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Anonymous Submission
Paper ID ###%*

AttDis

+15% Latency | -40,000x NLL

Cross-attention entropy as free uncertainty for frozen 3DGS

on.
NoPoSplat Encoder

N P |
! ﬁ [Hm
Cross-Attention Layers a J
! Read-only Hook: ‘0‘
Extract Entropy H
3DGS
Rasterizer
Affine Calibrator
Input ad=a-H+b
Photo Pairs

Only 2 trainable scalars

Novel View

43,082 Deterministic Baseline

mmm AttDis (Ours)

(=}
>
L

o
©
L

- 4-Order-of-Magnitude Improvement
(Avg NLL: 0.39 vs 15,487)

Rendered

%
h

\
L R TP - My S T

Negative Log-Likelihood (NLL) |
=
~

I
L |

0.22 0.31 0.31

garden kitchen room bonsai counter stump bicycle
Mip-NeRF 360

Per-Pixel
Uncertainty Map

/ Total Inference: 50.5 ms

Figure 1. Method overview.

Abstract

Feed-forward 3D Gaussian Splatting models such as Pix-
elSplat, MVSplat, and NoPoSplat predict scene Gaussians
in a single decoder pass and emit deterministic primitives,
with nothing in the output telling a downstream consumer
where the prediction is likely wrong. Existing 3DGS uncer-
tainty methods are per-scene and require either retraining
(BayesRays, ActiveNeRF) or a backward pass through a fit-
ted Hessian (FisherRF), forfeiting the feed-forward speed
that motivates these models.

We show that a frozen feed-forward 3DGS backbone al-
ready encodes per-pixel uncertainty in three independent
internal channels, each unlockable by a small post-hoc
add-on with no retraining: cross-attention entropy, per-
Gaussian feature statistics, and a leave-one-input photo-
metric round trip. The three channels do not collapse to
a single winner; different mechanisms are best for differ-
ent aspects of calibration. A chain extension that reads the

variance of attention entropy across heads (HeadVarAttDis)
reduces NLL to 0.345 on cross-domain Mip-NeRF 360 eval-
uation and shows the smallest cross-scene drift of the four
channels on the median leave-one-scene-out fold. The sim-
plest mechanism, AttDis, is a closed-form affine fit with
two scalar parameters and drives next-best-view selection
above the strongest geometric heuristic. The cross-attention
channel exhibits a counter-intuitive sign that the closed-
form affine fit absorbs automatically. We read the multiplic-
ity of channels, each best for a different metric, as evidence
that the compression which makes feed-forward 3DGS fast
leaves multiple calibratable shadows of its own confidence
behind.

1. Introduction

Feed-forward 3D Gaussian Splatting is the dominant route
to single-pass novel-view synthesis from sparse images.



PixelSplat [6], MV Splat [7], NoPoSplat [52], Splatt3R [37],
latentSplat [44], and VGGT [41] all predict 3D Gaussians
from a small image stack in one decoder pass, removing the
per-scene optimization loop of classical 3DGS [26]. The
deployed system stops there: the network emits Gaussians
and the renderer composites them. Nothing tells a down-
stream consumer where the prediction is likely wrong.

The 3DGS literature has uncertainty estimators, but
each one assumes per-scene fitting. BayesRays [16] fits
a Laplace posterior to a converged radiance field; Fish-
erRF [22] computes a Fisher information score per ray; Ac-
tiveNeRF [34] learns a Gaussian noise head jointly with
the field. Carrying any into a feed-forward pipeline either
re-introduces the per-scene loop or requires retraining the
backbone. Generic deep-learning calibrators (temperature
scaling [17], deep ensembles [29], MC dropout [14], evi-
dential regression [1]) transfer poorly because the rendering
equation is not a softmax classifier and the relevant noise is
structured by view geometry rather than i.i.d. over a sam-
ple [33].

Three calibratable channels in one frozen backbone.
The recent generation built on CroCo-style cross-view
transformers [30, 37, 41, 52] routes information through
cross-attention maps that are normally discarded; per-
Gaussian features are normally aggregated away; and the
rendering equation supports a photometric round trip. Each
channel independently encodes a usable per-pixel uncer-
tainty signal, and the three are best for different calibration
metrics.

