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Abstract
Modern neural networks can be accurate yet poorly
calibrated. We present Random Geometric Cali-
bration (RGC), a post hoc method that augments
confidence estimation with a geometric signal de-
rived from distances to training data in an aggre-
gated semantic representation space. Prior geomet-
ric calibration methods in feature space often rely
on architecture-specific layer choices, which can be
unstable across models and datasets. To avoid this
dependence, RGC samples a fixed number of in-
termediate blocks uniformly at random and reuses
this set at both calibration and test time.
We instantiate RGC with RGCL, which applies
spatial pyramid pooling to each sampled activa-
tion, projects features to a fixed dimension, and
computes a nearest-neighbor separation score that
is mapped to probabilities via isotonic regression.
We also present RGCC, which replaces pooling
and projection with uniform coordinate sampling
for improved computational efficiency.
We evaluate RGCL and RGCC across multiple
datasets, including CIFAR-10, CIFAR-100, and
Tiny-ImageNet, and across a diverse set of architec-
tures such as ResNet, DenseNet, and DINOv2. Our
results show that RGCL achieves state-of-the-art
or near state-of-the-art calibration performance, re-
ducing expected calibration error by approximately
78% on average and by up to 97% for some models.
Finally, we provide representation analysis that ex-
plains why RGCL and RGCC succeed without
layer selection and characterize their computational
overheads. We observe that layers exhibiting favor-
able geometric structure tend to emerge in later net-
work blocks, and that randomized aggregation im-
plicitly emphasizes these layers, leading to robust
and reliable calibration performance.

1 Introduction
Neural network classifiers underpin critical applications in
computer vision, natural language processing, medical di-
agnosis, and autonomous systems [Caruana and Niculescu-

Mizil, 2006; Zhang and Haghani, 2015]. While modern ar-
chitectures achieve remarkable accuracy, accuracy alone does
not capture predictive reliability. A model’s accuracy sum-
marizes the probability of a correct prediction over a test set,
but does not quantify the reliability of individual predictions.

Although modern classifiers expose native confidence esti-
mates, these are often biased. Confidence calibration aligns
reported confidence with empirical correctness, transform-
ing raw scores into interpretable uncertainty estimates. Cal-
ibration methods are commonly divided into post-hoc ap-
proaches, which fit a transformation on top of a trained
model [Kull et al., 2019; Guo et al., 2017; Gupta and Ram-
das, 2021], and ad-hoc approaches, which modify the train-
ing algorithm to produce calibrated confidence estimations
by construction [Thulasidasan et al., 2019; Hendrycks et al.,
2019]. Post-hoc methods are attractive when pretrained mod-
els are reused, but they can only correct systematic bias rather
than introduce new information. In contrast, ad-hoc methods
can encode richer uncertainty signals but require retraining or
confidence-aware fine-tuning, which is often impractical.

These limitations motivate approaches that preserve the
base model while augmenting confidence estimation with an
additional signal. A natural candidate is geometry. Neural
networks implicitly project data into high-dimensional rep-
resentation spaces and separate classes within them. Low-
confidence predictions tend to arise near decision bound-
aries, where inputs are close to samples of different labels,
or for atypical inputs that are far from nearby training exam-
ples [Mandelbaum and Weinshall, 2017; Jiang et al., 2018;
Papernot and McDaniel, 2018; Lee et al., 2018; Tomani et al.,
2023; Xiong et al., 2023; Yüksekgönül et al., 2023]. Since
we focus on high-accuracy models, which necessarily induce
meaningful class separation, geometric structure provides a
promising signal for confidence estimation.

Existing representation-space geometric methods depend
critically on layer selection: practitioners must identify which
intermediate layers yield representations with sufficient class
separation. For example, DAC [Tomani et al., 2023] and
TULIP [Benkert et al., 2024] require architecture-specific
configurations, with DAC using prescribed layer sets and
TULIP using manually determined placement rules that lack
guidance beyond ResNets. Optimal selection of layers varies
across architectures, datasets, and even training runs.

In this work, we ask whether such careful layer selection is
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truly necessary. Specifically, we ask: Is careful layer selec-
tion actually required for effective geometric calibration?

1.1 Contributions
1. We introduce Random Geometric Calibration

(RGC)[code], a post-hoc geometric calibration frame-
work that consistently outperforms prior work, reducing
calibration error by approximately 78% on average
relative to uncalibrated predictions. Instead of per-
forming layer selection, we instantiate RGC with
layer-based randomized sampling (RGCL) and with
coordinate-based randomized sampling (RGCC).

2. We show that RGCL and RGCC eliminate the need for
explicit layer selection by replacing it with randomized
sampling, achieving calibration performance compara-
ble to carefully tuned layer-selection strategies.

3. In RGCL, representations from the sampled layers are
efficiently aggregated using spatial pyramid pooling. We
further introduce RGCC, a more computationally ef-
ficient variant that attains performance comparable to
RGCL. The efficiency of RGCC stems from the fact
that it requires no feature compression and instead di-
rectly samples a fixed number of coordinates in the fea-
ture space. We provide an equivalence analysis show-
ing that RGCL and RGCC achieve statistically indistin-
guishable performance at the 95% confidence level in 9
out of 13 model–dataset combinations.

