).
The latter two modify the 3DGS framework by learning distributions over Gaus-
sian parameters, which slightly reduces rendering fidelity. A detailed comparison
of their rendering quality against standard 3DGS is provided in App. D.
Metrics: To evaluate how well predicted uncertainty maps correspond to actual
reconstruction errors in NVS, we follow prior work and report Area
Under the Sparsification Error curve (AUSE) and Pearson correlation.

We report both metrics using two error formulations: the standard intensity
difference L', and DSSIM. DSSIM is particularly important for evaluating errors
in NVS, as these often arise from structural artifacts such as geometric misalign-
ment, blur, or floaters rather than simple pixel-wise deviations. Since DSSIM is
sensitive to luminance, contrast, and structural inconsistencies, it provides a
more perceptually meaningful measure of NVS error than L!.

4.1 Uncertainty Estimation in NVS

Analysis of results: Tab. [l| reports UE comparison on the hold-out (novel)
views; here we set \..g = 0, as our Bayesian-inspired regularization yields only
marginal gains in dense capture and is instead designed for sparse-view regimes
(analyzed in Sec. . Our method consistently outperforms all baselines by a
substantial margin. Notably, our method demonstrates particularly strong per-
formance when evaluated using DSSIM error maps, indicating superior align-
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Table 2: Results for (a) spherical harmonics degree ablation and (b) AVS.

(a) Analysis of view-dependence on Mip- (b) Quantitative results for AVS on the Mip-
NeRF360 . Lowering the capacity of the spher- NeRF360 dataset . Our predicted uncer-
ical harmonic degrades the performance of our tainty guided AVS achieves the best perfor-

view-dependent uncertainty maps. mance across all metrics.

Method AUSE ({)  Pearson (1) Method PSNR SSIM LPIPS
L1 DSSIM Ll DSSIM m M )

No View-Dependence 0.391  0.310 0.217  0.356 f/;Sh‘?ﬁdF fgigg 8233 gggg

SH Degree = 1 0.352  0.245 0.327  0.498 Man¥f01d’f 20,088 OA61‘1) e

SH Degree = 2 0.331  0.218 0.353  0.535 O’a‘“ o 20676 0615 0~3z4

SH Degree = 3 0.328  0.214 0.369  0.547 urs - - .

ment with human perceptual error relative to existing methods. For instance,
we achieve more than 3x higher Pearson correlation and less than half the AUSE
(DSSIM) compared to our best competitor Var3DGS on Mip-NeRF360. Ad-
ditionally, we achieve minimal training overhead (measured as percentage of
additional time required for UE compared to vanilla 3DGS training time).
Memory overhead is likewise minimal: we add only (SH degree + 1)? scalars
per Gaussian (16 at degree 3), and freezing the base parameters keeps train-
ing memory below standard 3DGS. App. B further shows that our method is
fully plug-and-play across different 3DGS variants, yielding similar or improved
UE performance. In Fig. [l our method is visually compared to the baselines,
demonstrating a much higher correlation with the true error.

Analysis on View-Dependence: We ablate the view-dependence of our un-
certainty channel uy by constraining the SH degree used to model it (Tab. .
Similar to view-dependent color, the best performances are obtained with a de-
gree of 3, while reducing the capacity degrades UE.

4.2 UE on Highly Novel Views

Experiment Setup: We investigate the contribution of our Bayesian-inspired
regularization on highly novel views by adopting a sparse setup using four well-

0.675 0.50
0.670J e o e e e 0_49J B E======—

—— FisherRF s —— FisherRF
= @ —+— Ours
E0_47 gO.BO
) w
3 Q028
0.46 3
0.26
0.4 QO R R QO R A AR R
SIS SESISRCARAN
v £ o Areg Areg

(a) Visualization of the training and test split (b) Quantitative results for UE on highly novel
for UE on highly novel views. Red: training views on Mip-NeRF360 where our Bayesian-
views; Blue: test views. inspired regularization improves performance.

Fig. 5: Highly novel view experiments: (a) example for view setup (b) results
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Fig. 6: Qualitative examples of uncertainty maps with Bayesian-inspired regularization
for different weights Areg (see Eq. ) in the setting of highly novel views. The given
AUSE values are with respect to DSSIM.

distributed training views. These four views are selected by maximizing pairwise
camera center distances. We retain the test views in the standard setting (as in
Sec. and 3DGS [23]) for fair comparison. The train-test split is visualized in
Fig. Due to the sparse coverage of the scene, most test views observe the
scene from highly novel viewing directions.

