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Abstract

Output uncertainty indicates whether the probabilistic prop-
erties reflect objective characteristics of the model output.
Unlike most loss functions and metrics in machine learning,
uncertainty pertains to individual samples, but validating it
on individual samples is unfeasible. When validated collec-
tively, it cannot fully represent individual sample properties,
posing a challenge in calibrating model confidence in a lim-
ited data set. Hence, it is crucial to consider confidence cal-
ibration characteristics. To counter the adverse effects of the
gradual amplification of the classifier output amplitude in su-
pervised learning, we introduce a post-processing paramet-
ric calibration method, p-Norm Scaling, which expands the
calibrator expression and mitigates overconfidence due to ex-
cessive amplitude while preserving accuracy. Moreover, bin-
level objective-based calibrator optimization often results in
the loss of significant instance-level information. Therefore,
we include probability distribution regularization, which in-
corporates specific priori information that the instance-level
uncertainty distribution after calibration should resemble the
distribution before calibration. Experimental results demon-
strate the substantial enhancement in the post-processing cal-
ibrator for uncertainty calibration with our proposed method.

Introduction

Model confidence calibration involves refining uncertainty
estimates of the model outputs, enabling more accurate
probability predictions that align closely with the objec-
tive characteristics of the output uncertainty. With the pro-
gressive expansion of model capacity, the modern mod-
els often demonstrate inadequately probability distributions.
Specifically, these probability outputs display unwarranted
over-confidence in comparison to the objective accuracy
(Guo et al. 2017). Furthermore, researchers have identi-
fied that achieving high accuracy in classifiers and calibrat-
ing the model confidence in baseline are distinct objectives
(Wenger, Kjellstrom, and Triebel 2020). This scenario em-
phasizes the pressing necessity to rectify the calibration of
model output uncertainties in deep learning.

As one of the effective calibration methods, post-
calibration methods have recently gained popularity, which
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operate independently of the model internal optimization,
reconstructing and optimizing the output-probability map-
ping (Zadrozny and Elkan 2001). In contrast to other calibra-
tion techniques, post-processing calibration methods do not
necessitate altering the original baseline, thereby preserving
the model generalization ability for classification (Rahimi
et al. 2020).

Among post-processing calibration methods, parametric
techniques like Platt Scaling (Platt et al. 1999), Temper-
ature Scaling (Tomani, Cremers, and Buettner 2022), and
Beta Calibration (Kull, Silva Filho, and Flach 2017) necessi-
tate parameter optimization using a validation set. The com-
monly used metric for assessing model confidence, known
as Expected Calibration Error (ECE), computing the ex-
pected difference between confidence and accuracy within
each bin (Naeini, Cooper, and Hauskrecht 2015). Confi-
dence estimation captures individual sample characteristics,
yet it cannot be validated on a per-sample basis. Mean-
while, validating bin-level uncertainty fails to capture the
nuances of individual samples. This challenge distinguishes
the assessment of model uncertainty and the design and opti-
mization of parametric output-probability mapping. Specif-
ically, the bin-level loss function, such as ECE, is more
prone to converge to zero during optimization compared to
an instance-level loss function like cross-entropy (Krishnan
and Tickoo 2020). This characteristic makes calibrator opti-
mization susceptible to overfitting, impeding generalization.
To ensure calibrators learn output-probability mappings ef-
fectively, it is essential to incorporate specific priori knowl-
edge to limit the optimization hypothesis space and to design
instructive mapping and multi-level optimization objectives.

