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Abstract

We address the problem of network calibration adjusting
miscalibrated confidences of deep neural networks. Many
approaches to network calibration adopt a regularization-
based method that exploits a regularization term to smooth
the miscalibrated confidences. Although these approaches
have shown the effectiveness on calibrating the networks,
there is still a lack of understanding on the underlying
principles of regularization in terms of network calibra-
tion. We present in this paper an in-depth analysis of exist-
ing regularization-based methods, providing a better under-
standing on how they affect to network calibration. Specif-
ically, we have observed that 1) the regularization-based
methods can be interpreted as variants of label smoothing,
and 2) they do not always behave desirably. Based on the
analysis, we introduce a novel loss function, dubbed ACLS,
that unifies the merits of existing regularization methods,
while avoiding the limitations. We show extensive exper-
imental results for image classification and semantic seg-
mentation on standard benchmarks, including CIFARIO,
Tiny-ImageNet, ImageNet, and PASCAL VOC, demonstrat-
ing the effectiveness of our loss function.

1. Introduction

Humans have an ability to make well-calibrated deci-
sions, such that confidence levels of decisions reflect like-
lihoods of underlying events accurately. On the contrary,
deep neural networks (DNNs) often struggle to achieve
such levels of calibration, which is problematic particu-
larly in applications involving high levels of uncertainty
and reasoning, including autonomous driving [9, 13, 31]
and medical diagnosis [I, , 23]. For example, su-
pervised approaches to image classification typically ex-
ploit one-hot encoded labels and a softmax cross-entropy
loss [3, 10, 19, 26] to train the networks. The loss encour-
ages minimizing the entropy of network outputs, i.e., prefer-
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Table 1: Comparison of regularization-based methods for network
calibration. Expected calibration error (ECE) is computed with 15
bins using ResNet-50 [11] on Tiny-ImageNet [5]. We denote by
A\ adaptive or conditional regularizers with negative effects. LS:
Label smoothing.

Adaptive Conditional
Method Regularization (AR) | Regularization (CR) ECE (%)
LS [32] - - 3.17
FLSD [26] - - 291
CPC [3] A - 3.12
MDCA [12] VAN - 2.77
MDbLS [19] - AN 1.64
CRL [25] A A 1.65
ACLS v v 1.05

ring the Dirac delta distribution with a peak at the one-hot
label, which causes overconfident predictions, while overly
penalizing uncertainty in the predictions [19].

Recently, a variety of confidence calibration methods
have been introduced to address this problem [3, 6, 8, 10,

, 19,22, 25,26, 27], which can broadly be divided into
two categories: Post-hoc methods and regularization-based
methods. Post-hoc approaches to network calibration adjust
the predictions of a pre-trained model at test time, typically
using additional trainable parameters [0, 10, 30]. For exam-
ple, a temperature scaling technique [30] multiplies logits
by a temperature parameter, resulting in a softened distri-
bution of predictions that can help mitigate the overconfi-
dence problem. While post-hoc approaches are effective
and computationally cheap, they mainly have two limita-
tions. First, they require a held-out dataset to tune the addi-
tional parameters [ 12, 26]. Second, post-hoc approaches as-
sume that training and test samples are drawn from the same
distribution [19], which limits performance under distribu-
tion shifts between training and test datasets [12, 16, 26].
Regularization approaches integrate calibration techniques
into the training process, e.g., in a form of objective func-
tions [3, 12, 19, 25, 26]. These methods regularize net-
work outputs implicitly [26, 27] or explicitly [3, 12, 19, 25]
by penalizing overconfident or underconfident predictions,
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encouraging the distribution of predictions to be uniform.
While regularization approaches have shown the effective-
ness, the influence of regularization terms on network cali-
bration remains unclear, and only a limited number of stud-
ies have explored to delve deeper into these approaches. For
instance, the works of [19, 27] have demonstrated that the
label smoothing technique [32] is also effective for network
calibration. In addition, the focal loss [ 18], which was ini-
tially developed for object detection, has been proven to
raise the entropy of network predictions, performing reg-
ularization implicitly [19, 26].

We present in this paper a theoretical and empirical
analysis of various regularization-based methods, including
LS [32], FLSD [26], CPC [3], MDCA [12], MbLS [19],
and CRL [25], to better understand the underlying princi-
ples of these approaches. Our analysis on the gradients of
objective functions for the regularization-based methods re-
veals that 1) these methods can be viewed as variants of
the label smoothing technique [32], and differ only in how
they determine the degree of label smoothing, and 2) they
do not always behave as expected, and often produce unde-
sired results in terms of network calibration. We further cat-
egorize the regularization-based methods into three groups
based on the type of label smoothing: Adaptive regulariza-
tion (AR) [3, 12], conditional regularization (CR) [19], and
a combination of them [25]. AR adjusts the strength of reg-
ularization for (one-hot encoded) training labels adaptively
based on output probabilities of a network across classes,
which is more beneficial for network calibration than the
vanilla label smoothing technique (CPC [3], MDCA [12]
vs. LS [32] in Table 1). Ideally, the label of a true class
should decrease in accordance with the degree of increase
in a corresponding output probability, whereas the labels
of false classes should increase proportionally with the de-
gree of decrement in each output probability. However, our
observation suggests that the regularization-based methods
using AR [3, 12] do not consistently behave as in the ideal
scenario. Specifically, when the output probability is ex-
ceedingly high, the label of a true class rather decreases
slightly. CR modifies training labels selectively based on
a specific criterion, e.g., using margin-based penalties [19].
Since output probabilities of a network are not always mis-
calibrated, CR performs regularization on the miscalibrated
ones only, thus showing better calibration capability than
the label smoothing technique (MbLS [19] vs. LS [32] in
Table 1). However, MbLS [19] using CR is not likely to reg-
ularize the training label of a true class, which leads to the
overconfidence problem. A hybrid method, e.g., CRL [25],
takes advantages of AR and CR, but it would inherit the
limitations of both approaches. We will provide a more de-
tailed analysis in Sec. 3.2.

