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ABSTRACT

Although deep neural networks (DNNs) achieve high predictive accuracy, their
confidence estimates are often unreliable, potentially compromising user trust in
their decisions. This has driven research into calibrated models— where
calibration measures the degree to which a model’s predictive confidence
matches the empirical probability of correctness. However, such a calibration met-
ric can be changed by post-processing output to mimic the uncertainty of training
time, without truly improving the model’s understanding. Hence, statisticians rec-
ommend a model to be refined as well as calibrated. Intuitively, a model is
said to be more refined if there is a large difference in its predictive confidence
for correct and incorrect predictions (sometimes called sharpness). Calibra-
tion and refinement improve the statistical alignment between model uncertainty
and real-world outcomes. We observe that common calibration methods often re-
duce model refinement. To address this, we propose: (1) a novel loss function
that promotes refinement and is optimizable via supervised contrastive loss; (2) a
unified training framework, RefCal, that jointly optimizes for calibration, refine-
ment, and accuracy—enhancing DNN reliability. For eg., we report (accuracy↑,
refinement↑, ECE↓) of (58.81, 95.67, 0.08) on CIFAR-100-LT dataset (10% class
imbalance), surpassing (46.27, 93.7, 0.22) by the well known Correctness Rank-
ing Loss Moon et al. (2020).

1 INTRODUCTION

Advances in datasets, model architectures, and computational resources have made it easier to
achieve high accuracy with deep neural networks (DNNs). Consequently, research has shifted toward
improving complementary performance metrics that enhance model trustworthiness, particularly re-
liability. This is crucial in safety-critical domains such as healthcare and autonomous vehicles,
where models must not only be accurate but also properly quantify and communicate predictive
uncertainty—exhibiting high confidence in correct predictions while reflecting uncertainty in cases
of error. In this work, we examine reliability through both, calibration and refinement. Calibra-
tion measures how well predicted probabilities match true outcome frequencies, while refinement
captures the sharpness of predictions. We formally define both dimensions and argue that both are
essential for robust and trustworthy decision-making in DNNs.

Calibration. We consider a K-class classification problem, with X ∈ X as the input, Y ∈ Y as the
target random variable, and f(X) as the predicted confidence vector from a DNN based classification
model, f . Let P as the set of distributions on Y . Since, our focus is on classification, we use PK to
denote the K-dimensional simplex of corresponding categorical distributions. We use P ∈ PK , and
PY |f(X) ∈ PK to denote the distribution of Y, and conditional distribution given X, respectively.

Definition 1 (Calibration Gruber & Buettner (2022)). A model f : X → P is calibrated, if and only
if, f(X) = PY |f(X).

An alternative formulation focuses on calibrating only the top-label prediction of a model f : X →
PK . Let C = argmaxk fk(X), denote the predicted class with the highest confidence (top-label
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Figure 1: [Why RefCal?]: Our proposed training regime, RefCal optimizes both, Refinement
and Calibration. (a) shows when we calibrate a ResNet-50 model using MMCE Kumar et al.
(2018) calibration on CIFAR100-LT, it results in lower separation between the confidence values
of the correct and incorrect predicted classes (red and blue). To this end, when we use the pro-
posed proxy refinement loss along with calibration (For eg., using MMCE), it can be seen that the
separability of correct and incorrect predictions is enhanced as shown in (b), indicating better re-
finement. Quantitatively, (AUC (↑), ECE (↓)) for (refinement, calibration) improve from (94.40, 0.25)
for MMCE to (95.03, 0.07) for MMCE + proposed refinement loss. (c) We provide Grad-CAM vi-
sualizations for Resnet-18 trained on ImageNet-LT, using a particular calibration technique
(each row, second column), and then by optimizing with the same calibration but adding our re-
finement loss (each, third column). As refinement loss forces a model to separate its confidence for
correct, and incorrect predictions, it also leads the model to focus its attention on the salient object
features, instead of the background.

softmax probability). In this setting, the calibration condition is expressed as:

fC(X) = P(Y = C | fC(X)),

which states that the confidence assigned to the top-label C should match the true probability of C
being the correct class.

