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Primitive-Based Representations of Error and Coverage

Supplementary Material

This appendix provides additional analyses, implemen-
tation details, and qualitative results that complement
the main paper. Sec. A supplements the experimental
setup with implementation details for the uncertainty fea-
ture maps and regression models, and also describes the
regression-based FisherRF method and the AVS protocol
used. Sec. B presents results of our scene-separation study,
focusing specifically on uncertainty estimation for back-
ground regions. Sec. C evaluates the out-of-scene gener-
alization capabilities of the meta-regression models used in
PRIMU. Sec. D provides qualitative examples and visual
comparisons of predicted uncertainty maps. In Sec. E, we
explore the benefits of incorporating neighboring-pixel in-
formation to improve UE. Finally, Sec. F presents an exper-
iment investigating depth UE for different camera baselines
and object textures.

A. Supplement to Experimental Setup
This section provides additional implementation details
on constructing the uncertainty feature maps and training
the meta-regression models. Additionally, we provide an
overview of the regression-based variant of FisherRF and
describe the protocol used in our AVS experiments.

Implementation Details To compute the training-view
coverage and rendering-error representations, we imple-
ment the different aggregations for individual training views
from Eqs. (4) and (5) based on the standard GS raster-
izer [14], both with and without the αk(x̄) term. This yields,
for each of the six coverage and six rendering-error repre-
sentations, a scalar value per Gaussian primitive and train-
ing view. To obtain direction-independent Gaussian prim-
itive representations, we aggregate these scalars over all
training views according to Eqs. (4) and (5).

For the direction-dependent representations, we con-
struct a von Mises-Fisher distribution for each Gaussian
primitive training view pair, rescaled by the corresponding
scalar value. Rather than storing all such distributions, we
directly aggregate them according to Eqs. (7) and (8). The
aggregation is performed on discrete sample points on the
unit sphere based on McEwen & Wiaux symmetric sam-
pling [29], enabling direct conversion to spherical harmon-
ics via the forward transform [32]. We use a spherical har-
monics degree of four for the direction-dependent represen-
tations.

For the coverage and rendering-error representations, we
define the set v(k) as all pixels in a view where Gaussian

primitive k is visible (used in Eqs. (4), (5), (7) and (8)).
In line with the standard GS implementation, a Gaussian
primitive k is considered visible in a pixel x̄ if αk(x̄) ≥
1/255 and Tk(x̄) ≥ 10−3.

For the lightweight meta-regression models, we use
the scikit-learn [31] implementations of gradient boosting
(HistGradientBoostingRegressor) and linear re-
gression (LinearRegression). The parameters used
for gradient boosting are:
• max iter=150
• learning rate=0.3,
• validation fraction=0.2
• random state=42
• categorical features=None
• scoring="neg root mean squared error
• early stopping=False.

Regression-Based FisherRF This paragraph outlines the
regression-based FisherRF method used in the UE scene-
separation study. Original FisherRF [11] is based on the
Fisher information matrix of a GS model with respect to the
gradient of the rendering function. The diagonal entries cor-
respond to variances of Gaussian primitive parameters and
are used to estimate their uncertainty. FisherRF aggregates
these uncertainties using the sum of color parameter vari-
ances (including all spherical harmonics coefficients used
for direction-dependent color). Pixel-wise uncertainties are
then obtained via GS rendering (Eq. (2)).

We modify FisherRF to make it more comparable to our
method by introducing a meta-regression step. Specifically,
we compute six uncertainty feature maps based on Gaus-
sian parameter variances for different parameter groups: (1)
mean, (2) scale, (3) rotation, (4) opacity factor, (5) spherical
harmonics coefficients of degree zero, and (6) higher-degree
spherical harmonics coefficients. This grouping follows the
original GS implementation [14], where scale and rotation
together define the covariance matrix. In this way, all Gaus-
sian primitive parameters are represented in one of the six
feature maps. These feature maps are then used as input
to regression models in the same manner as in our method,
enabling a direct comparison of feature quality for UE.