Based on the gradient analysis for the regularization-
based approaches, we introduce a novel loss function,

dubbed ACLS, for network calibration. ACLS combines the
strengths of AR and CR, while mitigating the drawbacks of
the regularization-based methods [3, 12, 18, 19, 25, 26, 32],
providing better calibration results (Table 1). On the one
hand, it determines the degree of label smoothing adap-
tively for each class, while avoiding the undesirable as-
pects observed in the regularization-based methods using
AR [3, 12]. Specifically, ACLS regularizes the labels of
true object classes more strongly, as corresponding output
probabilities increase, and vice versa for other classes. On
the other hand, it exploits a predefined margin to determine
whether to adjust training labels, similar to the regulariza-
tion method using CR [19], but also modifies the label of
a true class to smooth a corresponding probability, prevent-
ing the overconfidence problem. Experimental results on
standard benchmarks [5, 7, 15, 17] demonstrate that net-
works trained with ACLS outperform the state of the art
in terms of expected calibration error (ECE) and adaptive
ECE (AECE). Our main contributions can be summarized
as follows:

e We present an in-depth analysis of existing loss functions
for network calibration [3, 12, 18, 19, 25, 26, 32]. We
show that current calibration methods can be viewed as
variations of the label smoothing technique [32], and they
are limited to prevent overconfidence and/or underconfi-
dence problems.

e Based on the analysis, we present a new loss function,
ACLS, that retains the advantages of AR and CR, while
overcoming the negative effects of existing calibration
methods.

e We set a new state of the art on standard benchmarks [5,

, 17], including CIFARI1O0 [!5], Tiny-ImageNet [17],
ImageNet [5], and PASCAL VOC [7], demonstrating the
effectiveness of our method with extensive experiments
and ablation studies.

2. Related work

Post-hoc calibration. A pioneer work of [10] proposes
to calibrate predictions of a pre-trained DNN for image
classification at test time, using a temperature scaling tech-
nique [30]. It regularizes the distribution of the predictions
in a way of minimizing negative log-likelihood or ECE us-
ing a temperature parameter. ETS [30] aggregates various
temperature scaling techniques to improve the calibration
performance. Instead of using ensemble, the work of [33]
proposes to estimate temperatures for individual samples
adaptively. A recent work of [0] extends the temperature
scaling technique for dense prediction tasks (e.g., seman-
tic segmentation). Although these calibration methods are
straightforward and effective, they reduce all output proba-
bilities of a network, without considering confidence levels
of individual predictions. It is thus highly likely that well-
calibrated predictions could also be altered, which rather
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degrades the overall calibration performance [12, 16, 26].
Moreover, tuning hyperparameters (e.g., the temperature)
requires additional held-out datasets, which makes it chal-
lenging to deploy post-hoc calibration methods in practical
settings [12].

Regularization-based calibration. Many attempts to
calibrating neural networks have been made using
regularization-based approaches. The seminal work of [29]
suppresses overconfident predictions, while maximizing the
entropy of network outputs. FLSD [26] proposes to exploit
the focal loss (FL) [18&] for network calibration. In partic-
ular, it adjusts a focusing parameter adaptively to concen-
trate more on hard examples, alleviating the overconfidence
problem. However, the FL ignores easy training samples,
which causes the underconfidence problem [8]. FLSD also
uses heuristics to determine the focusing parameter which
is not optimal for all samples. AdaFocal [8] addresses these
problems by setting the focusing parameter for each sample
based on a calibration metric and exploiting an inverse focal
loss [34] to put more focus on easy samples. MbLS [19]
proposes to exploit margin-based penalties to selectively
regularize miscalibrated predictions. Recently, the works
of [3, 12, 25] present new regularization terms for network
calibration. Specifically, CRL [25] formulates network cal-
ibration as an ordinal ranking problem [4], and determines
whether to penalize predictions of a network in order to ob-
tain better confidence estimates. CPC [3] decouples multi-
class predictions into multiple binary ones, and calibrates
pairs of binary predictions, augmenting the number of su-
pervisory signals, compared to the softmax cross-entropy
loss. MDCA [12] introduces a differentiable version of
static calibration error (SCE) [28], enabling optimizing a
network directly in terms of SCE.