We instantiate three lightweight, frozen-backbone post-
hoc calibrators. AttDis attaches a forward hook to the
last cross-attention layer, computes the Shannon entropy of
each token’s distribution over the context view, and fits a
single-scalar affine map from entropy to predicted residual
on one held-out scene. RasterCal is a small MLP on per-
Gaussian features (covariance trace, scale, opacity, depth,
SH magnitude) that emits one log-variance per Gaussian,
splatted onto a per-pixel sigma map by the unmodified ras-
terizer. RoundTripCal renders the scene with one input
view withheld, measures the residual on that view, and fits
a single per-scene temperature. A chain extension, Head-
VarAttDis, replaces head-mean entropy by the variance of
entropy across attention heads.

Different channels are best for different metrics. No
single channel is uniformly best across NLL, AUSE,
regression-ECE, and z-score ECE. HeadVarAttDis attains
the lowest NLL on the cross-domain set; RoundTripCal
attains the lowest z-score ECE at the cost of a worse
regression-ECE; RasterCal attains the lowest AUSE among
the three originally proposed calibrators; AttDis is the sim-

plest mechanism and the only channel we test on a down-
stream task (Section 4.2).

HeadVarAttDis transfers better, with a bonsai-
dominated headline. Under a strict leave-one-scene-out
protocol, HeadVarAttDis wins a majority of folds and
shows a smaller median per-fold drift than AttDis. The
mean LOO aggregate gap is dominated by the indoor
leaf-texture BONSAI fold; once BONSAI is excluded the
two channels are within rounding (Section 4.7).

Sign-flip and the compression interpretation. Raw at-
tention entropy correlates negatively with rendering residual
on the calibration pixels: tokens with broad, high-entropy
distributions are the ones the decoder gets right. The con-
ventional “high entropy means high uncertainty” direction
is mis-specified for this signal. Together with the calibrat-
able per-Gaussian and round-trip channels, we read the neg-
ative correlation as evidence that the decoder compresses in-
formation across attention paths, per-Gaussian features, and
the rendering operator, leaving multiple calibratable shad-
Oows.

Cross-domain evaluation. We use a NoPoSplat check-
point trained on RealEstatelOK, evaluated on Mip-
NeRF 360 [3]. Calibration metrics are well-defined here
regardless of mean accuracy; our claims are about how a
calibrator behaves relative to the same backbone. The large
NLL drop relative to the deterministic constant-variance
backbone is partly an artefact of replacing a degenerate vari-
ance with any non-degenerate estimator; AUSE, regression-
ECE, and Pearson correlation are independent of absolute
residual scale.

Contributions.

* We identify three internal channels of a frozen feed-
forward 3DGS decoder and show that each carries a cali-
bratable per-pixel uncertainty signal without retraining.

* We propose three matching post-hoc calibrators (A#Dis,
RasterCal, RoundTripCal), each preserving PSNR. The
chain extension HeadVarAttDis reduces NLL below all
three.

* We document and explain a sign-flip in the attention chan-
nel: raw entropy is anti-correlated with the squared resid-
ual, consistent with entropy as a marker of redundant cor-
respondence rather than ambiguity.

* We show calibrated uncertainty drives next-best-view se-
lection: AttDis beats a geometric heuristic in mean across
three seeds on Mip-NeRF 360.

* To our knowledge this is the first set of uncertainty meth-
ods that runs at feed-forward speed on a feed-forward
3DGS model without retraining.



2. Related work

Feed-forward 3D Gaussian Splatting. A first wave of
generalizable 3DGS replaced per-scene optimization with
a single decoder pass mapping sparse images to a Gaus-
sian cloud: PixelSplat [6], MVSplat [7], NoPoSplat [52],
Splatt3R [37], and latentSplat [44]. GS-LRM [55] scales
the LRM recipe [19] to Gaussians; FreeSplat [43] ex-
tends to free-trajectory inputs; AnySplat [20] handles ar-
bitrary view counts. The pose-free side is dominated by the
DUSt3R lineage [30, 39, 42, 51, 54], recently consolidated
by VGGT [40, 41]; InstantSplat [11], PF3plat [18] and
SelfSplat [25] compose point-map predictors with Gaussian
heads. Every such model outputs a deterministic Gaussian
cloud with no per-pixel uncertainty, the gap this paper tar-
gets.