Guo et al. (2019) showed that modern DNNs often produce overconfident but incorrect predictions,
prompting various efforts to improve their calibration Platt et al. (1999); Kull et al. (2019); Kumar
et al. (2019; 2018). Train time methods typically reduce over/under-confidence Kumar et al. (2018).

Pitfalls of Calibration Metrics

In a binary classification setting with validation confusion matrix {{0.7, 0.3}, {0.2, 0.8}},
one can post-process test predictions by assigning a fixed confidence vector {0.7, 0.3} to all
malignant predictions and {0.2, 0.8} to all benign ones. This yields good calibration scores
since predicted confidences match observed frequencies. However, this uniform assignment
reduces confidence differentiation between true and false positives, thereby weakening the
model’s discriminative power while preserving accuracy. Post-hoc calibration can improve
calibration metrics many times at the cost of predictive confidence differentiation. Calibra-
tion and refinement (sharpness) improve the statistical alignment between model uncertainty
and real-world outcomes.

Refinement. Refinement was introduced by DeGroot and Fienberg in 1982, promotes sharper pre-
dictive distributions by encouraging confidence scores to be closer to 0 or 1 DeGroot & Fienberg
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(1982). This behavior enhances the model’s ability to distinguish between correct and incorrect
predictions, thereby improving its discriminative power(See Fig. 1). The refinement trade-off was
rediscovered recently, when Moon et al. (2020) proposed correctness ranking loss (CRL) to improve
refinement by enforcing the following relationship for every pair of samples (xi, yi) and (xj , yj):

ci ≤ cj ⇐⇒ P(ŷi = yi | xi) ≤ P(ŷj = yj | xj). (1)

Here y denotes the target label, and ŷ predicted label, for a sample x, and the predictive confidence,
c. Recently, Yuan (2021); Yang et al. (2021) proposed a differentiable loss function that directly
maximizes area under the ROC curve (AUC). They showed that for a two-class classification:

AUC = E[I(ci > cj)], s.t. xi ∈ Sp, and xj ∈ Sn, (2)

where Sp and Sn denote the set of correctly and incorrectly classified samples of a model on the test
set. The result indicates that AUC can be used as metric to score a model’s refinement performance.
We show the improvement in refinement using our proposal with AUC as the metric.

Contributions. The main contributions of this work are:

• A surrogate loss for refinement. We propose a novel surrogate loss function that promotes refine-
ment by encouraging sharper predictive distributions. We show, through mathematical analysis,
that this loss can be minimized using the supervised contrastive loss Khosla et al. (2020), enabling
the reuse of existing contrastive learning frameworks for refinement. On the STL10 dataset (in
binary setting; see Tab. 3), our method achieves an AUC of 99.90, outperforming the state-of-
the-art score of 98.86 Yuan (2021). Scalable refinement for multi-class classification. Existing
refinement or AUC-based optimization approaches are typically limited to binary classification
and require one-vs-all schemes for multi-class settings. In contrast, our formulation—based on
supervised contrastive loss—extends naturally to multi-class classification.

• RefCal: A two-stage framework for optimization of reliability objectives. We introduce
RefCal, a two-stage training procedure that first optimizes for refinement using supervised con-
trastive learning while the second stage fine-tunes the model using standard calibration and accu-
racy losses. On the CIFAR10-LT benchmark, RefCal achieves the best combined performance:
{ECE: 1.05, AUC: 99.04, Accuracy: 88.11}, compared to the SOTA baseline Liu et al. (2022) with
{ECE: 7.05, AUC: 98.59, Accuracy: 87.82}.

• Revisiting the calibration–refinement trade-off for DNN classifiers. Prior literature Murphy
(1973); Singh et al. (2021) interprets Brier score decomposition to imply a trade-off between cal-
ibration and refinement. We clarify that this conflict arises only under the assumption of constant
error. Our empirical results show that refinement can improve alongside calibration and accuracy
(see Fig. 1).