4. Our evaluation demonstrates an average calibration er-
ror reduction of approximately 12% compared to sev-
eral recent geometric calibrators, and up to 19% on indi-
vidual configurations. We additionally analyze the com-
putational overheads and show that RGCC is consider-
ably faster than RGCL, while both methods require a
longer one-time preprocessing step than prior work. De-
spite this overhead, both methods achieve several hun-
dred confidence estimates per second at inference time.

2 Background and Related Work
This section defines confidence calibration and situates RGC
within prior work on post-hoc and geometric calibration.

2.1 Confidence Calibration
Consider a classifier f : X → ∆C−1 that outputs a probabil-
ity vector over C classes. Let ŷ denote the predicted class
and let p̂ be the associated confidence (e.g., the maximum
predicted probability). The model is said to be perfectly cali-
brated if

P(ŷ = y | p̂ = p) = p, ∀p ∈ [0, 1].

In practice, calibration is assessed using binning-based esti-
mates such as the Expected Calibration Error (ECE). We par-
tition predictions into M bins {Bm}Mm=1 according to p̂. The
ECE is defined as

ECE =
M∑

m=1

|Bm|
N

∣∣acc(Bm)− conf(Bm)
∣∣, (1)

where N is the total number of samples, acc(Bm) denotes
the empirical accuracy in bin Bm, and conf(Bm) denotes the
average predicted confidence in that bin.

2.2 Post Hoc Calibration
Logit-based methods. Temperature Scaling (TS) [Guo et
al., 2017] fits a single scalar T on a validation set and rescales
logits as z/T before applying softmax. TS can substantially
reduce ECE on in-distribution data, but as a monotone trans-
formation it cannot correct failures in the underlying rank-
ing of confidence (e.g., confident mistakes that remain con-
fident). More expressive alternatives such as isotonic re-
gression [Zadrozny and Elkan, 2002] or Dirichlet calibra-
tion [Kull et al., 2019] fit richer mappings, but still rely exclu-
sively on the model’s logits or predicted probabilities. When
these signals degrade under shift, purely logit-based calibra-
tion has no independent information to exploit.
Ensemble and Bayesian methods. Deep ensembles [Lak-
shminarayanan et al., 2017] and MC Dropout [Gal and
Ghahramani, 2016] can produce strong uncertainty estimates
by aggregating multiple predictors or stochastic forward
passes. However, these approaches typically require multi-
ple models, architectural modifications, or increased infer-
ence cost. Our focus is on single-model, post-hoc methods.
RGC is complementary to ensemble-based approaches and
can be applied on top of ensemble predictions.

2.3 Geometric and Representation-Space Methods
Geometric confidence signals. Geometric approaches de-
rive confidence from distances to training data or local neigh-
borhoods [Mandelbaum and Weinshall, 2017; Jiang et al.,
2018; Papernot and McDaniel, 2018]. A representative ex-
ample is the separation score used in pixel-space meth-
ods [Chouraqui et al., 2022], which compares the distance
from a test input to its nearest same-class neighbor versus its
nearest different-class neighbor:

s(x) =
D(x, nnon(x))−D(x, nfriend(x))

2
. (2)

While effective in settings where pixel geometry aligns with
semantic class structure, such measures are less robust for
normalized inputs or modalities where pixel-level distances
are poorly aligned with class identity.
Latent-space methods and layer selection. To bridge this
semantic gap, recent methods compute geometric or density
signals in internal representation spaces [Lee et al., 2018;
Tomani et al., 2023; Benkert et al., 2024], typically requir-
ing architecture-specific layer configurations (Section 1). Our
RGC instead replaces layer selection with uniform sampling,
reducing tuning and mitigating overfitting risks.

3 Randomized Geometric Calibration
This section introduces Randomized Geometric Calibration
(RGC), a post-hoc framework that augments confidence es-
timation with a geometric signal computed in an aggre-
gated representation space. The central departure from prior
representation-space methods is that RGC removes layer
selection as a tuned component. Instead of prescribing
architecture-specific taps (e.g., DAC, TULIP) [Tomani et al.,
2023; Benkert et al., 2024], RGC samples intermediate in-
dices uniformly at random and uses the resulting representa-
tion to derive a separation-based confidence score.
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Algorithm 1 Randomized Geometric Calibration (RGC)

Input: Classifier f , training set Dtr, validation set Dval,
number of layers L, dimension d (RGCL) or K (RGCC)

Output: Calibrator parameters (L, feat-params,Sval, g)

Offline (fit)
1: Sample random indices
2: for x ∈ Dtr ∪ Dval do
3: Compute normalized embedding z(x)
4: end for
5: Build an NN index over {z(xi) : (xi, yi) ∈ Dtr}.
6: for (xi, yi) ∈ Dval do
7: Compute separation score s(xi)
8: end for
9: Store sorted scores Sval and compute ranks s̃(xi) using

Eq. 12
10: Fit isotonic regression g on (s̃(xi),1[ŷ(xi) = yi]).

Online (predict)
11: Compute normalized embedding z(x)
12: Compute s(x) via NN queries
13: Normalize s̃(x) using ranks in Sval

14: return calibrated confidence p̂(x) = g(s̃(x)).

Algorithm 1 summarizes RGC. Concretely, RGC consists
of four steps:
1. Random Index Sampling (RIS): sample a fixed-size sub-

set of representation components uniformly at random
(e.g., intermediate layers or individual coordinates).