Uncertainty quantification for radiance fields. Ac-
tiveNeRF [34, 35] fits a per-ray variance head and uses it
for next-best-view; NeurAR [36] extends to active sensing;
BayesRays [16] attaches a Laplace approximation [32] to a
trained NeRF/3DGS; FisherRF [21, 22] derives a closed-
form Fisher-information score over Gaussian parameters.
ActiveGS [23], GS-Planner [24], and a Gaussian-Process
formulation for the dynamic case [49] use rendered uncer-
tainty for exploration. All require a fitted scene or a per-
scene variance head, so producing uncertainty for a new
scene costs at least one optimization. A second obstacle is
gauge freedom: per-Gaussian variances are not invariant to
redundancy of overlapping primitives, so naive marginaliza-
tion yields uncertainty that does not match rendered resid-
ual [48]. AttDis sidesteps both by reading uncertainty off
attention maps inside a frozen feed-forward decoder.

Calibration of deep models. Temperature scaling [17]
is the canonical post-hoc fix for classifier overconfidence
and motivates the single-parameter philosophy we adopt.
Deep ensembles [29] use K-model disagreement; MC-
Dropout [14] approximates Bayesian inference by stochas-
tic forward passes; evidential regression [1] learns a higher-
order distribution. Ovadia et al. [33] benchmark these under
distribution shift and find ensembles dominate at K X infer-
ence cost. None transfers cleanly to feed-forward 3DGS:
ensembles and MC-Dropout multiply inference cost; evi-
dential and variance heads must be trained jointly, foreclos-
ing use of frozen public checkpoints; gauge freedom causes
a structural variance collapse for any head that predicts vari-
ance directly on Gaussian attributes. AttDis applies the
post-hoc affine-fit philosophy to a signal that survives all
three obstacles.

Attention as a confidence signal. DUSt3R [42] and
MASt3R [30] expose a per-pixel learned confidence head

supervised at training time and decoded alongside the point-
map; Spann3R [39], MonST3R [54] and Fast3R [51] inherit
this convention. Those confidences are a learned regres-
sion target; AttDis reads its signal directly from the cross-
attention entropy of the frozen CroCo decoder in NoPoS-
plat [52] without architectural change. The sign of the en-
tropy signal has not been pinned down: high-entropy at-
tention can be read either as ambiguity (the decoder is un-
certain which input pixel matters) or as redundancy (many
input pixels agree). Empirically the correlation between at-
tention entropy and rendered residual on a frozen RE10K-
trained NoPoSplat evaluated on Mip-NeRF 360 is r =
—0.517: high entropy tracks redundancy. Surveys [10,
12, 38, 45, 47], densification work [5, 27, 28, 53], pose-
uncertain and few-view 3DGS [4, 13, 15, 31, 46, 50, 56],
and streaming variants [2, 8, 9] share design pressures with
our setting.

3. Method

3.1. Preliminaries: feed-forward 3DGS with No-
PoSplat

A 3D Gaussian Splatting model represents a scene as
{(pi, 24, i, ¢;) Y., with means p; € R3, covariances
¥, € R3x3, opacities a; € [0, 1], and view-dependent col-
ors ¢; in spherical harmonics [26, 57]; a target view is ren-
dered by alpha-compositing the EWA splats. Feed-forward
variants [6, 7, 52] predict the full set from V=2 context
views in a single pass. We build on NoPoSplat: a CroCo-
style two-branch transformer with 12 cross-attention de-
coder layers per branch. Each branch attends from its own
patch-token queries to the other branch’s patch tokens. With
input resolution 256 x256 and patch size 16, each branch
produces IN,=257 query tokens; cross-attention runs with
H=12 heads; key/value cardinality N,=257. We use
the public RE10K-pretrained checkpoint and freeze every
weight throughout. NoPoSplat emits a deterministic per-
pixel color and no per-pixel uncertainty.