Inspired by the aforementioned research and questions,
we meticulously considered the internal order-preserving
property (Rahimi et al. 2020) to conserve the inherent un-
certainty distribution. Additionally, we assessed the impact
of amplitude on the classifier output, supported by prior
evidence suggesting that excessive output amplitude might
lead to unwarranted calibration error. Building upon this in-
sight, we proposed parametric p-Norm Scaling calibration,
addressing the expressivity limitation in TS (Tomani, Cre-
mers, and Buettner 2022) and mitigating the negative effects
by the output amplitudes. Besides, concerning the parame-
ter optimization of the output-probability mapping, we pro-
posed a multi-level loss by introducing a probability distri-
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Figure 1: Overview of our proposed post-hoc calibrator structure and optimization objective after pipeline of classifier
optimization: (1) Addressing the issue of output magnitude amplification during supervised learning, we introduce a p-Norm
Scaling calibration within the post-calibration framework. (2) Uncertainty represents the entire dataset statistically, making its
optimization prone to losing sample-level information. To address this, we incorporate probabilistic similarity between pre-
calibration and post-calibration as a instance-level loss, combined with bin-level loss.

bution similarity regularization into Square Calibration Er-
ror. This regularization enhances the correlation between the
original probability distribution and the calibrated distribu-
tion, aiming to prevent significant deviations from the orig-
inal probability distribution and retain key properties of the
original distribution.

Our main contributions in this work can be summarized
as follows: (1) We propose a new family of parametric p-
Norm Scaling calibration model for post-hoc calibration and
the corresponding optimization strategy. (2) We provide a
new multi-level objective for post-hoc parameter optimiza-
tion by adding an instance-level regularization between orig-
inal probability distribution and calibrated probability distri-
bution into bin-level Square Calibration Error. (3) We per-
form extensive evaluations on multiple datasets and models,
and our proposed method achieves state-of-the-art calibra-
tion performance.

Related Work

Strategies aimed at calibrating model uncertainty can be
classified into the following approaches: Bayesian neural
networks, training-based calibration, and post-processing
calibration. The ability of neural network to quantify predic-
tion uncertainty is limited, prompting the consideration of
replacing a section of the model structure with a Bayesian
inference process (Milios et al. 2018; Wen, Tran, and Ba
2019). Bayesian neural networks offer several advantages,
including ease of implementation, parallelization feasibil-
ity, minimized hyperparameter adjustments, and the ability
to offer precise estimates of predictive uncertainty (Gal and
Ghahramani 2016; Calandra et al. 2016; Naeini, Cooper, and
Hauskrecht 2015; Wenger, Kjellstrom, and Triebel 2020;
Tran et al. 2019). Besides, training-based calibration meth-
ods have been explored to mitigate miscalibration risks in
supervised learning. These approaches may involve tech-
niques such as pre-training (Hendrycks, Lee, and Mazeika
2019), data augmentation (Thulasidasan et al. 2019), label
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smoothing (Menon et al. 2020), weight decay (Guo et al.
2017), and more. Furthermore, Tao investigated the limi-
tations of early stopping and devised solutions to overfit-
ting within specific network blocks concerning calibration
metrics (Tao et al. 2023). The connection between model
structure sparsity and model calibration was examined in
(Lei et al. 2022). Additionally, researchers have proposed
some innovative loss functions, such as MMCE (Kumar,
Sarawagi, and Jain 2018), Correctness Ranking Loss (Moon
et al. 2020), CALS (Liu et al. 2023), Focal loss (Lin et al.
2017; Tao, Dong, and Xu 2023; Mukhoti et al. 2020), and
FLSD (Ghosh, Schaaf, and Gormley 2022), which simul-
taneously consider classification accuracy and confidence
calibration. However, an excessive focus on model calibra-
tion during training might detrimentally affect overall model
accuracy improvement. Furthermore, the calibration during
training may compromise the efficacy of post-processing
calibration methods (Wang, Feng, and Zhang 2021).