We evaluate on Mip-NeRF360 , training the base 3DGS model for 4,000 it-

erations and our uncertainty channel for 400 iterations to account for the sparse
view count. For experiments with Bayesian-inspired regularization, we set the
maximal uncertainty level to b = 1. This choice follows naturally from our train-
ing objective, as uncertainty is regressed toward the photometric reconstruction
residual, whose magnitude is bounded by the normalized image intensity range.
Thus, a value of 1 corresponds to maximal reconstruction error and provides a
principled prior. In these experiments, background regions are treated as maxi-
mally uncertain and assigned an uncertainty value of 1. No explicit background
prior is imposed when Bayesian regularization is disabled. As a baseline, we com-
pare against FisherRF , the only publicly available post-hoc method that can
be directly applied to the same splatting outputs as ours.
Analysis of Results: In Fig. we study the effect of the regularization
weight Areg by evaluating values from 0 (no regularization) to 20.48, doubling
the weight from 0.02 onward. UE is assessed on both L' and DSSIM error maps.
Our approach consistently outperforms FisherRF across all Aoz values in this
challenging setting. Compared to the standard UE study, AUSE scores are gener-
ally higher, likely due to reduced splatting quality and fewer UE training views,
which can make the residual error maps inconsistent and harder to learn. Over-
all, the Bayesian-inspired regularization improves performance in this regime,
though its effect differs between error metrics. For L' error, the best AUSE
scores are achieved for 0.16 < Ay, < 0.32, while for DSSIM, optimal perfor-
mance occurs at A = 10.24, with marginal changes beyond. Notably, these
optimal ranges are largely scene-independent; scene-wise AUSE plots are pro-
vided in App. C. A qualitative comparison of predicted uncertainty maps for
different Ayeg values is shown in Fig. @

4.3 UE in Active View Selection

Experiment Setup: We follow the AVS setup proposed by FisherRF and
evaluate on the Mip-NeRF360 dataset . Following prior work , we re-
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port PSNR, SSIM, and LPIPS on the holdout views after reconstruction. Strictly
adhering to the 3DGS evaluation protocol [23|, we evaluate at full resolution
across all methods; while this naturally lowers metrics compared to downscaled
versions in prior work [21], it guarantees a fair comparison.

We benchmark our approach against state-of-the-art AVS baselines Fish-
erRF [21] and the method by Lyu et al. [37] (Manifold), which employs a stochas-
tic variant of 3DGS. Because Manifold’s variational optimization may degrade
the visual fidelity of the underlying 3DGS representation, direct comparison is
unfair. Therefore, we introduce Manifold!, a variant that uses Manifold’s view
predictions to guide a vanilla 3DGS [23].

We initialize the AVS procedure with four training views selected by maxi-
mizing pairwise camera distances, consistent with our sparse-view setup. Each
AVS method then sequentially selects 16 further views, resulting in a total of
20 training views. Between selections, the base 3DGS is trained for 100 X Nyjews
iterations, where Nyjews is the current training view count. For ours, we train
the uncertainty channel for 50 X Nyjews iterations (ablated in App. E) prior to
each selection, then selecting the candidate view with highest total uncertainty.
Quantitative results: As reported in Tab. 2B} our method consistently out-
performs all baselines across all metrics. This demonstrates that our predicted
view-dependent uncertainty maps provide a highly reliable signal for identifying
informative viewpoints, substantially improving downstream AVS performance.

4.4 UE in Pose-Agnostic Scene Change Detection

Experiment Setup: Given multi-view captures of a pre-change (reference)
scene and a post-change (inference) scene, pose-agnostic SCD first reconstructs
a 3DGS representation of the reference scene R,er using reference images Z,of
and their SfM poses Pyer [49]. For each inference image I ; with pose P%;, a cor-
responding rendered view I¥_ is generated by querying R, producing aligned

ren
image pairs (IX,, I ;) for change detection. Per-pixel change maps M* are ob-
tained in a label-free manner, either by comparing dense DINOv2 features |42],
direct pixel-level similarity [57], or a combination of both. A threshold is applied
to produce binary masks MPE,  [13]. The state-of-the-art MV3DCD |[13| further
aggregates the predictions {M*} into a 3D change representation, improving
robustness via multi-view consistency.

However, the rendered views IX  often contain artifacts (Fig.[7), caused by
incomplete scene coverage, large capture pose discrepancies, or inherent 3DGS
limitations. These inconsistencies lead to false positives, as differences between
Ik and I i’Zf may arise from rendering errors rather than actual scene changes.
Leveraging uncertainty for pose-agnostic SCD: We first apply our UE
method from Sec. [3] to estimate uncertainties for the reference scene Ryef. Us-
ing these per-primitive values, we render an uncertainty map MFE _ alongside
the RGB image I*, for each queried inference pose Pl’flf The standard change
detection pipeline remains unchanged; however, before thresholding, we atten-
uate high-uncertainty pixels in the predicted change map MPF, obtaining an

uncertainty-guided change map M*F = MF © (1 — MF ), where ® denotes

unc
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Fig. 7: Qualitative examples of uncertainty-guided scene change detection. Our pre-
dicted uncertainty maps effectively capture rendering artifacts, allowing the system to
suppress false positives caused by these artifacts rather than actual scene changes.