3.2. Where does the uncertainty live?

BayesRays [16] and FisherRF [22] extract per-Gaussian
uncertainty from a fitted Hessian or Laplace approxima-
tion, requiring a backward pass after training. ActiveN-
eRF [34] trains an explicit uncertainty head at scene-
fit time. Standard post-hoc recipes (temperature scal-
ing [17], MC dropout [14], deep ensembles [29], evidential
heads [1]) either need an existing softmax output, stochas-
tic forward passes, or additional parameters in the loss path.
We ask a different question: is there an internal scalar al-
ready produced by a frozen feed-forward decoder that, af-
ter a single calibration step, yields useful per-pixel uncer-
tainty? The decoder’s cross-attention weights are produced
for free; their entropy is a 1-D scalar per query token.



3.3. AttDis: cross-attention entropy as a scalar car-
rier

Per-token attention entropy. For cross-attention at layer

¢ with H=12 heads, let A®®) ¢ REXHXNgxNi pe the post-

softmax attention. We average over heads before evaluating
entropy:

H Ny,
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We pool entropy across the deepest four layers £ =
{8,9,10,11}:
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e

chosen by sweeping windows {6—11},..., {11} on a held-
out scene and selecting the window minimising NLL. The
two branches yield two entropies; we average: H; <
(H" + H).

Token to pixel; splatting through the rasterizer. No-
PoSplat emits one Gaussian per output pixel of each con-
text view. Each token covers one 16x16 patch; we broad-
cast H; from token grid to per-pixel and concatenate views
into a per-Gaussian scalar d € R2HmeWim:  To map the
source-view scalar onto target-view uncertainty, we reuse
the rasterizer: replace the SH-degree-0 RGB coefficient
with d; (copied to all three channels), set higher SH bands
to zero, and render. The output is a per-pixel scalar map
D(p) € RHFmexWine that inherits the model’s geometry, oc-
clusion, and opacity reasoning at no extra kernel cost.

Closed-form 1-D affine calibration. Given D(p) on a
held-out calibration set, we fit predictive variance by ordi-
nary least squares:

2(p) = max(a- D(p) + b, €), e=10"5% (3
with a,b € R minimising the squared residual against
| I(p) — I(p)|?. The fit uses six training views of a sin-
gle calibration scene from Mip-NeRF 360 [3] (393k fit pix-

els at 256 x 256); the resulting (a, b) apply unchanged to all
evaluation scenes. With GARDEN as calibration scene,

a = —0.0895, b= 0.207. 4
A leak-free cross-scene-class variant fit on six BICYCLE
training views yields (a,b) = (—0.0676, 0.138) (Sec-
tion 4.2). The empirical Pearson between D(p) and squared
residual is 7 = —0.517: high cross-attention entropy pre-
dicts a lower residual.

3.4. Why a negative slope?

The classifier intuition (peaked softmax = confident) does
not transfer to a CroCo-style cross-view decoder. The query
at pixel p in vy attends to v tokens to recover where the
same surface point appears. Two regimes produce high en-
tropy: (i) multiple valid matches in vy (multi-view agree-
ment signalling redundancy, not ambiguity), and (ii) no in-
formative match (e.g. untextured sky). Two regimes pro-
duce low entropy: (iii) a single dominant match on geomet-
rically unambiguous fine structure that is hard to reconstruct
from two views (the regime that hurts us, Section 4.5), and
(iv) attention collapse onto a wrong key. On the 393k cal-
ibration pixels, 7=—0.517 confirms regime (i) dominates.
The affine head adopts the sign automatically; its job is to
map D(p) to the magnitude of a Gaussian likelihood.

3.5. HeadVarAttDis:
ment

intra-layer head disagree-

The aggregation in (1) averages heads before evaluating en-
tropy. A finer alternative reads the variance of per-head en-
tropy at each layer:

Ny,
BN = SN gAY U = Vary (B,
=1

)
followed by the same layer-mean aggregation, patch-to-
pixel broadcast, scalar splat, and closed-form fit as AttDis.
The garden-fitis (a, b) = (—0.210, 0.205) with r=—0.511;
the leak-free bicycle-fit is (a,b) = (—0.0960, 0.119) with
r=—0.313. Empirically (Section 4.3) this scalar is strictly
more discriminative than head-mean entropy.

