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Figure 1. An audit of native confidence over seven backbones and 13 datasets, and the effect of a post-hoc correction. A setting is one
backbone’s output head on one dataset. The grid is 168 settings, each scored at full pixel population. The correction is a two-constant
power law in the predicted uncertainty (Sec. 6), fitted on a calibration half of each setting’s scenes. In (d) it is scored on the other half,
in (b) and (c) it is applied to the setting’s full profile. (a) Ranking of predicted uncertainty against error. (b) Level, mean error over
predicted uncertainty per confidence bin. (c) Slope of the calibration curve, which equals 1 when predicted uncertainty grows at the same
rate as error. (d) Delivered against nominal coverage, at eleven nominal levels. StreamVGGT is read against its training teacher. VGGT’s
hyperparameter α is unattested, so its coverage is not drawn.

Abstract

Feed-forward 3D reconstruction models emit a per-pixel
confidence that downstream systems read as a reliability

signal. It is trained as a loss weight, not as an uncertainty
magnitude, and whether it can be used as an error predic-
tion has not been measured. We audit seven released back-
bones on thirteen datasets and score the confidence on four
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properties, how well it ranks error, whether its level is right
on average, whether it holds across the confidence range,
and whether its intervals cover the truth. The confidence
ranks error well, but the predicted uncertainty is too low
when it is read under conditions that are not exactly those
of training. The median case is off by 2.4× across all seven
models, and the error prediction is further off the more con-
fident the model is. We show that this phenomenon can ap-
pear even though the loss’s optimum is reached. A released
model resumed under its own loss reaches that optimum on
its training data within a few hundred updates and stays
overconfident on unseen frames. A power law with two con-
stants per backbone and dataset corrects the overall magni-
tude of the predicted uncertainty and leaves the ranking un-
touched. What no rescaling reaches is the scene, which we
attribute to the model’s missing knowledge of scale across
predictions. Every correction we tried is close to right on
average and still leaves two thirds of held-out scenes out-
side a five-point band, because what a scene is missing is
a shape rather than a shift. We release the audit protocol,
its results, and the fitted constants per model and dataset.
Fitted with the target dataset held out, the constants bring
the median case from 2.4× off to 1.35×, and a refit on a few
labelled scenes of that dataset reaches 1.12×.

1. Introduction
Feed-forward models reconstruct 3D geometry from uncal-
ibrated images in a single pass and emit a per-pixel confi-
dence alongside it [36, 55–57], a lineage surveyed in [61].
That confidence is the only reliability signal these models
ship, and downstream systems use it. They threshold points
before fusion, weight residuals in bundle adjustment, or set
the measurement noise of a filter.

It is trained as a weight in a confidence-weighted regres-
sion loss, not as an error bar, and practice already reflects
the difference. SLAM3R thresholds two DUSt3R-style
heads at 1.5 and at 12 [39]. FILT3R runs a Kalman filter on
a frozen CUT3R, adapts the process noise, and leaves the
measurement noise a fixed scalar [23]. DeepFactors com-
putes a weight from a predicted standard deviation and then
returns one instead [10]. The one visual-inertial system we
found that does use a learned uncertainty as a covariance
first fits a constant gain on a validation set, so that the mean
Mahalanobis distance comes out at one [25]. Every one of
these choices avoids relying on the confidence’s level. It
is consumed as a ranking, and where a level is needed it
comes from elsewhere. Whether that caution is justified,
and by how much, has not been measured.

The field’s answer has been to replace the head. Eviden-
tial regression [1, 62], heteroscedastic regression [29, 41],
MC dropout [13] and deep ensembles [32] all produce a
predictive distribution, and recent work reports large gains

in confidence ranking on these backbones [62]. That is
the right answer when retraining is possible. Two things
remain. Released checkpoints still ship the original head,
and those checkpoints are what systems are built on. And
the problem is not an undertrained head. We resume a
released model under its own loss, and it reaches that loss’s
optimum on the data it is training on within a few hundred
updates. A head retrained the same way is overconfident
on frames it has not seen.

We therefore ask what the native confidence is worth as
a level, and how much of the gap a user can close without
touching the weights. The loss is minimised where the
confidence equals a constant over the expected residual
(Sec. 3), so inverting the trained relation returns the mean
residual of training, measured against the target the loss
used, over the data it was trained on, in the units it was
written in. A deployed model is read against ground truth,
on new data, in the scene’s own units. We measure the
resulting error on 168 settings (Fig. 1) over seven released
backbones and thirteen datasets at full pixel population
(2.786 × 1010 scored pixels). We then measure how much
of it post-hoc recalibration recovers.