Post-processing calibration refers to reconstructing the
output-probability mapping. One of its key advantages lies
in decoupling classifier accuracy from calibration, thereby
maintaining the original generalization without necessitat-
ing alterations to its training strategy. In the era preced-
ing the ascendancy of deep learning, non-parametric post-
processing calibration methods such as Histogram Bin-
ning (HB) (Zadrozny and Elkan 2001), Isotonic Regression
(IR) (Zadrozny and Elkan 2002) and Bayesian processes
(Gal and Ghahramani 2016) were prevalent. Unlike non-
parametric methods, which calibrate a model confidence dis-
tribution using nonlinear logic, parametric calibration meth-
ods focus on establishing a parametric structure by learn-
ing from finite samples. Some commonly utilized parametric
calibration structures include Platt Scaling (Platt et al. 1999),
Temperature Scaling (Yu et al. 2022; Tomani, Cremers,
and Buettner 2022), Beta Calibration (Kull, Silva Filho,
and Flach 2017). Typically, parameters are learned through
grid search or gradient-based optimization of Negative Log-



Likelihood (NLL) (Hastie et al. 2009). However, direct op-
timization of NLL often may compel the model output to-
wards one-hot distribution, deviating from the intended cali-
bration logic. To address this problem, Krishnan introduced
the AvUC loss function (Krishnan and Tickoo 2020). Sub-
sequently, Karandikar proposed soft calibration objective
for optimizing the calibrator parameters (Karandikar et al.
2021). Additionally, in terms of mapping structure, Kull ex-
tended Beta Calibration and introduced Dirichlet calibra-
tion (Kull et al. 2019). Considering the flexibility of calibra-
tion mapping, Wang introduced Shape-Restricted Polyno-
mial Regression as a parametric calibration method (Wang,
Li, and Dang 2019). Furthermore, some studies propose a
class of accuracy-preserving mappings (Tomani, Cremers,
and Buettner 2022; Rahimi et al. 2020).

Methodology
Problem Formulation
Considering a dataset {(zl,y’)}f\;l C R x R™ and
classifier f maps x to the outputs z;,j5 = 1,...,m on
m classes and £k = argmax,z;. The ground-truth y and
predicted labels ¢ are formulated in one-hot format where

Y. = 1 and g = 1, where c represents the truth class.
The confidence score of the predicted label in baseline
is p = maxs;(z),j = 1,...,m, where s(-) represents

Softmax mapping R™ — R™. However, Softmax mapping
probabilities are not accurately reflected in the properties
of model output (Guo et al. 2017). To address this, the
calibrator g (-) is introduced as a new output-probability
mapping g : z — p for probability calibration.

Confidence Calibration: Perfect calibration of neural net-
work can be realized when the confidence score reflects
the real probability that the sample is classified cor-
rectly. Formally, the perfectly calibrated network satisfied
P (§ = y|p = p) = p forall p € [0, 1]. However, in practi-
cal applications, the sample is divided into M bins {Db}é\il.
The limited availability of data restricts our ability to accu-
rately estimate the calibration error. According to their con-
fidence scores and the calibration error, an approximation

is calculated for each bins {Dy},,. Dj contains all sam-
ple with p € [%, b;—[l) Average confidence is computed as
conf (Dy) = ﬁ > icp, P’ and the bin accuracy is com-
puted as acc (Dy) = 57 Ysep, L (¥e = §t). ECE (Naeini,
Cooper, and Hauskrecht 2015) is calculated as follows.

o~ 1Dy
ECE = Z Tb lace (Dy) — conf (Dy)] (1)
b=1

To develop an effective output-probability mapping, we
design the calibrator based on the relationship between
output amplitude and confidence level. Additionally, we
formulate the multi-level objective for calibrators parameter
based on the characteristics of calibration error.

Output Magnitude: Our postulation suggests that overcon-
fidence of modern deep model arises from the utilization of
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Softmax cross entropy optimization, particularly in high-
capacity models, leading to an amplification of the output
amplitude, as shown in Fig. 2, where the amplitude of a
single sample’s output is defined as ||2°|,. The unsaturated
regions of the original Softmax are present exclusively when
the differences between the category outputs are relatively
small. Consequently, a significant portion of samples tends
to have probabilities that fall within the saturation region
of Softmax, resulting in probability outputs close to 1. The
similar conclusion can be found in (Zhang and Xiang 2023;
Wei et al. 2022), where it is suggested that the magnitude of
neural network output can be a culprit.