AVS Protocol As described in the main manuscript,
we largely follow the AVS protocol proposed by Jiang
et al. [11]. The only deviation is that we do not reduce
the image resolution in our experiments. At the start, every
eighth view is removed from the candidate set and reserved



predicted error type rendering error depth error
evaluation on entire views background entire views background

dataset LF TUM LF TUM LF TUM LF TUM
metric AUSE Pears. AUSE Pears. AUSE Pears. AUSE Pears. AUSE Pears. AUSE Pears. AUSE Pears. AUSE Pears.
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method model (↓) (↑) (↓) (↑) (↓) (↑) (↓) (↑) (↓) (↑) (↓) (↑) (↓) (↑) (↓) (↑)

FisherRF 0.878 -0.224 0.957 -0.241 0.962 -0.265 0.976 -0.255 0.322 0.31 0.742 -0.08 0.361 0.231 0.758 -0.169

1
vi

ew

reg. FisherRF grad. 0.282 0.318 0.435 0.181 0.277 0.33 0.44 0.183 0.133 0.683 0.328 0.375 0.163 0.627 0.328 0.357
lin. 0.332 0.182 0.404 0.143 0.311 0.198 0.41 0.143 0.212 0.452 0.363 0.305 0.265 0.363 0.357 0.283

PRIMU (ours) grad. 0.244 0.412 0.416 0.217 0.251 0.41 0.435 0.199 0.112 0.734 0.213 0.536 0.136 0.697 0.235 0.497
lin. 0.286 0.309 0.353 0.29 0.287 0.335 0.369 0.279 0.202 0.545 0.188 0.571 0.254 0.468 0.213 0.529

PRIMU*(ours) grad. 0.238 0.419 0.415 0.23 0.245 0.42 0.426 0.219 0.108 0.739 0.239 0.501 0.134 0.699 0.272 0.443
lin. 0.276 0.35 0.362 0.296 0.273 0.377 0.373 0.282 0.202 0.557 0.226 0.521 0.253 0.477 0.26 0.456

m
-v

ie
w reg. FisherRF grad. 0.26 0.352 0.36 0.267 0.255 0.365 0.369 0.275 0.127 0.715 0.226 0.515 0.155 0.667 0.226 0.501

PRIMU (ours) grad. 0.222 0.446 0.335 0.302 0.226 0.45 0.353 0.293 0.099 0.777 0.132 0.653 0.119 0.745 0.155 0.611
PRIMU*(ours) grad. 0.218 0.458 0.329 0.321 0.223 0.461 0.338 0.312 0.097 0.788 0.161 0.605 0.117 0.753 0.183 0.57

Table 7. Scene separation UE results for scene background. “entire views” evaluates on the full GS scene; “background” limits to the scene
background. PRIMU* uses direction-dependent coverage and error maps.

for evaluation. After selecting an initial training view, three
additional views are chosen by maximizing the Euclidean
distance between camera centers and the already selected
views. All methods start training with these four views.

Additional views are selected during training according
to the AVS scheme, with each selection occurring after a
number of iterations proportional to the number of already
selected views. This process continues until a total of 20
training views is reached. Specifically, a new view is added
after 100·|selected views| iterations (e.g., the fifth view after
400 iterations, the sixth after an additional 500, and so on).
To account for the limited number of training views in early
iterations, the spherical harmonics degree is increased ev-
ery 5000 iterations instead of every 1000, as in the original
GS setup. Apart from this adjustment, standard GS training
parameters are used [14].

B. UE Scene Separation Study for Background
Here, we are extending our UE scene separation study.
We are also analyzing UE on the scene background alone.
Therefore, the meta-regression models for our method and
the regression-based FisherRF are trained on the scene
background. In Tab. 7 we provide the numerical results.
For easier comparison, we also include the results for the
entire scene again. We observe that the effects on the scene
background are analogous to those on the entire scene. For
instance, the best-performing configurations are identical.
This is to be expected, as the background usually domi-
nates in terms of pixel counts in an image. Typically, this
is true when capturing an object in an environment, as in
the scene datasets used here. In general, the UE perfor-
mance on the scene background is slightly worse than in the
entire-scene setting. Nevertheless, the overall performance
of our method is good for the background, especially for
depth UE.

C. UE Out-of-Scene Generalization

We study how well the PRIMU UE meta-regression models
generalize to new scenes. If they do, it would suggest that
the uncertainty information in our feature maps is at least
partially scene-independent. For this study, we use the setup
from our UE scene separation study to also investigate gen-
eralization in object-centric and background settings. For
comparison, we also conduct generalization experiments
for the regression-based FisherRF approach. We train the
meta-regression models using one view of one scene, multi-
ple views of one scene, or multiple views of multiple scenes
from the same dataset. The results are provided in Tab. 8,
which also includes a row of standard FisherRF results for
comparison. To improve readability, we only report the
Pearson correlation of the uncertainty maps to the true error.
The rows of the table correspond to the mean correlations
of different meta-regression models trained using different
sets of views from the training datasets (given by column
”training”). The columns correspond to the means of eval-
uation over scenes in the evaluation datasets (given by row
”dataset”). These means never include regression models
that are trained and evaluated on the same scene.