Contributions.
• An evaluation protocol and the grid it runs on, the pa-

per’s main resource. A released confidence is scored on
four properties at once, ranking, level, slope, and cover-
age, whereas this literature scores ranking alone (Sec. 4,
Tab. 1).

• What it reads (Fig. 1, Tab. 2). The confidence ranks error
well and understates the error by a median factor of 2.4
across the grid, and by more where it is most confident.
Sec. 5 shows this is where the loss’s own optimum lies,
not where training happened to stop.

• A study of the corrections a user of a frozen model can
actually apply. Two constants per backbone and dataset
remove most of the level error and leave the ranking un-
touched. The finer per-bin correction the literature would
reach for costs ranking and buys little. None of them
reaches the scene. How far one scene sits from another
is set only by that scene’s own labels (Sec. 6).

• That correction pre-fitted for every backbone and dataset,
so a reader with no labelled data can apply it to a frozen
checkpoint (Tab. 4).

Our scope is post-hoc recalibration of the frozen native con-
fidence. We do not claim that a head trained from scratch
cannot rank better. Published work reports that it does [62].
We do not measure the effect of either reading on a down-
stream system.

2. Related Work
Dense uncertainty and how it is scored. Per-pixel un-
certainty in dense prediction is conventionally scored by



how well it ranks error. Sparsification error and its sum-
mary AUSE come from optical flow [22] and are standard
in monocular depth [46]. Stereo confidence is scored the
same way, through ROC curves [47]. Whether the number
is the right level is rarely asked. The exceptions change
the training objective to make it so [8, 40], while label-
free post-hoc methods improve ranking instead of correct-
ing a scale [16, 21]. One independent study reaches our
direction from outside, reporting that VGGT’s depth confi-
dence “exhibits the typical phenomenon of overconfidence”
on DTU [20], though on a scale-free proxy, so it corrobo-
rates the sign and not the size.

Replacing the head. Recent work replaces the loss
weight with a head that is a predictive distribution by
construction. The options are evidential regression with
a closed-form Student-t posterior [1, 62], heteroscedastic
regression [29, 41], MC dropout [13] and deep ensem-
bles [32]. Trust3R reports 25 % lower AURC and 41 %
lower AUSE on ScanNet++ [62]. We take that as settled
and disjoint from what we measure, since those are ranking
metrics on a retrained head and ours are level metrics on the
native one. Whether a differently trained head has the right
level is an open question we can only bound from outside
the family. Sec. 5 scores an uncertainty read off sample dis-
agreement and a direct error regressor on the same grid, and
both miss, in opposite directions.

Post-hoc recalibration. Rescaling a frozen model’s un-
certainty is standard [18, 31, 37, 45]. The published form
for regression is a single global scalar fitted by likelihood
on a labelled validation set [33]. The same two correc-
tions appear in the conformal literature as split conformal
prediction [35, 43] and its per-group refinement [5, 54].
What such a guarantee can be conditioned on is settled the-
ory [4, 34, 54], and the methods that pursue conditional cov-
erage where it is attainable act on pre-specified groups [24],
kernel neighbourhoods [17], a covariate shift between cali-
bration and test [51], or a target stated as a risk [3]. Sec. 6
runs the first four, and the risk-control target is in the
supplement. Conformal constructions have reached dense
per-pixel regression [2] and geometric estimation [58], but
not, as far as we know, monocular depth or feed-forward
pointmap reconstruction.

Uncertainty in geometric systems. The loss we analyse
descends from learned loss attenuation, where a predicted
variance down-weights hard pixels during training [29].
That a frozen geometric system’s uncertainty is systemati-
cally wrong and correctable offline has precedent in visual-
inertial odometry [52], and overconfidence has been diag-
nosed in semantic 3D mapping and traced to the fusion
rule [9].

3. Confidence as a Loss Weight
Loss. The DUSt3R family [57] predicts a 3D point and a
confidence Ci at every pixel i, trained with a confidence-
weighted regression loss [12, 36, 56, 60]

L =
∑
i

(Ci ei − α logCi) , (1)

where α > 0 is a fixed hyperparameter and ei is the re-
gression residual, the distance between the predicted 3D
point and the point the loss scores it against. The first term
weights the residual by its confidence, and the second stops
the confidence collapsing to its floor. Since the head emits
C = 1+ ex, C > 1 and the decoded σ̂ is bounded above by
α (supplement, §4). Residuals are normalized during train-
ing by a scale computed on each forward pass, so they are
fractions of the size of the reconstruction and not lengths.