Training and latency. The backbone is frozen; the only
learned parameters are the two scalars a, b, fit by closed-
form OLS in under one second. Per-token entropy is
O(HNyNyg|L]), negligible compared to the encoder pass.
Total measured wall-clock overhead is +6.8 ms (+15.6%);
see Section 4.6.

4. Experiments

4.1. Setup

We evaluate cross-domain: a NoPoSplat backbone pre-
trained on RealEstate 10K, used frozen; all evaluation is on
Mip-NeRF 360 [3] on seven scenes (GARDEN, KITCHEN,
ROOM, BONSAI, COUNTER, STUMP, BICYCLE), with 12
test views per scene (84 test views). All numbers are 7-
scene averages. Hardware is a single RTX A6000. We re-
port PSNR, SSIM, LPIPS for reconstruction; NLL, AUSE,
z-score-normalised ECE, and regression-ECE (REG-ECE)
for uncertainty; and mean per-view inference latency in ms.
PSNR/SSIM/LPIPS are identical across calibrated methods



(PSNR 10.79) because every method shares the same deter-
ministic mean. AttDis fits (a, b) on six fraining views of one
calibration scene (GARDEN for the headline, BICYCLE for
a leak-free cross-scene-class variant); HeadVarAttDis uses
the identical recipe on the GARDEN fit set; RasterCal fits a
small MLP on per-Gaussian features from the same views;
RoundTripCal fits a per-scene scalar temperature. Fit and
12-view test sets are disjoint by view for every method.

Baselines. Six post-hoc methods on the same frozen
backbone:  Deterministic NoPoSplat [52] with =0
(clamped to e for NLL); TempScale-ow [17], with pre-
dicted variance equal to a learned per-channel scalar times
the rasterized alpha channel; RoundTripCal, re-rendering
context view v; from the predicted Gaussians and using
the per-pixel residual as a self-supervised signal calibrated
by an affine head; RasterCal, an 8-feature MLP on per-
Gaussian features splatted through the rasterizer (closest to
BayesRays [16] without per-scene Hessian); HeadEns3, an
ensemble proxy forwarding 3 attention-head subsets of No-
PoSplat and using head-disagreement variance, in the spirit
of [29]; and MCDrop-10 [14] with K=10 stochastic for-
ward passes. HeadEns3 and MCDrop-10 latency (+58%
and +880%) places them out of the feed-forward budget;
we run them on GARDEN as a latency anchor.

4.2. Main calibration comparison

Table 1 reports the head-to-head 7-scene average. The de-
terministic 6=0 row is uncalibrated; clamping to ¢ for NLL
yields 1.55 x 10%. Every calibrated post-hoc method re-
duces this by roughly four orders of magnitude, but no sin-
gle method wins every metric. HeadVarAttDis attains the
lowest NLL (0.345), AUSE (0.037), and REG-ECE (0.235).
RoundTripCal attains the lowest z-score ECE (0.316) but
the worst REG-ECE of the calibrated methods (0.668), ex-
pected since its variance is fit per-scene against round-trip
residuals and tracks rank but not magnitude under quantile
binning. Among the original three calibrators, RasterCal at-
tains the lowest AUSE (0.038); AttDis is the simplest mech-
anism and the lowest latency overhead. We do not claim a
universal winner.

Bicycle-fit AttDis (cross-scene-class transfer). The
AttDis-bicycle row in Table | fits on six BICYCLE training
views and applies (a,b) = (—0.0676, 0.138) to all seven
test scenes; the fit shares no geometry with the GARDEN
test. The 7-scene NLL drops from 0.391 (garden-fit) to
0.238 (bicycle-fit); REG-ECE from 0.264 to 0.183; the rank
ordering across calibrators is preserved. Where the abstract
reports a single AttDis NLL, that number is 0.238; com-
parisons against HeadVarAttDis and the LOO protocol use
the garden-fit 0.391 where the comparison is in-domain by
construction.