2. Feature Construction: map the sampled components to
a compact normalized embedding z(x).

3. Geometric Scoring: compute a separation score s(x)
from nearest-neighbor distances to training representa-
tions.

4. Calibration Mapping: map scores to calibrated probabil-
ities via isotonic regression.

Unless stated otherwise, we use fixed hyperparameters L = 6
and d = K = 256 across all architectures and datasets.

The RGC framework defines a single randomized geomet-
ric calibration pipeline for which we study two instantiations
of the sampling step. RGCL samples intermediate layers and
aggregates them using multi-scale pooling and random pro-
jection, while RGCC samples activation coordinates to ob-
tain a compact embedding with lower computational over-
head. Both variants share the same geometric scoring and
calibration mapping.

3.1 Random Index Sampling
Let f be a neural network with extractable intermediate rep-
resentations indexed by Lall = {1, . . . , Ltotal}, obtained via
the following architecture-agnostic discovery-and-filtering
procedure. We enumerate every torch.nn.Module
via model.named modules() and retain feature-bearing
modules - convolutional, normalization, linear, and pooling
layers, and named composite blocks (e.g., ResNet bottle-
neck blocks, DenseNet dense blocks, transformer encoder
blocks) - while excluding non-feature operations (activations,

dropout, identity, flatten). Throughout, we use the term layer
to denote one such extractable representation point.

The RGC framework fixes a random index set once and
reuses it for both calibration and inference. We consider two
instantiations: RGCL samples layer indices, and RGCC sam-
ples coordinate indices.
Layer index sampling in RGCL. RGCL samples a subset
L ⊂ Lall of size |L| = L uniformly at random:

L ∼ Uniform
({

S ⊆ Lall : |S| = L
})

. (3)

The sampled set L is used to extract activations {ϕℓ(x)}ℓ∈L.
By avoiding performance-based index selection, this proce-
dure reduces validation-set adaptivity beyond the final cali-
bration map and removes architecture-specific heuristics for
selecting layers or blocks.
Coordinate index sampling in RGCC. Unlike RGCL,
RGCC does not sample a subset of layers. Instead, it de-
fines a global coordinate space over all extractable layer out-
puts {ϕℓ(x)}ℓ∈Lall

and samples coordinates directly from this
space.

For each layer ℓ ∈ Lall, let ϕℓ(x) ∈ RCℓ×Hℓ×Wℓ be its ac-
tivation tensor and uℓ(x) = vec(ϕℓ(x)) ∈ RDℓ its vectoriza-
tion, where Dℓ = CℓHℓWℓ. We define the global activation
vector by concatenation:

ϕ(x) =
[
uℓ(x)

]
ℓ∈Lall

∈ RD, D =
∑

ℓ∈Lall

Dℓ. (4)

Let [D] = {1, . . . , D}. We then sample K coordinates uni-
formly without replacement:

I ∼ Uniform

((
[D]

K

))
. (5)

In practice, we precompute the mapping from each global
index i ∈ [D] to a tuple (ℓ, c, h, w) and group sampled in-
dices by layer to form an efficient per-layer sampling plan.
This is an implementation detail; conceptually, sampling is
performed over the global coordinate space without any layer
selection.

3.2 Feature Construction
Given a fixed random index set from Section 3.1, RGC maps
each input x to a compact embedding z(x) on which distances
are computed. Our two instantiations differ in how z(x) is
constructed: RGCL aggregates information from sampled
blocks using pooling and random projection, while RGCC

forms a sparse embedding by sampling activation coordi-
nates. For clarity, we write zL(x) for RGCL and zC(x) for
RGCC, and use z(x) when the choice is immaterial.

RGCL: Layer-Based Construction
RGCL constructs an embedding that aggregates multi-scale
spatial information from each sampled layer. For ℓ ∈ L, let
ϕℓ(x) ∈ RCℓ×Hℓ×Wℓ denote the activation tensor.

To obtain fixed-length vectors across heterogeneous spatial
resolutions, we apply Spatial Pyramid Pooling (SPP) [He et
al., 2015] with pyramid levels 4×4, 2×2, and 1×1. SPP max-
pools in each cell and concatenates pooled values, producing

vℓ(x) = SPP(ϕℓ(x)) ∈ Rdℓ , dℓ = 21 · Cℓ. (6)
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This preserves coarse-to-fine spatial structure while yielding
a consistent representation length per layer.

Directly concatenating {vℓ(x)}ℓ∈L can be prohibitively
high dimensional. We therefore compress each pooled vector
and aggregate without materializing the concatenation. For
each ℓ ∈ L, we sample a projection matrix Pℓ ∈ Rd×dℓ with
i.i.d. entries from N (0, 1/d) and define

zL,raw(x) =
∑
ℓ∈L

Pℓ vℓ(x). (7)

This project–then–sum construction is equivalent to project-
ing the full concatenation with a block-diagonal random ma-
trix, but is more memory efficient.

Because dℓ scales with Cℓ, deeper layers (which typically
have larger channel counts) contribute more coordinates to
the pooled representation and therefore more signal to the ag-
gregate. Random projection approximately preserves relative
geometry, inducing a natural bias toward semantically richer
late-stage representations without explicit layer weighting.

Finally, we L2 normalize the aggregated vector:

zL(x) =
zrawL (x)

∥zrawL (x)∥2
. (8)

Distances are therefore dominated by angular similarity
rather than scale. We use d = 256 in all experiments.