Optimum. Setting ∂L/∂Ci = 0 gives Ci = α/ei. The
head maps a per-pixel feature to a point and a confidence,
so pixels whose features look alike receive the same confi-
dence while their residuals differ. Since L is linear in ei,
the expected loss over pixels sharing a confidence depends
on their residuals only through the mean and is minimized
at Ci = α/E[ei]. Reading the confidence as an uncertainty
means inverting the trained relation,

σ̂i = α/Ci, (2)

which at the optimum returns E[ei], the mean residual over
training pixels of the same confidence. We hold α at the
value each release attests, 0.2 for the DUSt3R family and
0.1 for StreamVGGT, and never fit it ourselves. VGGT is
the one backbone whose α is only a function default, and
Sec. 5 reads it accordingly. With z = e/σ̂, the residual in
units of the predicted uncertainty, the optimum becomes the
statement

E[z | C] = 1, (3)

which follows from Eq. 1 alone. Read as a likelihood the
loss also implies a distribution for e, as a learned variance
does in heteroscedastic regression [29], but its optimum
fixes only the mean.

Three conditions. The quantity Eq. 2 returns is a condi-
tional expectation, and training fixes the three quantities it
is taken under. The residual is measured against the loss’s
target, ground truth for most audited models and a teacher’s
prediction for one. The expectation is over the training dis-
tribution as the model’s own pipeline samples it. And the
residual carries the loss’s normalization. A reader evaluates
against ground truth, on data of their own, in the scene’s
own units, so all three can differ. Sec. 4 matches the first
and third to training wherever the release permits.



Property What it decides for a user How we score it

Ranking Which pixels to keep or drop, and
any percentile cutoff. Invariant to
rescaling.

Spearman ρ between σ̂ and
the error, pooled and within
images.

Level Whether an interval covers, and
whether a cutoff in absolute units
means what it says.

ūj , delivered error over pre-
dicted, per confidence bin
(Eq. 4).

Slope Whether relative weights are right.
A least-squares weight σ̂−2 over-
weights confident pixels when b <
1.

b in Eq. 5, the calibration curve
fitted across a setting’s bins.

Coverage Whether a stated interval holds, on
average and on the scene at hand.

Fraction of truth inside σ̂ mp,
at eleven nominal levels, per
scene and pooled.

Table 1. The four properties we score, and what each one decides.
They are distinct, and Sec. 6 reports all four for every correction.

4. Audit Protocol

Setup. We decode the uncertainty as σ̂ = α/C and match
the target and the normalization to the ones each model
trained with, wherever the release permits (supplement,
Tab. S1). A setting is one backbone’s output head on one
dataset, and each is scored on the four properties of Tab. 1.
They answer different questions, so we never summarize
them into one number.

Grid. Six of the seven backbones expose two heads and
one a single head, giving 26 × 6 + 12 = 168 settings over
13 datasets. These are ScanNet (val, train) [11], TUM
(static, dynamic) [50], 7-Scenes [49], BlendedMVS [59],
Bonn [42], KITTI [14, 53], CO3Dv2 [48], DL3DV [38],
Sintel [6], Virtual KITTI 2 [7] and Dynamic Replica [26],
the same for every backbone. We sample eight-frame clips,
so scene, clip and frame are three nested units we can
read the same statistic on. Some datasets are in a model’s
training diet, but the pixels scored are never those training
saw. Three of the 13 are close relatives of others, so they
amount to ten independent sources, and one backbone
cannot run CO3Dv2. Every setting is scored at full pixel
population, 2.786 × 1010 pixels, a pixel counting when its
ground truth is valid, its depth is in range, and it falls inside
the model’s field of view.

Metrics. Ranking is scored by the Spearman correlation ρ
between σ̂ and e, with a setting passing at ρ ≥ 0.10. We re-
port two, on different populations. One pools every scored
pixel. The other correlates inside each image and takes the
median over the setting’s images, which is what rules out
a confidence tracking only the per-image error scale. The
second runs on fewer pixels, dropping the confidence floor
and the out-of-range bins, a median of 7 % of a setting and
81 % on the worst, so the two are not one statistic at two
granularities.