4.3. Sign-flip and Head VarAttDis

The empirical Pearson correlation between splatted en-
tropy D(p) and squared rendering residual is r=—0.517
on 393k pixels of the GARDEN-train calibration; OLS slope
a=—0.0895. A flat attention distribution over context to-
kens is the expected behaviour when many context posi-
tions correctly explain the query (multi-view redundancy);
a peaked attention is expected when the decoder commits
to a single match (sometimes correct, sometimes a confi-
dent error on fine structure). The aggregate r=—0.517 tells
us redundancy dominates on Mip-NeRF 360. ECE under
z-score normalisation penalises any signal whose rank is
inverted relative to the residual rank, which is why our ECE
(0.568) is worse than the deterministic constant-zero base-
line’s (0.378). AUSE and NLL operate on absolute scale
and are not fooled by the sign.

HeadVarAttDis as the new lowest-NLL method. The
chain extension of Section 3.5 replaces head-mean entropy
by the variance of per-head entropy. The substitution domi-
nates AttDis on every regression-calibration metric: NLL
drops from 0.391 to 0.345, AUSE from 0.045 to 0.037,
REG-ECE from 0.264 to 0.235. Latency (47.4 ms) is
slightly below AttDis (50.5 ms) because the variance com-
putation reuses the per-head entropy tensors and skips the
head-mean reduction. Two tokens with identical head-mean
entropy can have head-variance differing by more than an
order of magnitude on the calibration set; the affine head
exploits the extra degree of freedom.

4.4. Ablations

We decompose AttDis into: (C1) the cross-attention en-
tropy hook on layers {8,9,10,11}; (C2) the closed-form
1-D affine fit; (C3) the layer aggregation. Replacing the
multi-layer mean by a single layer barely changes 7-scene
NLL (layer 8 alone 0.390, layer 9 alone 0.390, layer 10
alone 0.403, layer 11 alone 0.377 vs. multi-layer 0.391):
the four hooked layers carry redundant signal. Fitting the
affine head on BICYCLE gives 6-other-scene NLL 0.253,
on GARDEN 0.388, on KITCHEN 0.445. The slope is con-
sistently negative across all three calibration choices (a €
[—0.13, —0.07]); the negative-slope phenomenon is a prop-
erty of the cross-attention signal, not the fit scene. Tight-
ening to strict leave-one-scene-out, AttDis mean aggregate
NLL rises from 0.391 to 0.671 (+71%); HeadVarAttDis
from 0.345 to 0.379 (+10%). The mean gap is dominated
by BONSATI; on the median fold the drift is +0.27 vs. +0.03
and HeadVarAttDis wins 4/7 folds (Section 4.7).

Affine ablation: the load-bearing component. With the
affine map replaced by the identity (a=1, b=0), NLL col-
lapses from 0.391 to 11.52 and AUSE jumps from 0.045 to



Method PSNRT SSIMt LPIPS| NLL| AUSE| ECE| reg-ECE| Lat.(ms)|
Deterministic [52] 1079  0.136 0734 1.55x10* 0.044 0378 n/a 43.7
TempScale-a [17] 10.79  0.136  0.734 3429  0.134 0849  77.66 52.8
RoundTripCal 10.79  0.136  0.734 0368  0.047 0316  0.668 46.5
RasterCal 1079  0.136  0.734 0.597  0.038 0579  0.441 515
HeadEns3' [29] 1001  0.095 0738 1.20x10* 0.157 0972 n/a 90.0
MCDrop-101 [14] 1012 0098 0731 1.21x10* 0.156 0.633 n/a 433.1
AttDis (Ours, garden-fit) 10.79  0.136  0.734 0391 0045 0.568  0.264 50.5
AttDis (Ours, bicycle-fit) 1079 0.136  0.734 0238 0044 0576  0.183 50.5
HeadVarA ttDis (Ours) 10.79  0.136  0.734 0.345  0.037 0527 0235 474
AttDisFusion (Ours, ext.) 1079  0.136  0.734 0447 0045 0643  0.305 57.8
CrossViewAttDis (Ours, ext.) 10.79  0.136  0.734 0.815 0041 0623  0.239 49.1

Table 1. Calibration on Mip-NeRF 360 (7-scene avg, 84 views). All methods share the frozen NoPoSplat backbone; PSNR/SSIM/LPIPS
identical across calibrated rows. Bold = best among calibrated methods. The TempScale-ac REG-ECE of 77.66 reflects a structural
mismatch (a single global scalar yields essentially spatially uniform per-pixel variance per view), not a unit/sign bug.  HeadEns3 and
MCDrop-10 are evaluated on GARDEN only because their latency exceeds the feed-forward budget. The bottom block reports two further
chain extensions of AttDis (Section 4.7); neither improves on AttDis.