Although regularization-based methods have proven ef-
fective in calibrating networks, there have been limited ef-
forts to explore the underlying principles behind these ap-
proaches. The work of [26] offers both theoretical and em-
pirical justifications of using the focal loss [18] for cal-
ibrating networks. In particular, it shows that the focal
loss minimizes implicitly the Kullback-Leibler (KL) diver-
gence between a uniform distribution and softmax predic-
tions, regularizing the distribution of network predictions.
The label smoothing technique [32], which improves the
discriminative ability of DNNs, has been demonstrated to
be effective for network calibration [19, 27]. Similar to
the finding in [26], the work of [19] highlights that a cross-
entropy loss with the label smoothing augments the KL di-
vergence between a uniform distribution and softmax pre-
dictions. It also demonstrates that the focal loss can be re-
garded as a form of label smoothing, which effectively al-
leviates the overconfidence problem. Taking one step fur-
ther, we show that existing regularization-based methods,
including FLSD [26], CPC [3], MDCA [12], MbLS [19],

and CRL [25], can be considered as variants of the label
smoothing technique. We also provide a comprehensive
analysis on gradients of objective functions for these meth-
ods, and show that the objective functions have detrimental
effects on network calibration.

3. Method

In this section, we first describe preliminaries on network
calibration (Sec. 3.1). We then provide an in-depth analy-
sis of regularization-based methods [3, 12, 18, 19, 25, 26]
in terms of gradients of objective functions (Sec. 3.2), and
introduce our loss function, ACLS, for network calibra-
tion (Sec. 3.3).

3.1. Network calibration

Given an input x and a corresponding ground-truth la-
bel (class) 3, DNNs output a logit vector z € R®, where C'
is the number of classes. To train DNNs, a softmax CE loss
is generally used as follows:

C
Lee =Eq[pl = - qilogpx, 1)
k=1

where p represents a softmax output of the network, and q
indicates a target distribution (i.e., a distribution of one-hot
encoded labels). We denote by p; and ¢; elements of p and
q for the class 7, respectively. We define the softmax output
for the class j as follows:

B exp(z;)

= —1,
> k=1 €xp(zk)

where we denote by z; the logit value of z for the class j.

Formally, we compute gradients of Lcg w.r.t the logit for
the class j as follows:

OLce
82]' - p] - QJ (3)

Pj 2

The CE loss encourages minimizing the discrepancies be-
tween probability distributions of p and q, learning dis-
criminative feature representations. To this end, the prob-
ability p, for the true class y should be one, the same
as qy. Accordingly, the CE loss tries to raise the cor-
responding logit z, (or equivalently the probability p,),
although the probability p, could not reach to the value
of one exactly [32], resulting in the overconfidence prob-
lem [3, 10, 19, 26, 32].

Label smoothing. To address the overconfidence prob-
lem, label smoothing [32] modifies the target distribution
as follows:

/o (b‘—é(l—%), j:y 4
q]_ € . ) ()
G+ & J#Y
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Table 2: Gradient analysis of existing regularization-based methods for network calibration [3, 12, 18, 19, 25,

]. We compute the

gradients of loss functions for the calibration methods w.r.t a logit, and reformulate the results as in Eq. (8), where each method differs in
how smoothing and indicator functions, f and C, are defined. Note that A\; and A2 are hyperparameters for each method. In CRL [25],
H(n,m) = R — (™ where h(™ stores a ranking history of the n-th sample in a training dataset. We assume that a network prediction

is correct (i.e., § = y) for LS [32].

0 Smoothing function f Indicator function C
£  Method
= =19 i#9 i=19 J# Y
LS [ ] €1 €2 1 1
FLSD [26] A1 A2 1 1
c . P Pr—P;
% CPC 3] ALY i Pkp‘::pj At Py‘;pj +A22 s, p;ﬁ—p; 1 1
MDCA [12] A1p; (1 — pj) A2p; (1 +py) 1 1
& |MbLS [19] A1 A2 0 1[zg — z; > M)
x CRL [25] A1p; (1 —pj) A2pyp;j L[H (n,m)(py"” — pi) < 0| 1[H (n,m)(pS" — pi) < 0]
<|Ours (ACLS) | A1 (z; — ming 2z, — M) A2 (25 — z; — M) 1[z; — ming 2k > M] 1[zg — 25 > M]

where € is a hyperparameter for controlling the degree of
smoothing. It lowers the initial target probability g, for the
true class y, while raising the probabilities for others. For
better understanding its behavior, we compute the gradients
of the objective function for label smoothing L s w.r.t the
logit z;, which is the same as the CE loss in Eq. (1) but with
the target distribution of q;, as follows:

O0Lys ,_)pi—(g—ea), j=vy

pi—(g+e), j#y’

where €; = ¢(1 —1/C) and e2 = ¢/C. In contrast to the
CE, the probability of p, for the true class y would be the
same as that of g, — €;. The logit value 2, will thus not
be raised continually, mitigating the overconfidence prob-
lem. Note that the gradients for label smoothing in Eq. (5)
reduce to those for CE in Eq. (3) with € being zero. In the
following, we will show that existing regularization-based
methods can be considered as variants of label smoothing.