Confidence bins. Pixels are assigned to 14 bins fixed on
intervals of x = ln(C − 1), since C = 1 + ex. With Bj the
j-th bin and nj its pixel count, the calibration level

ūj =
1

nj

∑
i∈Bj

zi (4)

is the factor by which delivered error exceeds predicted un-
certainty in that bin. Eq. 3 requires ūj = 1 everywhere.
Intervals on ūj come from resampling scenes, not pixels.
Pixels of one scene share a camera, a depth range and a
normalization, so they are not separate evidence. A bin
fails high when its interval lies entirely above 1.10 (over-
confident) and low when entirely below 0.90, counted over
bins holding at least three scenes and outside KITTI’s pose-
contaminated block. Write ēj = ūj σ̂j for the mean deliv-
ered error, and σ̂j for the predicted uncertainty at the bin
midpoint. We fit the calibration curve

ln ēj = c+ b ln σ̂j (5)

across a setting’s bins, weighted by pixel count. The inter-
cept absorbs any overall factor, the level again, so b mea-
sures how the bins differ. Correct uncertainties give c = 0,
b = 1. A slope b < 1 means the predictions are spread
wider than the errors.

Intervals. The level fixes the mean of z in a bin and leaves
the rest of its distribution open. Coverage asks whether σ̂
can serve as that distribution’s scale. If it can, the truth lies
within Tp = σ̂ ·mp of the prediction a fraction p of the time,
mp being the level-p quantile of a mean-one model for z.
We take mp either as the quantile of a mean-one Gamma
fitted to the within-bin residual, or as the empirical quantile
of z inside the pixel’s own bin, which assumes no distri-
bution at all. Each correction is scored under whichever its
construction implies. Both are fitted on a calibration half
of a setting’s scenes and counted on the held-out half, one
fixed split per setting, at eleven nominal levels from 10 % to
99 %. We read two numbers off this. Delivered coverage is
the share of truth inside the interval, pooled over the pixels
of one scene. In band is the fraction of a setting’s held-out
scenes whose own delivered coverage falls within 0.05 of
nominal. Pixels are pooled inside a scene and never across
scenes, as the bootstrap above resamples scenes, and a grid
figure is a median over settings of a per-setting number. We
do not fold these into a single calibration error [31, 37] or
report a likelihood, since the loss leaves the residual distri-
bution open. The supplement gives the per-backbone chan-
nel, target, normalization and α, compares ρ against the
sparsification family [22, 30], and fits the residual shape.

5. Calibration Audit
Ranking. The confidence ranks the error almost every-
where. Within images, ρ is positive on all 168 settings and



Ranking ρ Failing bins Level, slope, coverage

Backbone # pooled image high low low → top bin b cov

DUSt3R 26 0.52 0.49 208 0 1.26 → 3.22 0.70 0.71
MonST3R 26 0.55 0.47 308 0 1.67 → 3.19 0.76 0.50
MASt3R 26 0.29 0.39 293 0 2.14 → 15.24 0.30 0.29
CUT3R 26 0.33 0.45 290 0 1.99 → 7.62 0.50 0.40
St4RTrack 12 0.44 0.31 125 0 2.31 → 6.08 0.40 0.40

All five 116 1,224 0

StreamVGGT 26 0.59 0.43 40 10 1.26 → 1.01 1.01 0.90
vs. GT 297 0 2.47 → 3.35

VGGT 26 0.37 0.21 120 64 0.69 → 3.67 0.42

Grid 168 0.46 0.43 0.65

Table 2. The audit by backbone, medians over its settings. # is the
number of settings, image the within-image ρ, low → top bin the
level ū of Eq. 4 at the lowest and at the highest bin supported by at
least half of the backbone’s settings, and cov the delivered cover-
age at nominal 0.90. The five rows above the rule share a referent
and sum to the subtotal. A bin fails high when its confidence in-
terval lies entirely above 1.10 and low when entirely below 0.90.
KITTI’s pose-contaminated bins are excluded, 20 across the five.
The counts are a census over 90 backbone-dataset pairs, not in-
dependent tests. StreamVGGT is read against its teacher and the
indented row against ground truth. VGGT’s α is a function de-
fault, so its bins are reported and not counted.

above threshold on 166 (Fig. 1a, Tab. 2). The ranking runs
backwards on about one image in twelve at the median set-
ting. Seven settings fail when pixels are pooled across im-
ages while passing within them, all on CO3Dv2 or Blend-
edMVS.

Level. The level is another matter. On the five backbones
trained against ground truth, every confidence bin that fails
does so by claiming too little error, 1,224 of them, and
not one the other way. Across the grid the median setting
is off by 2.4×, across these five by 2.8×. StreamVGGT,
trained against a teacher and read against that teacher, is
the one backbone close to calibrated, though on that target
it still fails high on 40 bins and low on 10 (Tab. 2). Read
against ground truth, it joins the others. VGGT’s α is a
function default, so its bins are reported and not counted.
The five that remain descend from one loss, so the count
is a census over a single lineage and not five independent
tests. Fig. 2 shows one held-out frame of two settings,
where the uncertainty tracks the error’s structure and sits
below it almost everywhere.