RGCC: Coordinate-Based Construction
RGCC replaces pooling and dense projection with coordinate
sampling, yielding a lightweight embedding with substan-
tially lower feature extraction overhead. Uniform sampling
over coordinates implicitly weights blocks in proportion to
their activation volume CℓHℓWℓ, which can place more em-
phasis on earlier high-resolution layers. The resulting lower-
complexity feature space can also act as implicit regulariza-
tion when calibration data are limited, a trade-off we observe
empirically in Section 5.

3.3 Geometric Separation Score
Given a normalized embedding z(x), RGC computes a scalar
score that reflects local geometric separation relative to the
training set Dtr. Following Chouraqui et al. [Chouraqui et
al., 2022], we compare the distance from a query point to its
nearest same-class training representation versus its nearest
different-class training representation, where class member-
ship is defined with respect to the model’s predicted class.

Let ŷ(x) be the predicted class for x. Define

Zfriend(x) = {z(xi) : (xi, yi) ∈ Dtr, yi = ŷ(x)}, (9)
Znon(x) = {z(xi) : (xi, yi) ∈ Dtr, yi ̸= ŷ(x)}. (10)

Let dfriend(x) = minz′∈Zfriend(x) ∥z(x)−z′∥2 and dnon(x) =
minz′∈Znon(x) ∥z(x)− z′∥2. The separation score is

s(x) =
dnon(x)− dfriend(x)

2
. (11)

Positive values indicate that the nearest neighbor from the
predicted class is closer than the nearest neighbor from other
classes, corresponding to high geometric confidence. Nega-
tive values indicate proximity to competing classes and often
correlate with ambiguity or error.

3.4 Calibration Mapping
Separation scores are not probabilities and can vary in scale
across architectures and feature constructions. We convert
scores into calibrated probabilities using rank-based normal-
ization followed by isotonic regression.

The normalization maps scores to a uniform [0, 1] scale.
We adopt rank-based normalization (empirical cumulative
distribution function) rather than linear scaling. Linear meth-
ods such as percentile clipping can be sensitive to changes
in the score distribution, since samples outside the calibra-
tion range may be mapped to boundary values, reducing the
resolution of the geometric signal. Rank-based normalization
mitigates this saturation by mapping scores to their relative
rank, preserving ordinal information across the full range.

Let Sval = {s(xi) : (xi, yi) ∈ Dval} be the set of sep-
aration scores computed on the validation set, and let N =
|Dval|. Define

s̃(x) =
1

N

∑
s′∈Sval

1[s′ ≤ s(x)]. (12)

We then fit a one-dimensional isotonic regressor g :
[0, 1] → [0, 1] on Dval, minimizing squared error be-
tween g(s̃(xi)) and the correctness indicator 1[ŷ(xi) =
yi] [Zadrozny and Elkan, 2002]. The final calibrated confi-
dence is

p̂(x) = g(s̃(x)). (13)

4 Experimental Setup
Datasets. We evaluate on three standard datasets: CIFAR-
10 [Krizhevsky, 2009] (60K images, 10 classes), CIFAR-
100 [Krizhevsky, 2009] (60K images, 100 classes), and Tiny-
ImageNet [Le and Yang, 2015] (200 classes, 500 images per
class at 64×64 resolution). For all datasets, we reserve 10%
of the training data for calibration fitting, the remaining 90%
serves as the training set for geometric methods.
Architectures and Training. We used the following
well-known neural networks for evaluation: ResNet-
18/50/101/152 [He et al., 2016], DenseNet-121 [Huang et
al., 2017], and DINOv2-Large [Oquab et al., 2024]. ResNet
and DenseNet are trained from scratch with stochastic gradi-
ent descent (SGD). For ResNet models we follow the orig-
inal training protocol [He et al., 2016], reducing learning
rate when validation accuracy plateaus. For DenseNet we
use a warmup-to-cosine schedule [Loshchilov and Hutter,
2017]. Following the standard evaluation protocol for self-
supervised models [Oquab et al., 2024], we use linear probing
with inputs resized to 224×224, training only the classifica-
tion head while keeping the backbone frozen. Our primary
evaluation uses cross-entropy loss.
Implementation and Evaluation. We evaluated sensi-
tivity to the main RGCL hyperparameters: the number
of layers L and the embedding dimension d. Across
30 configurations spanning L ∈ {2, 4, 6, 8, 10, 12} and
d ∈ {64, 128, 256, 512, 1024}, mean ECE remains within
[1.10, 1.22]%, and per-configuration standard deviations fall
within [0.71, 0.97]. The chosen configuration (L = 6, d =
256) achieves a mean ECE of 1.14 ± 0.74%, which reflects
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Dataset Model (Acc) Uncal TS Platt Isotonic Beta DAC Fast Separation TULIP D.Ens RGCL RGCC

CIFAR10 densenet121 (94.83±0.59) 3.59±0.10 1.51±0.07 2.08±0.32 0.67±0.04 1.25±0.04 1.30±0.08 0.64±0.08 — 1.47±0.07 0.59±0.07 0.39±0.06
CIFAR10 resnet101 (94.44±0.15) 4.34±0.20 1.34±0.12 2.21±0.18 0.82±0.07 1.33±0.07 1.10±0.09 0.77±0.06 2.50±1.12 2.22±0.19 0.69±0.07 0.65±0.07
CIFAR10 resnet152 (94.37±0.15) 4.38±0.10 1.46±0.06 2.21±0.09 0.77±0.06 1.38±0.05 1.06±0.06 0.82±0.07 2.60±0.50 1.82±0.10 0.72±0.06 0.75±0.08
CIFAR10 resnet18 (93.84±0.67) 3.86±0.15 1.60±0.10 2.74±0.40 0.92±0.06 1.45±0.09 1.19±0.09 0.94±0.08 — 3.05±0.63 0.81±0.10 0.83±0.10
CIFAR10 resnet50 (94.15±0.49) 3.99±0.13 1.42±0.07 2.53±0.40 0.80±0.05 1.40±0.06 0.92±0.05 0.89±0.05 3.00±0.24 1.44±0.16 0.67±0.05 0.79±0.07