3.2. Gradient analysis

Regularization approaches to network calibration gener-
ally exploit a regularization term along with a fidelity be-
ing the CE loss to alleviate the miscalibration problem. Al-
though they have proven effective in network calibration,
there is a lack of theoretical understandings on how the reg-
ularization term affects on the calibration. To better under-
stand the effects on calibration, we compute gradients of
objective functions for existing regularization-based meth-
ods (Table 2).

Concretely, we can represent the loss functions of cali-
bration methods [3, 12, 18, 19, 25, 26] as follows:

L = Lcg + LrEa, (6)

where Lgrgg is a regularization term. We compute the gra-
dient of Eq. (6) w.r.t the logit value z; for the class j:

oL o OLREG
372’]' =DPj —q; 8Zj , (7
which can be reformulated as follows:
oL _pi— (4= f(z)C(%)), j=73 ®
Oz; |\ pj— (¢ + f(z)C(%)), 1#79

where we denote by ¢ a network prediction. f is a smooth-
ing function that determines the degree of smoothing, and C
is an indicator function deciding whether to apply smooth-
ing or not. Note that the network calibration methods are
designed to lower the largest output probability py across
the classes, where the overconfidence problem is likely to
occur. The gradients in Eq. (8) are thus split based on the
network prediction ¢, in contrast to label smoothing [32]
using the ground-truth label y in Eq. (5). We can see that
1) the gradients of existing regularization-based methods in
Eq. (8) generalize those for label smoothing in Eq. (5) if the
prediction is correct (i.e., § = y), and 2) each method differs
in how smoothing and indicator functions are defined (Ta-
ble 2), suggesting that the regularization-based methods can
be regarded as a form of label smoothing. We provide de-
tailed derivations and explanations of smoothing and indi-
cator functions for each method in the supplementary mate-
rial.

According to f and C, we can divide existing meth-
ods into three groups: AR, CR, and a combination of
them (ACR). We illustrate in Fig. 1 the behavior of
each regularization method on calibrating output probabil-
ities. Given softmax probabilities p and a target distribu-
tion q (i.e., training labels), LS [32] uniformly adjusts the
distribution with hyperparameters, i.e., €; and ey (Fig. 1(c)).
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That is, it uses a constant smoothing function without an in-
dicator function (See the first row in Table 2). FLSD [26],
which is a variant of LS, also adopts a uniform smoothing
function (See the second row in Table 2).

AR. In contrast to LS [32], AR methods use an adaptive
smoothing function. We can see in Fig. 1(d) that they ad-
just the degree of smoothing non-uniformly according to
logit values. For example, the smoothing function increases
in proportion to the logits, if j = ¢, reducing the target
labels of ¢; — f(z;) in Eq. (8) (e.g., the fourth class in
Fig. 1(d)). For j # g, the smoothing function raises the
target labels of ¢; + f(z;) in Eq. (8) in accordance with the
logits (e.g., from the first to third classes in Fig. 1(d)). In
this case, the probabilities for the corresponding classes in-
crease, making the probability of a network prediction, py,
relatively small. This reduces the overconfident probability
(e.g., p4 in Fig. 1(d)) more effectively than LS. However, we
have observed that the smoothing function of AR often vi-
olates the desirable behaviors. For example, the smoothing
function of MDCA [12] has a parabolic form, which is prob-
lematic. When the logit (or the softmax probability of p;)
is extremely large for j = ¥ (the top in Fig. 1(e)), MDCA
rather lessens the degree of smoothing, even worsening the
overconfidence problem. Similarly, it lessens the degree of
smoothing, when the logit is very small for j # g (the bot-
tom in Fig. 1(e)). CPC [3] outputs negative values when
j = 9. This in turn raises the target label of the overcon-
fident probability, lessening the degree of smoothing and
disturbing a calibration process.

CR. [Instead of using adaptive smoothing functions, a CR
method [19] adopts a constant function as in LS [32], and
performs label smoothing for miscalibrated probabilities
only. In particular, it exploits a specific condition as fol-
lows:

<<

0 ) =
C(z) :{ ’ j ©)

Lzg—2; > M], j#9’

where M is a margin and we denote by 1[-] a function
whose output is 1 when the argument is true, and 0 other-
wise. We can see that the CR method [19] raises the target
labels of g; + f(z;) in Eq. (8) only if z; — z; is larger than
the margin M for j # §. In other words, it determines that
the probabilities p;, where j # 7, are well-calibrated, if the
logit difference between the network prediction and other
classes is smaller than the margin M, and applies regular-
ization for miscalibrated probabilities selectively. For ex-
ample, the first class in Fig. 1(f) does not satisfy the condi-
tion in Eq. (9), and thus regularization is not applied, while
label smoothing is employed by the amount of Ay for the
second and third classes (See Table 2). However, the CR
method [19] does not penalize the target label for the class
y (i.e., ©C(z;) = 0 for j = g) directly. This degrades the

A Probability A Probability

== probability
label

== up-scaled label
down-scaled label

>

18t e 39 4" class 1ot ona 39 4" class

(a) Probabilities (p). (b) Labels (q).
A Probability A Probability
10 10
e .
Adjusts labels ‘I Adjusts labels 1(211
uniformly adaptively

/(2)

18t 2nd 3¢ 4" class 1st 2nd 3¢ 4" class

(c) LS [32]. (d) AR [3, 12].