Examining the results, we see that our method consis-
tently outperforms the standard FisherRF method, even in
settings where we train regression models using holdout
views from different scenes. The only noticeable excep-
tion is depth UE on the LF dataset in the entire-scene and
background settings. In these settings, both our method
and the regression-based FisherRF method perform signif-
icantly worse than when training on holdout views of the
same scene. This is likely due to an inconsistent depth
scale across the LF scenes. When we compare to the TUM
dataset in the depth UE, entire-scene, or background set-
tings, we see a less pronounced drop in performance, and
the TUM dataset has metric depth scales for all scenes. In-



predicted error type rendering error depth error
evaluation on entire views object-centric background entire views object-centric background

dataset LF TUM LF TUM LF TUM LF TUM LF TUM LF TUM
metric Pears. Pears. Pears. Pears. Pears. Pears. Pears. Pears. Pears. Pears. Pears. Pears.
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method model training (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑) (↑)

FisherRF -0.224 -0.241 0.129 0.458 -0.265 -0.255 0.31 -0.08 0.05 0.303 0.231 -0.169

1
vi

ew

reg. FisherRF grad. LF 0.153 0.163 0.328 0.42 0.168 0.157 0.24 -0.008 0.284 0.312 0.176 -0.095
TUM 0.104 0.13 0.273 0.419 0.126 0.137 0.139 0.273 0.245 0.278 0.039 0.245

lin. LF 0.115 0.078 0.184 0.386 0.117 0.065 0.19 0.123 0.259 0.253 0.107 0.086
TUM 0.076 0.099 0.087 0.329 0.081 0.097 0.15 0.203 0.089 0.184 0.066 0.175

PRIMU (ours) grad. LF 0.192 0.168 0.509 0.481 0.199 0.124 0.121 0.153 0.632 0.453 0.017 0.059
TUM 0.122 0.177 0.398 0.484 0.141 0.158 0.187 0.404 0.514 0.506 0.049 0.335

lin. LF 0.215 0.197 0.206 0.013 0.225 0.198 0.25 0.097 0.444 0.128 0.105 0.063
TUM 0.186 0.239 0.165 0.296 0.204 0.227 0.312 0.468 0.265 0.257 0.076 0.392

PRIMU*(ours) grad. LF 0.2 0.167 0.548 0.506 0.196 0.095 0.159 0.104 0.631 0.452 0.031 0.016
TUM 0.155 0.203 0.424 0.5 0.166 0.18 0.183 0.378 0.513 0.5 0.048 0.3

lin. LF 0.288 0.202 0.179 0.1 0.297 0.18 0.242 0.076 0.384 0.17 0.126 0.059
TUM 0.248 0.259 0.067 0.262 0.247 0.247 0.281 0.413 0.123 0.166 0.078 0.331

m
-v

ie
w reg. FisherRF grad. LF 0.15 0.16 0.343 0.448 0.17 0.164 0.243 -0.01 0.284 0.315 0.159 -0.106

TUM 0.145 0.186 0.308 0.445 0.175 0.198 0.193 0.349 0.31 0.304 0.072 0.305
PRIMU (ours) grad. LF 0.194 0.195 0.491 0.513 0.2 0.128 0.13 0.148 0.657 0.464 0.017 0.084

TUM 0.13 0.226 0.444 0.5 0.155 0.208 0.203 0.477 0.584 0.577 0.057 0.412
PRIMU*(ours) grad. LF 0.206 0.176 0.551 0.497 0.203 0.074 0.153 0.12 0.644 0.448 0.038 -0.014

TUM 0.199 0.257 0.497 0.524 0.206 0.229 0.247 0.45 0.6 0.585 0.079 0.377

m
-s
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ne

reg. FisherRF grad. LF 0.248 0.217 0.532 0.503 0.248 0.201 0.083 -0.046 0.261 0.356 0.062 -0.093
TUM 0.213 0.261 0.434 0.502 0.244 0.268 0.201 0.456 0.419 0.418 0.058 0.423

PRIMU (ours) grad. LF 0.264 0.202 0.575 0.454 0.268 0.135 0.039 0.095 0.687 0.455 0.009 0.036
TUM 0.165 0.305 0.544 0.559 0.184 0.291 0.217 0.561 0.642 0.628 0.1 0.488