CIFAR100 densenet121 (78.91±0.24) 13.65±0.44 3.75±0.16 8.72±0.25 1.99±0.21 5.67±0.14 3.52±0.13 1.27±0.16 — 4.42±0.33 1.36±0.18 1.12±0.17
CIFAR100 dinov2(L) (84.57±1.21) 33.04±5.16 2.43±0.50 13.30±1.04 1.31±0.17 5.00±0.76 — 1.12±0.72 — — 0.91±0.43 1.15±0.61
CIFAR100 resnet101 (76.83±0.33) 11.48±0.87 4.41±0.12 7.87±0.17 2.06±0.12 5.78±0.18 3.77±0.10 1.58±0.16 6.71±0.10 4.24±0.46 1.49±0.15 1.50±0.11
CIFAR100 resnet152 (76.64±0.38) 10.76±1.11 4.45±0.23 7.91±0.29 2.01±0.14 5.67±0.18 3.74±0.21 1.65±0.17 6.62±0.32 5.63±1.41 1.46±0.17 1.66±0.16
CIFAR100 resnet18 (75.94±0.31) 5.51±0.43 3.10±0.18 6.90±0.15 1.39±0.11 4.56±0.19 3.40±0.18 1.54±0.22 — 6.27±1.64 1.59±0.12 1.57±0.30
CIFAR100 resnet50 (77.25±0.38) 12.18±0.49 4.11±0.13 8.15±0.13 1.88±0.14 5.94±0.11 3.89±0.14 1.60±0.13 6.58±0.02 4.46±0.45 1.40±0.11 1.38±0.18

TINY resnet101 (59.35±0.40) 2.91±1.00 2.29±0.53 23.74±0.48 1.61±0.23 2.06±0.48 1.84±0.34 1.48±0.64 — 5.61±1.64 1.30±0.16 1.11±0.43
TINY resnet152 (57.90±2.09) 2.25±0.41 2.01±0.33 24.30±0.40 1.52±0.21 1.58±0.19 1.82±0.29 1.60±0.22 — 14.12±2.36 1.24±0.23 0.84±0.23
TINY resnet50 (57.46±0.37) 3.29±0.86 2.42±0.35 23.68±0.49 1.60±0.50 2.22±0.33 2.07±0.22 1.51±0.49 — 5.36±1.71 1.32±0.53 0.90±0.26

Table 1: ECE (%) comparison across datasets and models. Values are shown as mean ± 95% CI. Bold entries highlight the top-three results
in each row: best in blue, second-best in teal, and third-best in olive.
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Figure 1: RGC hyperparameter sensitivity: mean ECE (%) across L
and d, averaged over all dataset/model configurations. The red box
marks the chosen configuration L = 6, d = 256. The narrow value
range demonstrates ranking stability across the grid.

an arbitrary selection of hyperparameters to avoid overfitting
to the evaluation data. Figure 1 summarizes the results of the
mean ECE for the entire grid. Notice that the relative rank-
ing against the baselines remains stable across the tested grid,
and that the selected configuration is not optimized. All ex-
periments were conducted on a single NVIDIA RTX 3090
GPU with 24GB VRAM and 32GB system RAM using Py-
Torch. We report ECE with M=15 bins, as used in [Guo et
al., 2017], averaged over multiple seeds with 95% confidence
intervals, as standard.

5 Results
This section demonstrates that: (1) RGCL achieves strong
top-label calibration across architectures and datasets (Sec-
tion 5.1), (2) random layer sampling matches or exceeds op-
timized selection (Section 5.2), and (3) RGCC provides an
efficient alternative with competitive results (Section 5.3).

5.1 RGCL Achieves Strong Top-Label Calibration
To evaluate the calibration performance of RGCL, we com-
pare it against two families of single-model post-hoc calibra-
tors. Logit-based methods: Temperature Scaling (TS) [Guo
et al., 2017], Top Label Isotonic Regression [Zadrozny and
Elkan, 2002; Gupta and Ramdas, 2022], Platt Scaling [Platt,
2000], and Beta Calibration [Kull et al., 2017]. Feature-
based methods: Fast Separation [Chouraqui et al., 2022] (ge-
ometric separation in pixel space), DAC [Tomani et al., 2023]
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Figure 2: Mean L2 norm of pooled feature vectors across depth on
CIFAR-100, shown on a log scale.

(density-aware calibration with architecture-specific layers),
and TULIP [Benkert et al., 2024] (layered intermediate pre-
dictions)1. We additionally report Deep Ensembles [Laksh-
minarayanan et al., 2017] as a high-cost uncertainty refer-
ence.