. Degree of smoothing A Probability

Desirable - o Do not

- N
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—

Adjusts labels
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3

4 class  Probability
A Degree of smoothing —m <]

T~ N

21 class Probability 15t o 3¢ 4" class

() CR[19].

(e) Undesirable smoothing
behaviors of AR.

Figure 1: Illustration of smoothing behaviors of regularization-
based approaches to network calibration: (c) LS [32], (d) AR [3,

], and (f) CR [19]. We visualize the case that the network pre-
diction is correct (i.e., § = y), but overconfident, with (a) softmax
probabilities and (b) target labels. We also illustrate the undesir-
able smoothing behaviors of AR in (e). Best viewed in color.

calibration performance, since the overconfidence problem
is likely to occur in the largest probability of py (e.g., the
fourth class in Fig 1(f)). Note that applying the softmax
across p; for all j in the CR method [19] could lower the
probability of py for the class ¢ implicitly. However, by re-
ducing the target label of the class ¢ explicitly, while raising
the labels of other classes j # g, similar to AR and ACR,
we can lower the overconfident probability of p; more ef-
fectively, mitigating the overconfidence problem.

ACR. CRL [25] has the merits of both AR and CR,
adaptively penalizing target labels and preserving well-
calibrated probabilities. However, it also inherits the draw-
back of AR. For example, the smoothing function of
CRL [25] has a parabolic form, when j = ¢ and C = 1,
which is the same as the function of MDCA [12]. This vio-
lates the desirable behaviors of the smoothing function (See
the top in Fig. 1(e)). Note that the indicator function of CRL
uses an ordinal ranking condition [4]. The ranking criterion
first records how many times each sample is classified cor-
rectly during training (i.e., correctness). It then compares
the ordinal ranking relationship based on the correctness by
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exploiting a ranking loss [35]. At the early phase of training,
the correctness history is empty. Networks are thus trained
using the CE loss only, causing the overconfidence problem.
Moreover, the correctness increases, as the training process
goes on. The ranking condition of the indicator function is
thus easily not satisfied, making the regularizer inactive and
degrading the calibration performance (See Sec 4.3).

3.3. ACLS

We propose novel smoothing and indicator functions that
avoid the negative effects of AR and CR, while retaining the
advantages of both approaches.

Smoothing function. To address the limitation of AR [3,
], we set a smoothing function:

<>

,  (10)
)‘Q(Zﬁ_zj_M)v

RN
<

f(Zj) _ {)\1 (Zj —ming zx — M), ;:

where A\; and A, are hyperparameters for j = ¢ and j # ¢
terms, respectively. For j = ¢, our smoothing function
provides outputs proportional to the logit values z;, as it
is piecewise linear w.r.t z;. This indicates that our target
label in Eq. (8), i.e., g; — f(%;), decreases with an incre-
ment of the logit z;, thereby lowering the probability py.
Similarly, if j # g, the smoothing function outputs larger
values, in accordance with the decrement in the logit z;,
which in turn raises the target label, i.e., ¢; + f(z;), and the
probability p;. In summary, the piecewise linearity in our
smoothing function enables always lowering the target la-
bel, as the probability p; increases, and vice versa for other
cases consistently, alleviating the limitation of AR.

Indicator function. We design an indicator function of
the gradients in Eq. (8) as follows:

©(z) 1[z; —ming 2z > M|, j=9
2.) = )
T Uy — 2 = M, i# 0

For j # ¢y, we adopt the margin criterion for MbLS [19]
to avoid the limitations of an ordinal ranking condition.
Different from MbLS, we also use an indicator function
for j = ¢, enabling adjusting the target label for the
class ¢, where the overconfidence problem is likely to oc-
cur. Specifically, when 7 = g, the indicator function is 1,
if the difference between maximum and minimum logits is
greater than the margin M, addressing the overconfidence
problem of MbLS.

Training. By putting our smoothing and indicator func-
tions of Eq. (10) and Eq. (11), respectively, into the gradi-
ent of a regularization term in Eq. (8), we can obtain a novel
form of gradients w.r.t the logit z; as follows:

(1)

O0LacLs | MReLU(z; —ming 2, — M), j=49
dzj | —XaReLU(z5 — zj — M), IR 2R
(12)

By integrating the gradients, we obtain the loss function,
ACLS, as follows:

A1 (ReLU (z; — miny 2z, — M), =73
LacLs = 2 A
A2 (ReLU (25 — zj — M)~ R
(13)
Similar to other calibration methods [3, 12, 18, 19, 25, 26],
we use both fidelity and regularization terms to train our
model. An overall loss function is as follows:

L = Lcg + Lacts- (14)

ACLS for network calibration. Regularizers for net-
work calibration satisfy the following conditions: (1) They
could lower a probability of p; for a class g, i.e., the largest
probability across classes, where the overconfidence prob-
lem is likely to occur. (2) They should penalize the proba-
bility of p; selectively, only when it is miscalibrated, since
the overconfidence problem for p; does not always occur.
ACLS in Eq. (13) satisfies these conditions. Specifically, it
can reduce a logit for the class g, lowering the probability
of py for the class ¢, and vice versa for other classes. The
ReLU function with the margin M determines whether to
adjust the labels, regularizing logit values selectively.