PRIMU*(ours) grad. LF 0.266 0.112 0.611 0.517 0.266 0.045 -0.03 -0.004 0.663 0.463 -0.051 -0.002
TUM 0.256 0.333 0.583 0.572 0.269 0.315 0.274 0.545 0.688 0.645 0.133 0.474

Table 8. Numerical results of UE out-of-scene generalization study. Pearson Correlation of predicted to true depth/rendering error for
entire/object-centric/background scene evaluation. All rows except the first are the averages when training the regressor on the dataset in
the column ’training’. PRIMU* uses direction-dependent coverage and error maps.

terestingly, we also see that, in some cases, linear regression
trained on a single hold-out view performs best, indicating
weaker nonlinear effects in these settings and suggesting a
tendency of gradient boosting to overfit the training scenes.
We also notice that, in a few cases, models trained on TUM
scenes perform better on LF than models trained on LF. This
may be due to the fact that TUM has more scenes and more
diverse hold-out views within those scenes than LF, cover-
ing a wider range of scenarios. Overall, we observe that
meta-regression models can generalize to a certain extent
to unseen scenes, and models trained on multiple scenes
demonstrate the best generalization capability.

D. Visual UE Examples

Here, we provide some additional qualitative examples and
comparisons of uncertainty maps. In Fig. 5, we show
more qualitative comparisons of the uncertainty maps of our
method against the baselines for rendering error UE, and
in Fig. 6, for depth UE. Figs. 7 and 8 show a visual com-
parison of the uncertainty maps of our method for differ-
ent choices of regression model, number of training views,

and direction-dependent or independent uncertainty feature
maps. As we can see, the uncertainty maps produced by
linear regression models are less nuanced than those pro-
duced by gradient boosting models. This is likely due to
the limited capacity of linear regression models compared
to gradient boosting models. Using direction-dependent
uncertainty feature maps makes the predicted uncertainty
maps more visually similar to the actual error maps. For the
Teddy2 scene from the TUM dataset (see Fig. 8), we ob-
serve that training the regression model with multiple hold-
out views also notably improves the visual quality of the un-
certainty maps. However, this is not the case for the Africa
scene from LF (see Fig. 7), where the uncertainty maps pro-
duced by training on one hold-out view are already very
close to the actual error maps.



Ground Truth Rendering ℓ1 Error Map PRIMU* manifold var3DGS FisherRF

Figure 5. Qualitative comparison of uncertainty feature maps for rendering error UE of FisherRF [11], manifold [19], var3DGS [17] and
direction-dependent PRIMU* (ours), to the ℓ1 rendering error. Scenes from top to bottom: MipNeRF360 bonsai and room, LLFF horns
and LF torch.

Ground Truth Rendering ℓ1 Error Map PRIMU* manifold BayesRays FisherRF

Figure 6. Qualitative comparison of uncertainty feature maps for depth UE of FisherRF [11], manifold [19], BayesRays [5] and direction-
dependent PRIMU* (ours), to the ℓ1 rendering error. Scenes from top to bottom: LF africa, basket, statue and torch.



UE for rendering error UE for depth error

rendering rendering error rendered depth depth error

direction-independent direction-dependent direction-independent direction-dependent

gradient boosting trained on multiple views gradient boosting trained on multiple views

gradient boosting trained on one view gradient boosting trained on one view

linear regression trained on one view linear regression trained on one view

Figure 7. Qualitative example of the UE of our method for the scene africa of the LF dataset. Top row color and depth renderings of view
and their error maps. Below predicted error from different regression models trained on direction-independent or direction-dependent (plus
FoV counter) uncertainty feature maps.



UE for rendering error UE for depth error

rendering rendering error rendered depth depth error

direction-independent direction-dependent direction-independent direction-dependent

gradient boosting trained on multiple views gradient boosting trained on multiple views

gradient boosting trained on one view gradient boosting trained on one view

linear regression trained on one view linear regression trained on one view

Figure 8. Qualitative example of the UE of our method for the scene teddy2 of the TUM dataset. Top row color and depth renderings of
view and their error maps. Below predicted error from different regression models trained on direction-independent or direction-dependent
(plus FoV counter) uncertainty feature maps.