0.127. The Pearson between splatted entropy and squared Next-best-view downstream. We adapt the Fish-

residual flips sign: +0.40 (full) to —0.44 (identity). Raw
cross-attention entropy is an inverted uncertainty signal; the
closed-form affine fit turns it into a usable variance estima-
tor by absorbing the sign.

4.5. Failure modes

The two scenes with worst per-scene calibration are BON-
SAI (ECE 0.981, AUSE 0.064) and STUMP (ECE 0.892).
On BONSAI, dense leaf texture causes attention to con-
centrate (low entropy) on discriminative leaf-pixel keys,
but those leaves are simultaneously the hardest pixels for
a 2-view feed-forward model (PSNR drops to 11.93); the
negative-slope affine assigns low variance to high-error
pixels. On STUMP, large flat-sky and flat-vegetation re-
gions produce uniform high entropy across many tokens but
are the easiest pixels to reconstruct; AUSE remains good
(0.030) because the signal is globally rank-correct, but ECE
under z-score normalisation explodes. A second-order fail-
ure affecting all scenes is patch-resolution coarsening at the
16x16 token grid; per-pixel attention rollout is the natural
mitigation.

4.6. Latency and next-best-view

Per-stage timing on a single RTX A6000: encoder 21.2
ms, GS heads 12.1 ms, rasterizer 10.4 ms (deterministic to-
tal 43.7 ms). AttDis adds 6.8 ms (+15.6%): hooked en-
tropy plus one extra rasterizer call. HeadEns3 takes 90.0
ms (2.06x) and MCDrop-10 takes 433.1 ms (9.91x); the
stochastic baselines blow the budget by roughly an order of
magnitude.

erRF [22]/ActiveNeRF [34] NBV setup to the 2-view
regime: given a fixed seed view v; and a pool of 12 candi-
dates, a strategy picks v3; NoPoSplat is then run on (v, v})
and evaluated on a held-out probe view. AttDis picks the
candidate that minimises predicted uncertainty over the
rendered probe view. Compared on the same backbone
against Random, Render-entropy (rasterizer alpha entropy
on the probe view), and Max-baseline (geometric heuristic
picking the candidate with largest translation distance
from vp), AttDis attains the highest 7-scene avg probe
PSNR (11.42dB) under a single-seed headline, beating
Max-baseline (10.94) by +0.47dB; AttDis wins outright
on 4/7 scenes. Re-running with three seed-view rules
gives AttDis 10.82 £ 0.26 dB, Max-baseline 10.07 & 0.51,
Random 10.19 + 0.37, Render-entropy 9.75 + 0.31; mean
delta over Max-baseline is +0.75dB, with a 95% CI of
[—0.39, +1.89] that includes zero. The AttDis mean is
positive against Max-baseline at every individual seed
(deltas +0.53, +1.01, 4+0.71dB) and AttDis has the
smallest across-seed standard deviation. We read this as a
positive trend, not significant at the 5% level.

4.7. Chain extensions, LOO, and limitations

Chain extensions (Table 1 bottom). Two natural ex-
tensions of the affine head are reported in the bottom
of Table 1; neither improves on AttDis. AftDisFusion
learns a per-pixel gate blending AttDis with RasterCal;
the gate-weight averaged 0.76 toward AttDis, indicating
AttDis dominates the signal (NLL 0.447). CrossViewAttDis
projects per-token attention distributions between views via
predicted depth and computes a per-pixel KL divergence
(NLL 0.815, AUSE 0.041).