Calibration Characteristic: The optimization of the cali-
bration error within the post-calibration structure appears to
be challenging due to hard binning operation, as discussed in
literature (Karandikar et al. 2021). We believe that another
practical obstacle arises from the nature of the uncertainty
estimation, which serves as collective binning properties for
multiple samples >, ., p* = Y.cp, I (¥ = L), rather
than providing individual metric for each sample (Si et al.
2022; Widmann, Lindsten, and Zachariah 2019). Calibra-
tion error as loss metric disregards numerous sample-level
output-probability mapping relationships. Consequently, the
calibrated distribution significantly diverges from the origi-
nal distribution, as shown in Fig. 4.

Parametric p-Norm Scaling

To regulate the influence of output amplitude on the scaling
calibration and propose accurate calibrator, we enhance the
expressive power by incorporating a parameterized p-norm
normalization term into the output-probability mapping. The
adopted calibration structure is represented below:

e'e

ge (2) = ST s ()
j=1€"

where 7; (z) = Mﬁ, v > 0and 8 > 0. |||, repre-

sents p-norm, where [[z[|, = (217 + 22 + -+~ + zmp)l/p.
p is defined as a learnable parameter in the algorithm that
is used to control a learnable norm space to regulate the
large output magnitude. In supervised learning, classifiers
often produce outputs with substantial magnitudes, partic-
ularly for overconfident samples. When these outputs have
excessively large magnitudes and are fed into a calibrator,
they often fall within the saturation interval where the Soft-
max output converges to 1. Consequently, calibrating sam-
ples with such high-amplitude outputs becomes insensitive.

Proposition 1 For any model output z and the probability

by mapping of g. = ﬁ where r; (z) = A/szj” , the
j=1%" P
ollowing inequalities holds.
following inequalities hold
! <
N N L p—1/p =9
(m—l)e;<(m*1>1/"’l+ > +1
1 (3)
<
— p—1/p
_1
(m—1)e ” ((m—l)l/fj*l“) +1



Accucay
Training Amplitude
Testing Amplitude

Accucay
Training Amplitude| {2
Testing Amplitude

0

0 L
0 50 100 150 200 0 50 100 150

(a) Amplitude without weight de- (b) Amplitude with weight
cay

200

decay

1.0 —
= % of Samples |
08 :

o)
0
e

0.6

0.4

Accuracy

0.2

O.%.

0

02 04 06 08 10 0.2 0.4 0.6 0.8 1.0

(c) Confidence histogram (d) Amplitude histogram

Figure 2: Amplitude changes in classifier optimization. In these figures, the overall output magnitude of all samples is
defined as N—lm vazl HleQ During the supervised learning of the classifier, the output magnitude follows a specific pattern.
(a) illustrates that in the absence of weight decay, the output amplitude steadily increases throughout the optimization process.
Although this trend is alleviated in the presence of weight decay, as depicted in (b), the final magnitudes exhibit a positive
correlation with the overall confidence distribution, shown in (c) and (d).

Proposition 2 For any v > 0 and 5 > 0 of p-Norm Scaling
g (2), the classification accuracy based one-versus-all clas-
sification keeps unchanged after the output-to-probability

mapping.

The results in Proposition 1 show that p-norm is able to re-
strict the confidence interval to prevent the confidence from
a one-hot distribution, yielding a smoother confidence dis-
tribution. When v — o0, the calibrated probabilities g
tend to 1/m. When v — 40, all probabilities are adjusted
to [0, 1]. Furthermore, Proposition 2 establishes that the p-
Norm Scaling structure maintains decision invariance, en-
suring that the pre-calibration classification results match
the calibrated probability one-versus-all classification out-
comes. This property serves as specific priori knowledge,
preserving dataset distributional properties during optimiza-
tion, aligning with calibration logic. Decision invariance
is a crucial consideration in calibration structure design
(Tomani, Cremers, and Buettner 2022; Rahimi et al. 2020).
Proposition 3 For any output-to-probability mapping
gj(2) = %, if the function o (z) > 0 holds

m e
for any z, acjcuracy of model based one-versus-all clas-
sification decision-making keeps unchanged after the
output-to-probability mapping.