Slope. The predictions are also spread wider than the
errors (Fig. 1c). The calibration curve’s slope b lies entirely
below one on 123 of 168 settings. The predicted error at
a setting’s 90th percentile of confidence is about a sixth of
that at its 10th percentile. A slope below one means the
model grows more overconfident as its confidence rises, so
the predictions a reader would weight most heavily are the

ones furthest off. Part of the flatness is aggregation rather
than a flat head, since a setting whose scenes are each cali-
brated at their own level still fits at 0.93. Two checks bound
that. Restricting to the ground-truth settings leaves 114 of
142 below one, and fitting inside single frames, where no
aggregation is possible, puts the slope below one on all 54
settings of the four backbones where the fit is available.
The headline count is the grid one, 123 of 168, and the
other two say the effect survives its most likely artifact.

Coverage. On the five backbones trained against ground
truth the same overconfidence appears in the intervals,
which are too narrow at all eleven nominal levels and pro-
portionally worst at the tight end, where MASt3R’s nominal
10% interval holds 0.6% of the truth (Fig. 1d).

Domains and units. Sorting datasets by indoor or
outdoor, static or dynamic, real or synthetic ground truth
moves the level by at most 1.6×, and datasets outside
every training diet read no worse than those inside. What
moves it is the normalization a dataset was trained under.
Read in metres, CUT3R is 3.0× off on the datasets it
trained on with metric residuals and 15.6× on those with
scene-normalized ones. The spread across a backbone’s
datasets is that, not scene content, and the supplement gives
the level of every setting and marks its branch.

Convergence. A head at the optimum of Sec. 3 would sat-
isfy Eq. 3, so every confidence bin would deliver the error it
predicts. No backbone does. Either training never reached
that optimum or one of its three conditions moved, and the
first is directly testable (supplement). A fresh confidence
head on DUSt3R’s trunk, retrained on two of DUSt3R’s
own datasets, is calibrated on the frames it trains on and
overconfident on frames it does not see. The released
DUSt3R put back into training under the same loss behaves
the same way. Read on CO3Dv2, a dataset in its diet, it
starts 2.79× off. That reading is already under changed
conditions, since the clips, crops and sampler are ours and
not the release’s, and the pixels are ones training never saw
(Sec. 4). It reaches 1.10× after roughly 300 updates on that
draw, and stays within 0.91 to 1.12× over ten further epochs
under both learning-rate schedules. So the loss reaches its
optimum on whatever draw it is currently training on, and
the level a reader sees is set by which draw that is rather
than by how long the model trained. A backbone trained
further under the same loss would, on this evidence, stop at
the same place. The miss is in the loss’s target, normaliza-
tion and training population, not in how far the checkpoint
sits from its own optimum. On this evidence a few hundred
updates under the same loss on labelled scenes of the target
domain would repair the level there, though we ran it only
on training data. Sec. 6 is what a reader can do without it.
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Figure 2. One held-out frame of two settings, chosen at each setting’s median ratio of error to predicted uncertainty σ̂. The uncertainty
follows the error’s structure and sits below it almost everywhere. Right, that ratio before and after the released correction, one pair of
constants per setting and not per frame, on a log scale centred at one, red above. Grey is unscored.

The three conditions in isolation. Each of the three
conditions moves the reading on its own, with the weights
untouched (supplement). Scored against ground truth
instead of the teacher it trained on, StreamVGGT goes
from calibrated to 2.2×. Over four high-confidence bins of
MASt3R’s anchor dataset the delivered error is 2.5 to 5.9×
the prediction in metres but only 1.1 to 2.1× as a fraction
of the scene, so the normalization carries roughly 55 to 64
percent of the overconfidence there, one backbone at one
anchor and not a family figure. MonST3R and St4RTrack
read 1.38 and 0.98 on the scenes they trained on and 2.34
and 6.05 on unseen scenes of the same datasets, so what
changes is which scenes, not which domain. DUSt3R reads
no less overconfident where ground truth is exact, and a
pre-registered noise budget can account for at most 12.7%
of the failing bins, 158 of the 1,244 counted before the
KITTI exclusion of Tab. 2 (supplement), so ground-truth
quality is not the cause.