Leave-one-scene-out. To eliminate residual leakage we
ran a strict leave-one-scene-out (LOO) protocol on AttDis
and HeadVarAttDis. For each held-out scene H the affine
(am,b) is fit by closed-form OLS on the first six train-
ing views of each of the other six scenes (36 fit views)
and applied unchanged to H’s 12-view test set. Mean
shifts: AttDis 0.391 — 0.671 (+71%); HeadVarAttDis
0.345 — 0.379 (+10%). Median LOO NLL: 0.664
(AttDis) vs. 0.374 (HeadVarAttDis); HeadVarAttDis wins
4/7 folds. The mean gap of 0.292 NLL is dominated
by BONSAL: AttDis-LOO NLL on BONSAI is 2.21 vs.
HeadVarAttDis-LOO 0.280. Excluding BONSAI the 6-fold
mean gap shrinks to 0.019. For scene-classes that may in-
clude dense fine-scale indoor texture, HeadVarAttDis is the
safer choice; for broader classes AttDis is the simpler mech-
anism.

Limitations. All results are cross-domain (RE10K-
trained NoPoSplat, Mip-NeRF 360 evaluation); the 7-scene
avg PSNR of 10.79 reflects the domain gap, not the cali-
bration head. In-domain calibration on a held-out RE10K
split is the single most important follow-up. NoPoS-
plat operates on K =2 context views by construction; the
attention-entropy signal extends naturally to K > 2 mod-
els (e.g. FreeSplat [43]) but the encoder backbone would
change. Per-Gaussian variance is well-defined as a push-
forward through the rasterizer, but the inverse is uniden-
tifiable due to gauge freedom; per-Gaussian calibration is
a distinct, harder problem. Of the six post-hoc methods
in Table 1, only AttDis is evaluated on NBV. Three ex-
ternal baselines are not in Table 1: latentSplat [44], the
DUSt3R/MASt3R/Splatt3R confidence head [30, 37, 42],
and a per-scene FisherRF/BayesRays upper bound; we ex-
pect per-scene methods to dominate cross-domain post-hoc
methods on calibration metrics.

5. Conclusion

We showed that a frozen feed-forward 3D Gaussian
Splatting backbone already encodes per-pixel uncertainty
in three internal channels (cross-attention entropy, per-
Gaussian feature statistics, and a leave-one-input photomet-
ric round trip), each unlockable by a small post-hoc cal-
ibrator with no retraining. No single channel wins every
metric: HeadVarAttDis attains the lowest NLL of 0.345,
the round-trip channel attains the lowest z-score ECE, the
per-Gaussian channel attains the lowest AUSE, and AttDis
drives next-best-view selection above a geometric heuris-
tic. HeadVarAttDis also transfers better against the dense-
indoor-texture failure mode of AttDis on the median LOO
fold. PSNR is preserved by construction, since the back-
bone is frozen and the Gaussians are untouched.

The three channels are conceptually complementary: at-
tention entropy reads the decoder’s correspondence struc-

ture, per-Gaussian features read the rendering primitives the
same decoder emits, and the round trip reads the photomet-
ric consequence of withholding evidence. The negative cor-
relation in the attention channel reinforces the picture: to-
kens routed to a broad, high-entropy distribution over the
context view are the ones the decoder has the most agree-
ment on, not the least. The compression that makes feed-
forward 3DGS fast leaves multiple, mechanistically dis-
tinct, calibratable shadows.

Limitations and future work. The four calibrators are
fit and evaluated on a single backbone (NoPoSplat) and a
single domain shift (RE10K to Mip-NeRF 360); whether
the recipe transfers to MVSplat, Splatt3R, or VGGT is
open. Three peer feed-forward 3DGS uncertainty baselines
(latentSplat learned variance, DUSt3R/MASt3R/Splatt3R
confidence head, FisherRF per-scene upper bound) are not
benchmarked here and are the immediate follow-up. The
downstream NBV experiment uses three seed-view restarts;
the confidence interval over three seeds is wide enough to
cross zero, though the mean is positive at every individual
seed. A stacked or per-scene-selected calibrator that arbi-
trates among the four signals is a natural next experiment,
and an in-domain RE10K calibration run is the cleanest way
to test whether the calibration captures intrinsic model un-
certainty or the absolute scale of the cross-domain residual.
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