Proposition 3 extends the conclusion in Proposition 2 by
presenting a general mapping-based criterion for satisfying
decision invariance, for mapping design. When the function
o (z) is defined as a single hyperparameter, this mapping
degenerates into naive Softmax mapping with a tempera-

ture coefficient. Apart from calibrators, classifier optimiza-
tion with different o (z) deserves further exploration.

Parameter Optimization

In this subsection, we address the challenge of optimizing
the calibrator parameters from the desired calibration error.
From a logical perspective, optimizing the calibrator with
NLL does not differ from the optimization goal of the origi-
nal classifier, Softmax cross entropy. However, it is essential
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Algorithm 1: p-Norm Scaling Post-hoc Calibrator
Data: Validation set { (z;,y;)|i =1,...,N};
Classifier f; Learning rate \; Batch size Np.
Result: p-Norm Scaling calibrator g (z, p*, 6*)
1 Initialize 0, 6%, p*, ECE™;
2 24 f(x);
3 while p € {1,...,3} do

4 while ¢t < T},,4, do

5 Dy, {zl}jVB ;

6 lscg < Computing by Eq.(4);
7 Ik 1 < Computing by Eq.(5);
8 0« 0— AL

9 end

10 ECE,q, <+ ECEFE on validation set by Eq.(1);
11 if ECE,, < ECE* then

12 p* = p;

13 0* « 0,

14 ECE* + ECE,;

15 end
16 end

to note that achieving high accuracy in classifiers using cross
entropy as the objective and calibrating the model confi-
dence represent distinct objectives (Wang, Feng, and Zhang
2021). There remains a bias in minimizing NLL compared
to minimizing calibration error.

A straightforward approach is to utilize the calibration
error as a loss function for optimizing the parametric cali-
bration mapping. With calibration error as loss function, we
treat the entire batch as a bin D in each iteration of the op-
timization, randomly sampling a bin from the validation set.
This approach helps alleviate the issue where finite data fail
to fully reflect overall uncertainty. Modified SCE (Square
Calibration Error) is shown as follows.

Isop = (ace (D) — conf (D))?
where conf (D)

“4)
1 Saiep rlog X e G/%, g, —
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Figure 3: Confidence histograms and reliability diagrams for different post-hoc calibration methods with ResNet35
on CIFAR-100. Confidence histograms display the sample count within each bin, whereas reliability diagrams illustrate the
difference between the average confidence (marked in red) and the accuracy (indicated in blue) in each bin.
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confidence in each class is smoothed by sum-exp-up, and the
coefficient & is set relatively small, such as 10—, since the
probability outputs are less than 1. The small x ensures the
confidence closely approximates the max predictive proba-
bility. Furthermore, to satisfy Proposition 2 in optimization,
we replace 3 and + in the original p-Norm Scaling with 32
and 2 to the constraint that the hyperparameter is greater
than zero, respectively.

However, the model uncertainty typically represents a
statistic of the dataset, lacking the ability to adequately
characterize individual samples. When directly using the
calibration error as the optimization objective Y., p’ =
> iep1(yi = §%), a substantial amount of sample-level in-
formation is lost in accurately characterizing the output-
probability mapping p* + z’, which impedes finding a so-
lution with strong generalization ability. So, we introduce
instance-level KL divergence for the probability distribu-
tion between pre-calibration s (z) and post-calibration g (z),
serving as a regularization technique to maintain the prob-
ability distribution similarity between probability distribu-
tions before and after calibration. This addition term ensures
that the calibrated distribution retains specific distributional
characteristics of the original one. It can provide important
instance-level information for optimization.

kL = Z Zgj(zi) (loggj (zz) —log s; (zz)) 5)

ziED j:]

and r; (2) = W’IJHBQ The function for max

The final multi-level objective is represented below.
6)

Relying solely on the bin-level SCE often leads to signif-
icant deviations between the pre- and post-calibration prob-
ability distributions due to its statistical nature, particularly

l=lscr +alkr
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when calibration structure has strong expressive capacity, as
shown in Fig. 4. To mitigate this, we introduce the instance-
level KL divergence of the original output distribution s (z)
concerning the calibrated probability distribution ¢ (z) as a
regularization. When KL divergence converges to 0, g (z)
equals s (z). Therefore, s (z) replaces the one-hot label in
NLL, similar to label smoothing.