Other designs. The failure is not specific to Eq. 1.
Marigold [27, 28] has no trained confidence head and
reads its uncertainty off the disagreement among ten
sampled predictions, and that uncertainty is too small on
all 13 datasets. At nominal 90% it delivers 17 to 41%,
against the 79% that ten samples can honestly reach.
UniDepth v2 [44] regresses the error level directly and fails
the opposite way, predicting three to thirty-four times more
error than it delivers on the ten datasets where its metric
readout is valid (supplement, Fig. S7).

6. Post-hoc Recalibration

The correction class. The weights are frozen, so the only
thing left to adjust is the reported uncertainty. A correction
rescales it as a function of the confidence value and the
dataset. Every published rescaling of a frozen model’s
uncertainty is in that class. The conformal methods that
condition on more re-choose the interval instead (Tab. 3,

middle block). One scalar for the whole dataset is split
conformal prediction [35, 43], and it is what temperature
scaling [18] and σ-scaling [33] do here. Splitting the pixels
by confidence bin and giving each bin its own scalar is the
same correction at a finer grain [5, 54]. Nothing else about
a pixel enters a rescaling. A correction that repairs one
property often damages another, so Tab. 3 scores every one
we tried on all four at once.

The two constants. Two things are wrong, and they need
different repairs. The level is off, so the average bin claims
the wrong error by a factor, and the slope is below one, so
the bins are wrong relative to each other. One number for
the whole dataset fixes the level and nothing else, since it
multiplies every bin alike and moves only the intercept of
Eq. 5. A separate number per bin fixes both, but it damages
the ranking. A power law fixes both and leaves the ranking
alone. Eq. 5 fits ln ē = c+ b ln σ̂, so multiplying by

g(σ̂) = ec σ̂ b−1 gives σ̂′ = ec σ̂ b. (6)

Writing s = b − 1 and a = c + s lnα puts this in the form
we release, σ̂′ = σ̂ exp(a + s ln(σ̂/α)), where a sets the
level and 1 + s the slope. Over all 168 settings on held-out
scenes it takes the median setting from 2.4× off to 1.11×,
and the slope from 0.65 to 0.99.

Ranking. A power law cannot change the ranking, since
the map σ̂ 7→ ecσ̂ b is strictly increasing whenever the ex-
ponent is positive. The fitted exponent is positive on 162
of 168 settings, and negative but within 0.07 of zero on the
rest. We clamp any exponent below 0.05, which affects ten
settings. The within-image ρ is then identical to the native
one, by measurement on the 158 settings we leave alone and
by construction on the ten we clamp.

The same repair applied bin by bin does cost ranking,
because a step correction can reorder pixels at a bin edge
even where the smooth one cannot. It keeps the ranking



Ranking ρ Level, delivered over predicted Slope Coverage at nominal 0.90

Correction par. pooled in-image overall low bin high bin spread b delivered in band
target ↑ ↑ 1 1 1 0 1 0.90 ↑

Rescaling the predicted uncertainty
none, native 0 0.46 0.428 2.41× 1.48 3.60 0.258 0.65 0.570 0.000
one scalar per model 1 = = 1.41× 0.56 1.33 0.258 = 0.917 0.133
one scalar per dataset [18, 33, 43] 1 = = 1.14× 0.59 1.47 0.258 = 0.898 0.258

fitted on the other twelve 1 = = 1.46× 0.55 1.37 0.258 = 0.914 0.106
one per confidence bin [5, 54] 14 ∗ 0.376 1.11× 0.98 1.07 0.144 1.00 0.902 0.333

rank-preserving ≤14 ∗ 0.428 1.14× 0.59 1.62 0.259 0.65 0.888 0.276
power law, two constants 2 = = 1.11× 1.03 0.92 0.125 0.99 0.905 0.333

Re-choosing the interval, leaving the predicted uncertainty untouched
isotonic [31] 1 = = = = = = = 0.893 0.267
four published refinements‡ 7–70 = = = = = = = — +0.000

Fitted on the scenes it is scored on, so a ceiling rather than a correction
one scalar per scene 1/scene — = 1.00× 0.69 1.42 0.198 0.72 0.914 0.867

Table 3. Every correction we tried, on all four properties, as grid medians over the 168 settings (VGGT under its default α, StreamVGGT
against its teacher, Tab. 2), each fitted on a calibration half of a dataset’s scenes and scored on the other half, the per-model scalar on the
backbone’s calibration halves pooled and “fitted on the other twelve” on those of the other datasets. The power-law row is scored before
the exponent clamp of Sec. 6, after which its ranking cells are exact. par. counts the fitted constants and pooled ρ is on every scored pixel,
as in Tab. 2. target is the value a column takes if the confidence is right, “=” is unchanged by construction and “—” is not scored. “spread”
is how far the bins are off relative to each other, “delivered” the share of truth inside a nominal 0.90 interval and “in band” the fraction
of held-out scenes within 0.05 of it, of which a setting holds a median of nine, from two to fifteen. Bold marks the deployable correction
closest to a column’s target. The middle block re-chooses the interval and moves nothing to its left. ∗Paired change on 108 settings, median
−0.001. The per-scene scalar rescales scenes against each other, so its pooled ρ is not scored. ‡Paired median change against the per-bin
row.

only if its steps are non-increasing in the confidence, which
the per-bin fit breaks wherever b < 1. Setting by setting,
that costs a paired median 0.0138 of the within-image ρ.