Table 1 shows the ECE of these algorithms on the evaluated
models and datasets. As can be observed, RGCL consistently
achieves the lowest or near-lowest ECE across the consid-
ered datasets and architectures. Specifically, RGCL achieves
an average rank of ∼1.71 across all configurations (∼1.21
when RGCC is excluded), ranking first or second in 12 of
14 settings. Relative to uncalibrated predictions, RGCL re-
duces ECE by 78% on average, and by up to 97% on CIFAR-
100 DINOv2. Against the best non-RGC baseline, RGCL

achieves an average improvement of 12% and up to 19%.

Beyond ECE. Since RGC calibrates top-label confi-
dence [Gupta and Ramdas, 2022], ECE is our primary metric.
However, we also evaluate Adaptive ECE [Nixon et al., 2019]
and top-label MCE to assess whether the conclusions remain
stable across related binning-based calibration metrics. On
Adaptive ECE, both RGCL and RGCC achieve an average
rank of approximately 1.57 against non-RGC baselines, with
top-three placement in 13 and 12 out of 14 evaluated configu-
rations, respectively. On MCE, RGCC slightly improves over
RGCL in average rank (2.79 vs. 3.00), and both methods rank
in the top-three in 9 of 14 configurations. We conclude that
the selected metric is representative, and we obtain similar
results with other metrics.

1The experimental results for TULIP are taken directly
from [Benkert et al., 2024].
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vs GC(DAC) vs RGCC

Dataset Model RGCL GC(DAC) Diff (pp) TOST p Result RGCC Diff (pp) TOST p Result

CIFAR10 densenet121 0.59±0.26 0.58±0.19 -0.01 <0.001 Eq. 0.39±0.24 -0.20 <0.001 Eq.
CIFAR10 resnet101 0.69±0.25 0.67±0.22 -0.02 <0.001 Eq. 0.65±0.24 -0.04 <0.001 Eq.
CIFAR10 resnet152 0.72±0.30 0.66±0.30 -0.06 <0.001 Eq. 0.75±0.39 +0.03 <0.001 Eq.
CIFAR10 resnet18 0.81±0.32 0.81±0.40 -0.00 <0.001 Eq. 0.83±0.33 +0.02 <0.001 Eq.
CIFAR10 resnet50 0.69±0.23 0.67±0.24 -0.04 <0.001 Eq. 0.79±0.28 +0.10 <0.001 Eq.
CIFAR100 densenet121 1.36±0.45 1.29±0.27 -0.06 0.007 Eq. 1.12±0.41 -0.23 0.056 -
CIFAR100 resnet101 1.49±0.59 1.45±0.50 -0.04 <0.001 Eq. 1.50±0.45 +0.02 <0.001 Eq.
CIFAR100 resnet152 1.46±0.52 1.33±0.37 -0.12 0.017 Eq. 1.66±0.46 +0.20 0.014 Eq.
CIFAR100 resnet18 1.59±0.31 1.35±0.26 -0.24 0.021 Eq. 1.57±0.75 -0.02 0.011 Eq.
CIFAR100 resnet50 1.40±0.36 1.30±0.41 -0.10 0.002 Eq. 1.38±0.57 -0.04 0.009 Eq.
TINY resnet101 1.37±0.10 1.39±0.45 +0.02 0.086 - 1.19±0.41 -0.18 0.129 -
TINY resnet152 1.02±0.30 1.37±0.29 +0.35 0.232 - 0.61±0.44 -0.42 0.388 -
TINY resnet50 1.16±0.15 1.22±0.52 +0.06 0.102 - 0.61±0.29 -0.54 0.583 -

Table 2: TOST equivalence tests for calibration (ECE %; lower is better). We report mean±std over paired trials and test equivalence using
paired TOST with margin δ = 0.5 pp. TOST p < 0.05 indicates the mean difference falls significantly within [−δ,+δ].
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Figure 3: ECE normalized relative to RGCL; values below zero
indicate better performance than RGCL, while values above zero
indicate worse performance. The green square denotes the TOST
equivalence region at the 95% confidence level. Methods whose
confidence intervals lie entirely within the square are statistically
equivalent to RGCL, while others are inconclusive.

5.2 Sampling Matches Optimal Layer Selection
We compare RGCL and RGCC with geometric calibrators
that rely on optimized layer selection, namely DAC and
TULIP, denoted GC(DAC) and GC(TULIP). Figure 3 reports
ECE normalized relative to RGCL. The differences cluster
near zero and mostly fall within the δ = 0.5 percentage-
point equivalence band suggesting that RGCL and RGCC

achieve equivalent calibration performance to carefully se-
lecting layer configurations.

Table 2 reports the corresponding numerical results. To
formally assess equivalence, we perform two one-sided tests
(TOST) [Schuirmann, 1987] with margin δ=0.5 percentage
points. The test establishes equivalence in 10 of 13 model–
dataset configurations, and in no configuration is RGCL

found to be significantly worse than DAC- or TULIP-based
layer selection. Taken together, these results show that our
randomized sampling strategy can replace carefully tuned
layer selection without a statistically significant degradation
in calibration performance.

5.3 RGCC Provides Comparable Calibration at
Lower Preprocessing Cost

This section compares RGCL and RGCC using TOST equiv-
alence testing, with results reported in Table 2. Of the 13
dataset and model combinations, 9 establish formal equiva-
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Figure 4: Preprocessing time required before deploying the geomet-
ric calibrator, compared with prior methods. This preprocessing step
is performed only once during calibration setup.

lence at margin δ = 0.5 percentage points. The point es-
timates mildly favor RGCL on CIFAR-10 and CIFAR-100
on average, whereas RGCC achieves lower ECE on average
on Tiny-ImageNet. The remaining configurations do not es-
tablish equivalence, primarily due to higher variance or fewer
paired trials. Overall, the differences are small, and combined
with RGCC’s lower preprocessing cost (Section 5.5), this
makes RGCC an attractive option for resource-constrained
deployment.