In parameter optimization, the proposed algorithm em-
ploys a two-stage optimization strategy. In the outer loop,
the algorithm conducts a grid search within the intervals
{1,1.25,...,3} to determine p, using ECE as the metric.
Meanwhile, in the inner loop, parameters v and 3 are opti-
mized by the small batch gradient-based methods with the
proposed loss (6).

Experiments

We evaluate our methods on multiple DNNSs, including
ResNet and VGG series. Our experiments are conducted on
SVHN, CIFAR-10/100, 102 Flower, and Tiny-ImageNet for
post-hoc calibration performance. Different ablation exper-
iments are designed to evaluate efficiency of the p-Norm
Scaling calibration structure and the multi-level objective.
In tables, the best results and relative improvements over ond
best result in each section are in bold. Results are averaged
over five runs with different seeds.

Baselines: In experiments, we compare our methods with
different calibration methods, such as non-parametric Hist.
Binning, TS, Vector Scaling (Niculescu-Mizil and Caruana
2005). Above all parametric structure are optimized by
gradient descent based on NLL. TS-AvUC represents Tem.
Scaling with NLL-AvUC as objective (Krishnan and Tickoo
2020). The p in p-Norm Scaling is selected by grid search
on {1,1.25,...,3} and other parameter are optimized
based on Eq.(6). In ablation experiments, different struc-
tures are optimized by different optimization objectives,



Dataset Model  Metric Uncalibrated Hist. Binning TS Vector Scaling TS-AvUC Ours
ECE 0.160+0.025 0.025+0.006 0.033+0.006 0.061+0.012 0.028+0.004 0.009(] 0.016)
CIFAR-100 ResNetl8 MCE 0.344+0.055 0.078+0.012 0.059 +o0.011  0.138 +0.022 0.052(] 0.007) 0.098+0.021
AdaECE 0.160+0.023 - 0.030+0.007  0.061+0.011  0.027+0.006 0.007(] 0.020)
ECE 0.186+0.031 0.025+0.004 0.030+0.013  0.073+0.021  0.052+0.012 0.007(] 0.018)
CIFAR-100 ResNet50 MCE 0.407+0.101  0.110+0.015 0.091(] 0.009) 0.153+0.036 0.116+0.021 0.100£0.023
AdaECE 0.186+0.029 - 0.029+0.012  0.071+0.028 0.052+0.010 0.006(] 0.023)
ECE  0.240+0.106 0.035+0.002 0.029+0.003 0.035+0.006  0.044+0.008 0.019({ 0.010)
CIFAR-100 VGG16 MCE 0.508+0.151 0.042(] 0.001) 0.093+0.029 0.084+0.009 0.101+0.026 0.043+0.003
AdaECE 0.240+0.106 - 0.029+0.004  0.035+0.006  0.044+0.008 0.019(] 0.010)
ECE  0.054+0.010 0.011+0.001 0.015+0.002 0.014+0.003 0.015+0.006 0.007({ 0.004)
CIFAR-10 ResNet35 MCE 0.300+0.085 0.255+0.102 0.121+0.026 0.077(] 0.030) 0.121+0.021 0.10740.019
AdaECE 0.054+0.011 - 0.014+0.004 0.013+0.002 0.013+0.005 0.010(] 0.003)
ECE 0.021+0.006 0.016+0.002 0.009+0.003 0.007(4 0.001) 0.010+0.003 0.0081+0.002
SVHN ResNetl8 MCE  0.286+0.053 0.251() 0.035) 0.313+0.052 0.313+0.069 0.315+0.080 0.438+0.103
AdaECE 0.021=+0.006 - 0.010+0.003  0.009+0.002  0.013+0.005 0.008(] 0.001)
ECE 0.101+0.018 0.084+0.012 0.086+0.011  0.093+0.015 0.075+0.009 0.046(] 0.029)
102 Flower ResNet50 MCE 0.231+0.048 0.365+0.066 0.180+0.041  0.163+0.043  0.165+0.044 0.152(] 0.011)
AdaECE 0.100+0.017 - 0.089+0.012  0.098+0.019  0.079+0.011 0.048(] 0.031)
ECE  0.144+0.022 0.033+0.005 0.017+0.003 0.053+0.007 0.017+0.003 0.007({ 0.010)
Tiny-ImageNet ResNet35 MCE 0.236+0.052 0.055+0.016 0.035+0.010  0.093+0.021 0.030(} 0.001) 0.031+£0.004
AdaECE 0.143+0.021 - 0.017+0.004 0.054+0.008 0.016+0.002 0.006(] 0.010)