Coverage. A held-out scene is in band when its own
coverage lands within 0.05 of nominal, and a setting’s
figure is the fraction of its held-out scenes that do. At
nominal 0.90, one scalar for the whole model puts 13%
of a setting’s scenes in band, one per dataset 26%, and
one per bin 33%. Read per clip and per frame instead of
per scene, every one of these corrections lands fewer units
in band (supplement, Fig. S3). Nothing we tried beyond
one scalar per bin does better, and in the classification case
distribution-free calibration is known to be reachable only
bin by bin [19]. Coverage therefore cannot separate the
corrections at or beyond one scalar per bin, and the choice
depends on what else the number is for.

A scalar per dataset is enough if all that matters is an in-
terval that holds its stated rate. The power law is the one
to use if the uncertainty itself has to be right at every confi-
dence level, since it is the only correction here that repairs
the slope without costing ranking. A bundle adjustment
weighting residuals by σ̂−2 is one such use [25], since a
slope below one over-weights the pixels the model is most
confident about.

Released constants. Tab. 4 gives the fitted pair for every
backbone and dataset we ran, and a median row to borrow
for a dataset not among them. Scored on a dataset held
out of the median that produced it, it takes the average
confidence bin from 2.41× off to 1.35× and helps on 74%
of settings. A pair refitted on labelled scenes of the target
dataset reaches 1.12× and helps on 91% (Tab. 3’s 1.11×
is the same fit before the exponent clamp). Holding out by
corpus rather than by dataset name changes nothing. The
borrowed pair makes about a quarter of settings worse, and
Tab. 4 shows which backbones.

Scene to scene. A correction blind to the scene multiplies
every scene alike, so it cannot change how far apart two
scenes are. Every correction above is close to right on
average and still lands at most a third of held-out scenes in
band. A scalar fitted on each held-out scene’s own labels
reaches 0.867, a paired median gain of 0.42 [0.33, 0.47] that
is positive on 148 of 168 settings (supplement, Fig. S3).
Both figures are fractions of a median of nine held-out
scenes per setting, from two on VKITTI2 to fifteen on
ScanNet and DL3DV, so neither is finer than about a ninth.
That scalar is fitted on the scenes it is scored on, so it
measures the gap rather than closing it.

The same scalar read per clip scores 0.333, and per
frame 0.212 (supplement, Fig. S3). Fitting one scalar per



Dataset DUSt3R MonST3R MASt3R CUT3R St4RTrack StreamVGGT VGGT

a 1+s a 1+s a 1+s a 1+s a 1+s a 1+s a 1+s

ScanNet −0.36 0.70 +0.21 0.81 −0.09 0.38 −0.12 0.35 +0.07 0.32 −0.26 0.90 −0.82 0.63
ScanNet-tr −0.42 0.72 +0.22 0.77 −0.13 0.35 +0.04 0.45 +0.15 0.37 −0.18 0.94 −0.95 0.62
7-Scenes +0.12 0.72 +0.75 0.84 +0.24 0.38 +0.38 0.57 +0.59 0.23 −0.09 0.92 −0.24 0.45
TUM +0.06 0.78 +0.59 0.81 +0.29 0.19 +0.59 0.47 +0.88 0.56 −0.25 0.93 −0.09 0.52
TUM-dyn +0.73 1.03 +0.94 0.97 +0.76 0.65 +1.12 1.08 +0.46 0.73 +0.28 1.09 −0.37 0.52†
Bonn −0.07 0.41 +0.39 0.55 +0.16 0.34 +0.54 0.61 +1.30 0.42 −0.03 1.01 −0.31 0.37
DL3DV +0.38 0.51 +0.48 0.65 +1.44 0.34 +1.60 0.41 +1.55 0.42 +0.04 1.04 +0.96 0.57
CO3Dv2 +0.12 0.86 +0.09 0.77 +1.41 0.05† +1.27 0.05† – +0.25 1.01 +0.40 0.39
BlendedMVS +0.44 0.69 +0.47 0.84 +1.33 0.07† +1.50 0.21† +1.03 0.55 +0.19 1.06 −1.03 0.08†