5.4 Why RGCL Works
At first glance, the strong performance of RGCL and RGCC

may seem surprising. Unlike prior work, our method does not
rely on explicit per-layer weighting, even though uniformly
weighting layers is generally suboptimal when many layers
are uninformative. We show that layers exhibiting strong ge-
ometric separation also tend to have disproportionately large
L2 norms. As a result, once such a layer is sampled, it natu-
rally dominates the aggregation.

Figure 2 plots the average L2 norm of pooled feature
vectors, ∥vℓ(x)∥2, across layers for three architectures on
CIFAR-100. We observe a consistent increase in norm mag-
nitude from early to late layers: 5.5× for ResNet-152, 22.3×
for DINOv2-Large (despite a constant embedding dimen-
sion), and 34.6× for DenseNet-121 (likely driven by dense
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Figure 5: Throughput, measured in confidence estimates per second.

feature concatenation). In DINOv2-Large, the embedding
dimension is fixed, and we still see larger norms in impor-
tant layers. When projected vectors are summed, layers with
larger norms therefore contribute disproportionately to the
induced Euclidean geometry, effectively emphasizing later
blocks without requiring explicit layer weighting. We empha-
size that this is an empirical explanation rather than a worst-
case guarantee: in architectures where late-layer norms do
not dominate, the implicit weighting effect may be weaker or
distributed more uniformly across layers.

This implicit emphasis on a small number of informative
layers motivates the second design choice of our method.
Once the layers are selected, we compress them into a com-
pact representation with drastically fewer coordinates. The
effectiveness of this compression is consistent with growing
evidence that learned representations exhibit substantial dis-
tributed redundancy. For example, Nanda et al. [Nanda et
al., 2023] demonstrate that randomly selected neuron subsets
preserve much of a layer’s representational power.

5.5 Computational Efficiency
In this section, we evaluate the computational overhead of our
proposed methods. We consider two benchmarks: the offline
preprocessing time and the online inference throughput.

First, we evaluate the offline preprocessing time required
by our methods. These results are shown in Figure 4. As
expected, RGCL requires more preprocessing time than the
alternative methods. RGCC substantially reduces this cost;
however, the preprocessing time remains higher than that of
prior work. This overhead constitutes a limitation of our ap-
proach, but it is incurred only once during calibration setup
and does not affect inference-time performance.

Second, we evaluate the number of confidence estimates
produced per second on each dataset. Figure 5 reports these
results. We observe that DAC is considerably faster than both
RGCL and RGCC. The two variants attain nearly identical
inference speeds, as they execute the same geometric scoring
procedure on slightly different feature representations. Fast
Separation [Chouraqui et al., 2022] is slower still, and its
throughput depends directly on the input dimensionality. In
contrast, our methods project inputs into a fixed-dimensional
random subspace, yielding a constant computational cost in-
dependent of the original input size.

The main takeaway from these experiments is the trade-
off inherent in our approach and in geometric calibration
methods more broadly. Unlike purely logit-based calibrators,
RGCL and RGCC require an offline preprocessing stage for
feature extraction and nearest-neighbor index construction,
which can be costly when the calibration set or data distri-
bution changes frequently. However, once this index is built,
both variants support several hundred confidence estimates
per second, making them compatible with real-time vision
workloads such as video-rate inference. Thus, RGC is best
suited to settings with relatively stable calibration data, where
improved top-label calibration justifies additional offline pre-
processing and moderate online overhead.

6 Discussion
Our work contributes to the ongoing line of research on geo-
metric confidence calibration. We demonstrate that explicit
layer selection and weighting can be avoided by adopting
layer-based or coordinate-based sampling schemes, and that
the dimensionality of the geometric feature space can be dras-
tically reduced without sacrificing performance. These find-
ings reinforce observations by Nanda et al. [Nanda et al.,
2023] regarding the high degree of redundancy present in
late-stage feature representations.

Building on these insights, we introduce a geometric confi-
dence calibration method. The method assesses how close an
input representation lies to the boundary of the class-induced
geometry.

We further show that our approach outperforms several re-
cently proposed geometric confidence calibrators, including
DAC [Tomani et al., 2023], TULIP [Benkert et al., 2024], and
Separation [Chouraqui et al., 2022], establishing a strong em-
pirical contribution to the literature on confidence estimation.
Through extensive evaluation, we analyze both the strengths
and limitations of our method, provide insight into its effec-
tiveness, and position its computational overhead within the
broader literature, exposing the trade-offs involved.

Our evaluation is limited to in-distribution image-
classification benchmarks.

Evaluating RGC under corruptions, domain shift, and non-
vision modalities is an important direction for future work.

Looking forward, our results suggest that future geometric
calibrators may benefit from placing less emphasis on explicit
layer selection and weighting. Such design choices can intro-
duce additional adaptivity to specific architectures or datasets,
potentially limiting transfer across models. In contrast, ran-
domized sampling strategies, such as the two variants pro-
posed in this work, offer a simple and architecture-agnostic
route for constructing informative geometric feature spaces.