Table 1: The calibration performance of different post-hoc calibration methods.

Model Metrics NLL Ours
Temp. Scaling  p-Norm Scaling Temp. Scaling p-Norm Scaling
ResNe3s , ECE 0.026 0.011(} 0.015) 0.024 0.009(| 0.015)
AdaECE 0.027 0.011(} 0.016) 0.024 0.007(} 0.017)
ResNetso . ECE 0.048 0.006({ 0.042) 0.042 0.007(} 0.035)
AdaECE 0.048 0.008({ 0.040) 0.042 0.006(], 0.036)

Table 2: The ablation study of calibrator structure and optimization objective on CIFAR-100.

such as NLL, SCE, AvUC and SB-ECE (Karandikar
et al. 2021). In Hist. Binning, ECE, MCE and AdaECE
(Nguyen and O’Connor 2015), the number of bins is 10.
In all experiments for CIFAR-10/100, the learning rate
was set to 0.1, the momentum to 0.9, the weight clipping
to Norm=3, and the batch size to 128. The learning rate
decreased to 10% at 40% and 80% of the iterations. The
weight decay was set to 10~# and the iteration number was
200. For the Tiny-ImageNet, the learning rate was set to
0.01 and batch size was 64. The hyperparameter o is set to 1.

The Efficiency of Our Method: Table 1 presents the
outcomes of various calibration techniques. Our method
substantially enhances the performance of post-calibration
in both ECE and AdaECE, outperforming classical methods.
However, p-Norm Scaling does not yield superior results in
MCE. The confidence histograms and reliability diagrams
depicted in Fig. 3 reveal a bias in bin [0, 0.1] with a minimal
number of samples, which does not significantly impact
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the overall calibration outcomes in ECE and AdaECE. TS,
utilizing a single hyperparameter to control the smoothing
of uncertainty distribution, achieves superior results com-
pared to post-processing calibrations employing multiple
hyperparameters like Vector Scaling. Furthermore, both TS
and our proposed method demonstrate accuracy-preserving
property, preserving the order of probability outputs across
different categories for individual samples (Rahimi et al.
2020). The notably smaller calibration errors of these map-
ping, in contrast to Vector Scaling, underscore the pivotal
role of maintaining decision invariance as a fundamental
prerequisite in calibrator design.

The Ablation Study of Calibrator Structure: To mitigate
the influence of the loss function on the experimental
outcomes, we conducted ablation experiments and pre-
sented the results in Table 2. Notably, in Table 2, p-Norm
Scaling continues to enhance calibration performance when
compared to TS under the same optimization objective.