4. Experiments

In this section, we describe implementation details
(Sec 4.1) and compare our approach with the state of the art
on image classification and semantic segmentation in terms
of calibration metrics (Sec. 4.2). We also provide a detailed
analysis of our loss function (Sec 4.3).

4.1. Implementation details.

Datasets and evaluation. We evaluate our method on CI-
FARI10 [15], Tiny-ImageNet [17], ImageNet [5] for image
classification, and PASCAL VOC [7] for semantic segmen-
tation. The CIFAR10 dataset consists of 50K training and
10K test images of size 32 x 32 for 10 classes. Tiny-
ImageNet is a subset of ImageNet, and provides 100K train-
ing, 10K validation, and 10K test images of 200 classes,
where all images are downsampled to the size of 64 x
64 from ImageNet. The ImageNet dataset provides ap-
proximately 1.2M training and 50K validation images of
IK classes. PASCAL VOC presents 10,582 training and
1,449 validation samples. Following the standard protocol
in[10, 12, 19,24,25,26], we report expected calibration er-
ror (ECE (%)), adaptive ECE (AECE (%)), and top-1 accu-
racy (ACC (%)) for image classification. For semantic seg-
mentation, we report ECE (%), AECE (%), and mlIoU (%).
Training. We use network architectures of ResNet-
50 and ResNet-101 [11] on CIFARI10 [I5] and Tiny-
ImageNet [ 1 7]. For these datasets, we train the networks us-
ing the SGD optimizer with learning rate, weight decay, and
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Table 3: Quantitative results on the validation split of CIFAR10 [

ones are the second best.

], Tiny-ImageNet [

], and ImageNet [5] in terms of the top-1 accu-
racy (ACC), ECE, and AECE. We compute the calibration metrics with 15 bins. Numbers in bold are the best performance and underlined

Dataset \ CIFAR10 \ Tiny-ImageNet \ ImageNet
Arch. ResNet-50 ResNet-101 ResNet-50 ResNet-101 ResNet-50
Method ACCT ECE| AECE|| ACC1 ECEJ| AECEl| ACCt ECE] AECE|| ACC1T ECE| AECEl| ACCT ECEJ] AECE]
CE 9320 5.85 584 (9333 574 573 16502 373 369 |6562 497 497 |73.96 9.10 9.24
CE+TS' [10] 9320 3.68 3.67 | 9333 3.62 3.62 6502 163 152 6562 208 203 |7396 1.86 1.90
MMCE [16] 95.18 3.10 3.10 | 9499 3.61 3.61 |64.75 515 512 |6592 488 4.88 |7436 8.75 8.75
ECP [29] 9475 3.01 2.99 |9335 541 540 | 6498 400 392 |6569 468 4.66 |73.84 8.63 8.63
LS [32] 94.87 2.79 3.85 (9323 356 4.68 | 6578 3.17 3.16 | 6587 220 221 |7524 233 243
FL [18] 94.82 390 3.80 | 9242 4.60 458 |63.09 296 3.12 |6297 255 244 |71.76 1.79 1.79
FLSD [26] 9477 3.84 3.60 | 9238 458 457 |64.09 291 295 |6296 491 491 |72.19 1.82 1.86
MDCA [12] 9484 6.86 6.73 |95.66 688 7.23 | 63.57 277 261 |66.34 606 6.06 |7565 745 7.53
CPC [3] 95.04 391 391 |9536 3.78 3.75 | 6544 3.12 3.05 |66.56 390 4.00 | 7576 4.80 4.82
MDLS [19] 9525 1.16 3.18 |95.13 138 3.25 |64.74 1.64 1.73 | 6581 1.62 1.68 | 75.39 4.07 4.14
CRL [25] 95.08 3.14 3.11 | 95.04 374 373 | 6488 1.65 152 |6587 357 356 |73.83 847 847
ACLS 9540 1.12 2.87 | 9534 136 3.25 |64.84 1.05 1.03 6578 1.11 1.15 |75.65 1.02 1.20

momentum of 0.1, Se-4, and 0.9, respectively. The networks
are trained for 350 and 100 epochs with a batch size of 128
and 64 for CIFAR10 and Tiny-ImageNet, respectively. We
divide the learning rate by 10 at 150 and 250 epochs for
CIFARI10 and at 40 and 60 epochs for Tiny-ImageNet. We
train our models with a single NVIDIA RTX A5000 GPU.
For ImageNet [5], we train ResNet-50 for 200 epochs using
the AdamW optimizer [21], with batch size, learning rate,
weight decay, 81, and S5 of 256, 5e-4, 5e-2, 0.9, and 0.999,
respectively. We use a cosine annealing technique [20] as
a learning rate scheduler, and train the network with four
NVIDIA RTX A5000 GPUs. For semantic segmentation,
we follow the experimental protocol in MbLS [19]. We use
DeepLabV3 [2] with ImageNet pretrained ResNet-50 as a
backbone and train the model with a single NVIDIA RTX
A5000 GPU. We train the entire model using the SGD op-
timizer for 100 epochs with batch size, learning rate, mo-
mentum, and weight decay of 8, le-2, 0.9, and 5e-4, re-
spectively. We divide the learning rate by 10 at 40 and 80
epochs.