An additional promising direction is the approximation of
reduced semantic feature spaces induced by successful geo-
metric calibrators using smaller neural networks. We hypoth-
esize that such networks could produce embeddings better
suited for semantic caching, potentially leading to improved
efficiency and performance.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



References
[Benkert et al., 2024] Ryan Benkert, Mohit Prabhushankar,

and Ghassan AlRegib. Transitional uncertainty with lay-
ered intermediate predictions. In Ruslan Salakhutdinov,
Zico Kolter, Katherine A. Heller, Adrian Weller, Nuria
Oliver, Jonathan Scarlett, and Felix Berkenkamp, editors,
Forty-first International Conference on Machine Learning,
ICML 2024, Vienna, Austria, July 21-27, 2024, Proceed-
ings of Machine Learning Research, pages 3484–3505.
PMLR / OpenReview.net, 2024.

[Caruana and Niculescu-Mizil, 2006] Rich Caruana and
Alexandru Niculescu-Mizil. An empirical comparison of
supervised learning algorithms. In William W. Cohen and
Andrew W. Moore, editors, Machine Learning, Proceed-
ings of the Twenty-Third International Conference (ICML
2006), Pittsburgh, Pennsylvania, USA, June 25-29, 2006,
ACM International Conference Proceeding Series, pages
161–168. ACM, 2006.

[Chouraqui et al., 2022] Gabriella Chouraqui, Liron Cohen,
Gil Einziger, and Liel Leman. A geometric method for
improved uncertainty estimation in real-time. In James
Cussens and Kun Zhang, editors, Uncertainty in Artificial
Intelligence, Proceedings of the Thirty-Eighth Conference
on Uncertainty in Artificial Intelligence, UAI 2022, 1-5
August 2022, Eindhoven, The Netherlands, Proceedings
of Machine Learning Research, pages 422–432. PMLR,
2022.

[Gal and Ghahramani, 2016] Yarin Gal and Zoubin Ghahra-
mani. Dropout as a Bayesian approximation: Repre-
senting model uncertainty in deep learning. In Maria-
Florina Balcan and Kilian Q. Weinberger, editors, Pro-
ceedings of the 33rd International Conference on Machine
Learning, ICML 2016, New York City, NY, USA, June 19-
24, 2016, JMLR Workshop and Conference Proceedings,
pages 1050–1059. JMLR.org, 2016.

[Guo et al., 2017] Chuan Guo, Geoff Pleiss, Yu Sun, and
Kilian Q. Weinberger. On calibration of modern neural
networks. In Doina Precup and Yee Whye Teh, editors,
Proceedings of the 34th International Conference on Ma-
chine Learning, ICML 2017, Sydney, NSW, Australia, 6-11
August 2017, Proceedings of Machine Learning Research,
pages 1321–1330. PMLR, 2017.

[Gupta and Ramdas, 2021] Chirag Gupta and Aaditya Ram-
das. Distribution-free calibration guarantees for histogram
binning without sample splitting. In Marina Meila and
Tong Zhang, editors, Proceedings of the 38th International
Conference on Machine Learning, ICML 2021, 18-24 July
2021, Virtual Event, Proceedings of Machine Learning Re-
search, pages 3942–3952. PMLR, 2021.

[Gupta and Ramdas, 2022] Chirag Gupta and Aaditya Ram-
das. Top-label calibration and multiclass-to-binary reduc-
tions. In The Tenth International Conference on Learning
Representations, ICLR 2022, Virtual Event, April 25-29,
2022. OpenReview.net, 2022.

[He et al., 2015] Kaiming He, Xiangyu Zhang, Shaoqing
Ren, and Jian Sun. Spatial pyramid pooling in deep con-

volutional networks for visual recognition. IEEE Trans.
Pattern Anal. Mach. Intell., 37(9):1904–1916, 2015.

[He et al., 2016] Kaiming He, Xiangyu Zhang, Shaoqing
Ren, and Jian Sun. Deep residual learning for image recog-
nition. In 2016 IEEE Conference on Computer Vision and
Pattern Recognition, CVPR 2016, Las Vegas, NV, USA,
June 27-30, 2016, pages 770–778. IEEE Computer Soci-
ety, 2016.

[Hendrycks et al., 2019] Dan Hendrycks, Kimin Lee, and
Mantas Mazeika. Using pre-training can improve model
robustness and uncertainty. In Kamalika Chaudhuri and
Ruslan Salakhutdinov, editors, Proceedings of the 36th In-
ternational Conference on Machine Learning, ICML 2019,
9-15 June 2019, Long Beach, California, USA, Proceed-
ings of Machine Learning Research, pages 2712–2721.
PMLR, 2019.

[Huang et al., 2017] Gao Huang, Zhuang Liu, Laurens
van der Maaten, and Kilian Q. Weinberger. Densely con-
nected convolutional networks. In 2017 IEEE Conference
on Computer Vision and Pattern Recognition, CVPR 2017,
Honolulu, HI, USA, July 21-26, 2017, pages 2261–2269.
IEEE Computer Society, 2017.

[Jiang et al., 2018] Heinrich Jiang, Been Kim, Melody Y.
Guan, and Maya R. Gupta. To trust or not to trust a
classifier. In Samy Bengio, Hanna M. Wallach, Hugo
Larochelle, Kristen Grauman, Nicolò Cesa-Bianchi, and
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