Metrics SCE KL SCE+KL NLL NLL+KL  NLL-AvUC SB-ECE SB-ECE+KL Uncalibrated
ECE 0.173 0.161 0.041(1 0.120) 0.056 0.039(] 0.008) 0.047 0.156  0.039 ({ 0.117) 0.172
AdaECE 0.172 0.161 0.043(} 0.118) 0.053 0.040(] 0.005) 0.045 0.157  0.036 (4 0.121) 0.172
KL 0.109 0.001 0.003 0.006 0.004 0.002 0.097 0.002 -
Table 3: The ablation study with Vector Scaling on CIFAR-100.
Dataset Metrics Different p in p-Norm Scaling Uncalibrated Temp. Scaling
1.5 1.75 2 2.25 2.5

CIFAR-100 ECE  0.028 0.006({ 0.003) 0.010 0.009 0.010 0.172 0.026

AdaECE 0.028 0.008 0.009 0.007(4 0.001) 0.009 0.172 0.027

Tinv-ImageNet ECE  0.052 0.007(40.011) 0.018 0.040 0.044 0.144 0.017

y & AdaECE 0.051 0.006(] 0.012) 0.018 0.041 0.044 0.143 0.017

Table 4: The calibration performance on ResNet35 of different norm in p-Norm Scaling.
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Figure 4: Coincidence distribution of different optimiza-
tion objective in Vector Scaling. In (a), samples are catego-
rized into bins based on confidence levels through Softmax.
Each sample in (b) and (c) belongs to the same bin as in (a).
Using sample-level SCE alone in post-calibration results in
a significant deviation from the original distribution. This
challenge is mitigated by the bin-level KL.

This observation suggests that the supervised optimization
using Softmax cross entropy as the objective leads to a
larger amplitude in model output, negatively impacting
calibration. Furthermore, it fails to ensure both classifier
accuracy and uncertainty estimates derived from Softmax
mapping. Consequently, p-Norm Scaling can realize better
calibration performance than TS.

The Ablation Study of Optimization Objective: The KL
divergence regularity introduces instance-level information
into calibrator optimization, ensuring that the calibrated
probability retains certain properties of the uncalibrated
distribution, as emphasized by the results in Table 3. The
bin-level calibration error as a statistical representation of
collective binning properties, compressing sample-level in-
formation significantly. Furthermore, Vector Scaling offers
a broader assumption space and greater expressive power
in comparison to Temp. Scaling. When SCE or SB-ECE
is used solely as the loss function, the calibrated results
deviate markedly from the original results as shown in Fig. 4
and the KL divergence remains relatively large. In addition,
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using KL divergence alone does not yield improved results.
However, better outcomes are achieved when bin-level loss
and instance-level loss jointly optimize parameters. KL
divergence, acting as a regularity term, guides the calibrated
model to learn distributions mirroring the properties of the
original distributions, while SCE fine-tunes the mapping
parameters and refines the calibrator model.

The Ablation Study of Different Norms: Table 4 displays
calibration results across various norms. The data illustrates
that smoother outcomes are achieved when p is close to 2,
though p does not guarantee optimality. Different learning
paradigms enable the exploration of diverse spaces, facilitat-
ing the acquisition of more precise output-probability map-
pings. This reflects the significance of searching for the ap-
propriate norm, rather than directly replacing it with the con-
ventional Euclidean norm.

Conclusion

The desired calibration metric, based on sample set statis-
tics, captures the dataset general characteristics but over-
looks sample-level nuances. Relying solely on the calibra-
tion error as the optimization objective fails to yield a well-
generalized output-probability mapping within a broad as-
sumption space. Consequently, integrating specific priori
knowledge becomes imperative when designing and opti-
mizing the post-hoc calibrator. In this paper, we introduce
a p-Norm Scaling to mitigate the adverse impact of ampli-
fied output amplitude in supervised learning while preserv-
ing accuracy. Simultaneously, an instance-level probability
distribution regularization is proposed in the optimization,
which incorporates specific priori knowledge and empha-
sizes the need for the uncertainty distribution after calibra-
tion to keep some characteristics of the pre-calibration dis-
tribution. The experimental results show the significant en-
hancement in uncertainty calibration performance through
p-Norm Scaling and multi-level objective. They also under-
score the necessity for precise calibrator design to guide the
model effectively in learning an ideal calibration mapping.
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