Hyperparameters. We set the margin M to 6 for CI-
FAR10, and 10 for other datasets, following [19]. To set the
hyperparameters A\; and A, in Eq. (10), we first divide 10%
of the training samples for each dataset as a cross-validation
split. We then perform a grid search on the split, and set
the values of 0.1 and 0.01 for A\; and Ao, respectively. For
other regularization-based methods [3, 12, 19, 25, 26, 32],
we use default hyperparameters, provided by the authors.
We provide a detailed analysis on these parameters in the
supplementary material.

'We use the temperature scaling (TS) method [10], where temperature
is optimized on the held-out validation splits. In our experiments, the op-
timal temperatures are 2.9, 1.1, and 1.4 for ResNet-50 on CIFAR10, Tiny-
ImageNet, and ImageNet, and 2.9 and 1.1 for ResNet-101 on CIFAR-10
and Tiny-ImageNet, respectively.

Table 4: Quantitative results of DeeplabV3 [2] on the validation
set of PASCAL VOC [7]. We exploit ResNet-50 [11] as our back-
bone, and measure ECE and AECE with 15 bins. Numbers in bold
indicate the best performance and underlined ones are the second
best.

Method [ mloUf ECE| AECE|
CE 70.92 8.26 8.23

ECP [29] 71.16 8.31 8.26
LS [32] 71.00 9.35 9.95

FL [18] 69.99 1144 11.43

MbLS [19] | 71.20 7.94 7.99

ACLS 70.63 7.29 7.28

4.2. Results

We show in Table 3 quantitative comparisons between
our method with state-of-the-art network calibration meth-
ods [3, 12, 16, 18, 19, 25, 26, 29, 32] on image classifica-
tion. For CIFAR10 [15] and Tiny-ImageNet [17], the num-
bers for the methods [18, 19, 26, 29, 32] are taken from
MDLS [19]. For a fair comparison, we reproduce the results
of MMCE [16], CRL [25], CPC [3], and MDCA [12] with
the same experimental configuration, including network ar-
chitectures and datasets. For ImageNet [5], we reproduce
all the methods in Table 3 with ResNet-50 [11]. From Ta-
ble 3, we can clearly see that ACLS outperforms all previ-
ous calibration methods by significant margins on all bench-
marks in terms of ECE and AECE. In particular, we have
three findings as follows: (1) ACLS outperforms the AR
methods [3, 12] by large margins. MDCA [12] and CPC [3]
penalize target labels using adaptive smoothing functions,
but they often behave undesirably in terms of network cal-
ibration. ACLS addresses this limitation, providing better
ECE and AECE, compared with the AR methods. (2) The
CR method, MbLS [19], regularizes confidence values se-
lectively. However, it does not penalize the target labels
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Figure 2: Comparisons of reliability diagrams on the validation splits of Tiny-ImageNet [

(d) MDCA [12].

(e)MbLS [19].  (f) CRL [25]. (2) ACLS.

] (top) and ImageNet [5] (bottom). We exploit

ResNet-50 [11] and compute ECE with 15 bins. We can clearly see that ACLS provides better results than other methods. Best viewed in

color.

of predicted classes, outperformed by ACLS on all bench-
marks. (3) ACLS alleviates the limitations of AR and CR,
and it also surpasses CRL [25] in terms of ECE and AECE.
We provide in Table 4 quantitative results of semantic seg-
mentation on PASCAL VOC [7]. We can see that our ap-
proach outperforms other methods in terms of network cal-
ibration, suggesting that it also works well for the dense
prediction task.

4.3. Discussion

Reliability diagrams. We show in Fig. 2 reliability dia-
grams on Tiny-ImageNet [ 1 7] and ImageNet [5]. Following
the works of [3, 6, 8, 10, 12, 19, 22,25, 26], we visualize the
reliability diagrams of average accuracies and confidences
for 15 bins. We can see from Fig. 2 that ACLS outperforms
the other methods [3, 12, 19, 25, 32] across the ranges of
confidence. Specifically, we can see from the third, fourth,
and last columns, ACLS shows better calibration capabil-
ity than the AR method [3, 12], since they often behave
in opposition to the desirable smoothing function, in terms
of network calibration situation (See Sec. 3.2). The fifth
and last columns show that the CR method (MbLS [19])
provides larger values of confidences, compared to ACLS,
across all bins. A plausible reason is that it does not penal-
ize target labels when j = g as in Eq. (9). We can see from
the last two columns ACLS surpasses the ACR method [25]
since ACLS alleivates the limitations of AR and CR.