KITTI +0.79 0.91 +0.73 0.89 +1.46 0.40 +0.56 1.07 +0.72 0.05† +0.21 1.02 +0.44 0.74
VKITTI2 +0.70 0.83 +0.61 0.68 +1.60 0.50 +0.01 0.93 +1.16 0.06 +0.18 1.07 −0.42 0.48
Sintel +1.02 0.77 +0.50 0.74 +0.79 0.54 +0.77 0.96 +1.05 0.05† −0.02 0.92 +0.51 0.68
Dyn.Replica −0.07 0.85 +0.28 0.62 −0.31 0.61 +0.02 0.63 +0.41 0.70 −0.28 1.01 −0.81 0.59

median +0.19 0.78 +0.42 0.79 +0.70 0.38 +0.62 0.49 +0.80 0.39 −0.04 0.98 −0.22 0.51

level, native 1.78 2.54 5.65 3.39 3.00 1.11 1.90
with the median pair 1.42 1.24 2.22 1.74 1.58 1.13 1.52
with a refit pair 1.12 1.14 1.18 1.13 1.06 1.06 1.12

Table 4. The released correction, one entry per backbone and dataset. Each entry is a and the exponent 1+s of Eq. 6, the median over that
entry’s heads, fitted on a calibration half of its scenes. Apply as σ̂′ = σ̂ exp(a + s ln(σ̂/α)). The median row is over that backbone’s
settings, not over the column. The three rows below score it on held-out scenes, “with the median pair” on a dataset held out of the median
that produced it and “with a refit pair” on a few labelled scenes of the target, as how far the average bin is off. A dagger marks a pair with
at least one head’s exponent clamped at 0.05.

clip or per frame does not rescue it either, since a correction
handed the right number for every frame still leaves three
frames in five outside the band.

What closes it on a scene is that scene’s own empirical
quantiles at the eleven levels rather than any one number
for it. Fitted on the scene, they put every held-out scene in
band by construction, but read per clip and per frame only
0.41 and 0.26 of units. So what the confidence is missing
is a shape rather than a shift, and it varies faster than any
unit we can name.

Estimating it without labels is the open question, and we
could not answer it. Ground truth on an opening window of
each scene, applied to the rest, never beats a correction that
ignores the scene. Labels from inside the corrected window
do help, but the gain survives shuffling the frames into a
random order, so it is averaging noise rather than following
anything.

Conformal baselines. Four published methods condi-
tion on more than the bin alone, by a richer partition of
frames [54], by overlapping groups [24], by distance to the
test frame [17], or by a density ratio between calibration
and deployment [51]. Run against the same per-bin base-
line on all 168 settings, none moves the median off zero
(Tab. 3). Each improves 15 to 36 % of settings and damages
a similar share, and adaptive conformal prediction [15]
does no better when given ground truth on an opening
window of up to half the frames.

The last of the four is the informative one, because the
shift it corrects is really there. A classifier separates cal-
ibration frames from held-out frames at AUC 0.68 using
the predictions alone, yet correcting for that shift leaves as

many settings worse as better. What differs between cali-
bration and deployment is not which frames are drawn but
what the error does at a given confidence.

None of this is ruled out in advance. Exact coverage can-
not be promised at a single point in feature space [4, 34, 54],
but a scene is a group of 105 to 106 pixels rather than a point.
Whether what is missing varies smoothly with something
observable about a scene we tested and could not settle, with
too few scenes per setting to tell a real effect from none.

Outside the class. Two repairs sit outside it. A linear
probe on the model’s frozen features, rather than on its
confidence value alone, closes a median 0.94 of the slope
gap out of sample on the six of nine settings of three
backbones that pass a validity screen. What transfers there
is the level and the slope, not the ranking. Expressing the
prediction in the frame’s own predicted scale needs no
labels and recovers half of the remaining coverage gap on
MASt3R’s metric branch (n = 14), against a transductive
ceiling and leaving the non-metric branch where it was.
Improving the ranking needs a different head on the same
features [62]. The protocol, the per-setting outputs and the
fitted constants accompany this submission.

7. Conclusion
Native confidence is a usable ranking signal with an unre-
liable level. It ranks error inside images almost everywhere
and understates that error, the more so the more confident
the model is. Post-hoc repair recovers the level at no cost
to the ranking, once the correction is written as a power
law rather than a step function, and not much further. We
release the protocol and the fitted constants.
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