E. The Role of Spatial Interaction
So far, we performed pixel-wise regression on uncertainty
feature maps. Here, we study whether incorporating un-
certainty features from neighboring pixels improves the es-
timation of rendering and depth uncertainty. We replace
the pixel-wise gradient boosting regressor with lightweight
fully convolutional neural networks (CNNs) and evaluate
their UE on the LF dataset. We train 72 CNNs to predict
rendering and depth errors on foreground objects, using all
13 direction-independent primitive representations from the
first three hold-out views of a scene and testing on the fourth
view. Each CNN has a depth of 4 layers, with kernel sizes
in

{(k1, . . . , k4)| ki ∈ {1, 3, 5}, kj +2 ≥ ki ≥ kj for i < j}
(10)

and channel depth in {(h, h, h, h)|h ∈ {32, 64, 128, 256}}.
Notably, CNNs with all kernel sizes set to 1 reduce to pixel-
wise fully connected baselines using only 1 × 1 convolu-
tions. As batch size we found 1 most useful and trained all
CNNs for 2000 iterations with a learning rate scheduled to
decrease from 10−3 to 10−5, along with a weight decay of
10−5. UE performances are provided in terms of Pearson
correlation between the predicted and true errors, displayed
in Fig. 9.

Overall, the CNNs did not outperform gradient boosting,
which, however, is not the aim of this study. Interestingly,
CNNs with larger receptive fields consistently outperform
the fully-connected baselines in rendering error estimation,
demonstrating the usefulness of neighborhood information
for this task. For depth error estimation, increased recep-
tive field size improves performance only for CNNs with
32 channels, which may be attributed to increased model
capacity instead of neighborhood information itself.

F. Synthetic Camera Baseline Experiment
We conduct an experiment on two simple synthetic scenes
to investigate the effects of varying camera baselines and
object texture on depth UE for our method. Both scenes
consist of a quadratic room containing a cube at its center
and a single point light source. They differ only in the tex-
ture of the cube: one scene contains an untextured cube,
while the other features a cube with an irregular painting
texture (see Fig. 10).

cube
texture

Angle 22° Angle 43° Angle 65° Angle 86°
AUSE ℓ1 AUSE ℓ1 AUSE ℓ1 AUSE ℓ1

no 0.163 2.40 0.157 2.46 0.069 2.89 0.167 2.89
yes 0.088 2.58 0.081 2.90 0.056 2.79 0.098 3.05

Table 9. Depth ℓ1 error of the reconstruction and AUSE for the
synthetic camera baseline experiment for depth UE.

Figure 9. Average in-scene Pearson correlations of predicted and
true rendering (left) and depth errors (right) for CNN models with
varying receptive field sizes and numbers of uncertainty features.

Base Angle: 22° Angle: 43° Angle: 65° Angle: 86°
Training Views (untextured | textured)

Ground Truth RGB Ground Truth Depth Predicted Depth 1 Depth Error Depth Unceratiny

Ground Truth RGB Ground Truth Depth Predicted Depth 1 Depth Error Depth Unceratiny
4 5 6 7 1 3 5 7

4 5 6 7 1 3 5 7

Validation View (training on Base and Angle 22°)

Figure 10. Visualization of the synthetic camera baseline exper-
iment. Top row: Base training view and Angle training views.
GS training is done on Base + another Angle view. Bottom rows:
Qualitative examples of depth UE.

For both scenes, we train a GS model four times, each us-
ing only two training views. The two training views consist
of a Base view and an Angle view, resulting in camera base-
lines (i.e., angles between the two views) of 22°, 43°, 65°,
and 86°. Fig. 10 shows the training view candidates in the
top row, alongside qualitative examples of PRIMU depth
uncertainty maps for the camera baseline angle of 22° in the
bottom two rows. Since only two training views are avail-
able, we use only direction-independent uncertainty feature
maps. We use six holdout views, which are located at an-
gles between the training views, to train the meta-regression
model and perform the UE evaluation. In a cross-validation
setup, we first train a meta-regression model for each hold-
out view, before evaluating its performance on the remain-
ing views.

Tab. 9 reports the mean AUSE scores for depth UE
as well as the ℓ1 depth error for both scenes across



different camera baselines. We observe that uncertainty
prediction improves for the textured cube, as indicated
by lower AUSE scores. Gaussian Splatting generally
produces inaccurate depth predictions for both scenes.
The textured cube scene typically exhibits slightly higher
ℓ1 depth errors across the camera baselines. However,
the overall depth UE performance remains consis-
tent with the results reported in the main manuscript
and is largely independent of the camera baseline.
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