Hadamard multiplication. Following standard practice [12}{13], thresholding this
map at the midpoint to obtain the final binary mask M effectively filters out
false positives induced by rendering artifacts rather than genuine scene changes.
Quantitative Results: We evaluate our approach on the PASLCD [13] bench-
mark following MV3DCD [13| and adopt four baselines for comparison. First, we
include the Feature Diff. baseline, which infers a change mask from differences be-
tween dense DINOv2 [42] features. Second, we use MV3DCD'’s zero-shot variant
(MV3DCD-ZS), which fuses cues from feature- and structure-aware masks [13].
We further incorporate our uncertainty guidance into MV3DCD’s multi-view
fusion framework and finally couple it with the existing state-of-the-art online
pose-agnostic SCD approach, Online-SCD [12]. As shown in Tab. 3] uncertainty-
guidance consistently improves pose-agnostic SCD performance, yielding higher
F1 scores and mean Intersection-over-Union (mloU) across all baselines.

4.5 UE in Pose-Agnostic Anomaly Detection

Experiment Setup: Given multi-view captures of a fault-free object, pose-
agnostic AD first reconstructs a 3DGS reference model, denoted as R,ef. During

inference, for a given query image I¥;, its camera pose PF; is estimated on-the-

inf»
fly [31,35]. Rendering Ryer at PP, yields a corresponding fault-free view, I, .
The resulting aligned image pair (I, I¥ ;) is compared within the feature space
of a pre-trained vision encoder [62] to generate a spatial anomaly score map S*.
Leveraging Uncertainty for Pose-Agnostic AD: We apply our UE frame-
work (described in Sec. to the optimized reference model R,ef, rendering a
per-pixel uncertainty map MPF . along with I . Crucially, we leave the un-
derlying anomaly scoring pipeline untouched. Instead, we perform a post-hoc
attenuation of the raw score map S* using our UE to produce an uncertainty-
guided anomaly map: S* = S* ® (1 — MPE ). This suppresses anomalous score
activations in regions where the reference 3DGS model lacks confidence.

Quantitative Results: We evaluate our approach on the MAD-Real bench-
mark [62], reporting AUROC and AUPRO metrics following prior work [31}35]

62]. By seamlessly integrating our uncertainty-guided attenuation into existing
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Table 3: Numerical results for pose-agnostic SCD with uncertainty on PASLCD |[13].
Our method consistently improves both state-of-the-art offline and online baselines.
Percentage increase over the baseline is given in the A(%) column.

Feature Diff. =~ MV3DCD-ZS [13] MV3DCD [13]  Online-SCD [12]
Metric Base + Ours A(%) Base + Ours A(%) Base + Ours A(%) Base + Ours A(%)

mloU (1) 0.278 0.359 29.1 0.382 0.439 14.9 0.470 0.498 6.0 0.48 0.498 2.5
F1 (1) 0.402 0.502 249 0.526 0.593 12.7 0.621 0.649 4.5 0.638 0.651 2.1

Table 4: Quantitative results for pose-agnostic AD on MAD-Real [62]. Our UE guid-
ance enables SplatPose |31] to match or surpass its successor, SplatPosePlus |35]. Fur-
thermore, applying our framework directly to SplatPosePlus advances the current state-
of-the-art. Percentage increase over the baseline is given in the A(%) column.

SplatPose |31] SplatPosePlus |35]
Metric Base + Ours A(%) Base + Ours A(%)

AUROC (1) 0.929  0.939 1.1 0.940  0.956 0.7
AUPRO (1) 0.700  0.765 9.3 0.761 0.798 4.9

3DGS-based AD baselines SplatPose [31] and SplatPosePlus [35], we demon-
strate a consistent improvement in AD across both architectures (see Tab. [4)).

5 Limitations

Our approach has two main limitations. First, due to its strict post-hoc nature,
the spatial granularity of our uncertainty maps is bottlenecked by the density
and scale of the underlying Gaussians: in coarsely reconstructed regions (few
large primitives), the predicted uncertainty is equally coarse. We do not alter
primitives, as our goal is a lightweight estimator preserving model fidelity and
structure. Second, we estimate a single predictive uncertainty by treating resid-
uals as a proxy for the expected photometric error; this conflates aleatoric, epis-
temic, and optimization-related effects rather than disentangling them, and does
not yield a probabilistic distribution. These limitations are not unique; existing
approaches also lack disentanglement, while only stochastic formulations [33,37|
provide a probabilistic form. We further study controlled aleatoric and epistemic
perturbations in App. G and find our UE behaves as expected.

6 Conclusion

We introduced a lightweight, plug-and-play framework for predictive photomet-
ric uncertainty estimation in 3DGS-based NVS. By formulating post-hoc un-
certainty estimation as a linear least-squares problem with Bayesian-inspired
regularization, our method effectively predicts pixel-level uncertainty maps un-
der both dense and sparse captures. This enables state-of-the-art results in active
view selection, pose-agnostic scene change detection, and anomaly detection.
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