Ablation study on AR and CR. We show in Table 5 an
ablation analysis of variant of regularization methods on
Tiny-ImageNet [17]. The third and fifth rows show the re-
sults of our method that use either a smoothing function of
Eq. (10) or an indicator function of Eq. (11) only. From the
table, we have the following observations: (1) AR and CR
outperform LS by significant margins for both networks.
This demonstrates that our smoothing and indicator func-
tions in Eqgs. (10) and (11) alleviate the miscalibration re-

Table 5: Comparison of different regularization methods in terms
of ECE and AECE on the validation set of Tiny-ImageNet [17].
ECE and AECE are computed with 15 bins. Numbers in bold
are the best performance and underlined ones are the second best.
We denote by A adaptive or conditional regularizers with negative
effects.

Method AR CR ResNet-50 ResNet-101
ECE| AECE| | ECE| AECE|

LS [32] 3.17 3.16 | 220 221
MDCA [12] A 277 261 | 6.06 6.06
Ours (AR only) | v 1.54 142 | 1.34  0.89
MBDBLS [19] A 164 173 | 1.62 1.68
Ours (CR only) v | 132 143 1.38 141
Ours (ACLS) v v | 105 103 | 111 1.15

markably (See the first, third, and fifth rows). (2) We can
clearly see that our smoothing function alleviates the limita-
tion of previous AR methods [3, 12] by large margins (See
the second and third rows). (3) The indicator function in
Eq. (11) surpasses LS and MbLS for both architectures.
This suggests that our indicator function calibrates the net-
work more effectively than LS and MbLS (See the first,
fourth, and fifth rows). (4) ACLS achieves the best perfor-
mance, demonstrating that AR and CR are complementary
to each other.

Ablation study on conditions. We compare in Table 6
ECE and AECE for indicator functions with margin or rank-
ing conditions. To simulate the result in the second row,
we set an indicator function as in Eq. (11), instead of us-
ing the original ranking counterpart in CRL [25]. Similarly,
we use the ranking condition in CRL [25] for the third row.
From the table, we have two findings: (1) For both CRL and
ACLS, the methods exploiting the margin condition outper-
form the ranking counterparts consistently, demonstrating
that the margin is more effective than the ranking condition
in terms of network calibration as described in Sec. 3.2.
The ranking condition compares the ordinal ranking rela-
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Table 6: Quantitative comparison of indicator functions exploit-
ing margin or ranking conditions on the validation split of Tiny-
ImageNet [17]. We use ResNet-50 [11] and compute ECE and
AECE using 15 bins. Numbers in bold indicate the best perfor-
mance and underlined ones are the second best.

\Ranking Margin\ ECE| AECE|

v 1.65 1.52
CRL [25] v 147 1.40

v 1.48 1.19
Ours (ACLS) v 1.05 m

Counts Counts

30000 30000
20000 20000
10000 10000
O0.000 0.025 0.050 0.075 0.100 00.000 0.025 0.050 0.075 0.100

value of Lre value of Lge

Figure 3: Comparisons of Lreg for the ranking condition (ACLS
with ranking condition, left) and the margin (ACLS, right). We
train ResNet-50 [ 1 1] on Tiny-ImageNet [ 17]. For visualization, we
clip the values of Lrgg into the range [0.0, 0.1] and plot histograms
using 20 bins.

tionship based on the correctness of each sample, where the
correctness values are computed by counting the number
of correct classifications for each sample during training.
At the late phase of training, each sample has similar cor-
rectness value, suggesting that the the ordinal ranking re-
lationship will not be satisfied, and preventing regulariza-
tion. We can see from Fig. 3 that the regularizer is inac-
tive (i.e., Lrgg = 0) for 85% of samples, when exploit-
ing ranking conditions (left), while only for 5% of samples
for the margin condition (right). Furthermore, at the early
phase of training, the correctness history is empty, and thus
the networks are trained using softmax CE loss only. This
also degrades the calibration of networks. (2) With the same
condition, ACLS always outperforms CRL. This demon-
strates once again that CRL still suffers from the limitation
of AR, while ACLS mitigates the problem.

Limitation. Similar to other regularization-based calibra-
tion methods [3, 12, 18, 19, 25, 26], ACLS requires re-
training networks from scratch, which is computationally
expensive. Also, ACLS might not behave as expected for
an exceptional case. Let us suppose the case of z; > 2z >
2;,l.e., minz = z; and max z = z;, and assume that z; — z;
and z; — z; are sufficiently large and small, respectively,
and y = j. ACLS tries to reduce z;, since z; — z; is
large enough. The ordering for z; and z; could then be
altered, i.e., z; < 2z, which in turn changes the prediction
after a backward pass (i.e., § = k from j). This might
degrade the classification performance. We have observed
that this altering occurs in 0.29% of samples during the last
epoch of training on Tiny-ImageNet [17].

5. Conclusion

We have provided an in-depth analysis on existing cali-
bration methods, and have found that they can be interpreted
as variants of label smoothing. Based on this, we have pre-
sented a new regularization term for network calibration,
dubbed ACLS, that addresses both overconfidence and un-
derconfidence problems effectively. Finally, we have shown
that our approach sets a new state of the art on standard cal-
ibration benchmarks.
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