• Source code. We will release code, models, and evaluation protocols upon acceptance.

2 RELATED WORK

Refinement. Refinement in literature is studied in two different styles. The first one aims at the sep-
arability of correct and incorrect predictions with a margin based on the predicted confidence and
the second tries to optimize the ordinal ranking relationship between correctly classified an incor-
rectly classified samples. CRL Moon et al. (2020) is a popular technique in the first category which
learns ordinal relationship by introducing margin-based penalties. In the second style for refinement,
researchers have exploited its relationship with AUC (Eq. 2), and developed techniques to directly
optimize AUC Yang (2022), or its proxy Yuan (2021). Margin maximization seems theoretically and
practically superior, as it facilitates generalization error analysis and presents a clear geometric in-
terpretation of the models being built. The resulting techniques have also been applied to large-scale
medical image datasets Yang et al. (2023). However, the extensions to multi-class do not appear
obvious, and calibration in conjunction with refinement has not been investigated systematically.

Calibration. Train time loss functions such as FL Mukhoti et al. (2020), MMCE Kumar et al. (2018)
Patra et al. (2023)Hebbalaguppe et al. (2024)Rawat et al. (2021) Ghosal et al. (2025) Hebbalaguppe
et al. (2025) etc., aim to alleviate the miscalibration in DNNs but do not address refinement. On
the other hand, post-hoc calibration techniques Ding et al. (2020); Müller et al. (2019); Kull et al.
(2019), tackle miscalibration by adding a parameterized calibration component to a DNN, which
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can be fine-tuned using a separate validation set. Recent calibration metrics include Błasiok et al.
(2023); Gruber & Buettner (2022); Nixon et al. (2019). Post-hoc methods typically have fewer
learnable parameters compared to train-time techniques, resulting in limited calibration capabilities
prompting us to employ train-time calibration in the proposed approach RefCal.

3 PROPOSED METHODOLOGY

We first design a surrogate loss for the refinement objective by proposing a new loss function opti-
mized via supervised contrastive loss Khosla et al. (2020). Next, we perform calibration by training
a classifier on frozen refined representations using standard calibration losses. This two stage proce-
dure is termed RefCal, which achieves state-of-the-art calibration and refinement simultaneously.

3.1 PROPOSED REFINEMENT LOSS

Notation. Let i ∈ I denote indices of all the samples in our dataset. Let zi = f(xi) be representa-
tion/embedding for a sample xi, that we wish to learn through a DNN. We normalize zi such that it
lies on a unit hypersphere. The normalization is important to enable the use of the inner product to
measure distances in the projection space. We also call zi as the anchor, and use zp/zn to denote a
sample with the same/different label as zi. The set of all samples with the same label as zi is called
a positive set (denoted as Pi). Similarly, the set of samples with a different label is called a negative
set (denoted as Ni). We define Ai = Pi ∪ Ni\zi. We propose a new surrogate loss to improve the
refinement as follows:
Definition 2 (Proposed refinement loss).

Lref =
∑
i∈I

(
min
p∈Pi

1

2
∥zi − zp∥2 − min

n∈Ni

1

2
∥zi − zn∥2

)
. (3)

Next, we show in the section below that the proposed refinement loss is a lower bound to the fol-
lowing supervised contrastive loss Khosla et al. (2020):

LSC =
∑
i∈I

− 1

|Pi|
∑
p∈Pi

log

(
exp(zi · zp)/τ∑

a∈Ai
exp(zi · za)/τ

)
. (4)

Here, |Pi| denotes the size of set Pi. Now we state an important result required to establish the
relationship between LSC and Lref,

The cosine similarity between two d-dimensional vectors z1 and z2 with unit ℓ2 norm, can be written
as z1 · z2 ≜ 1

2 (2− ∥z1 − z2∥2).

Proof. Since we normalize the embedding vectors to lie on a unit hypersphere, we have ∥z1∥2 =
∥z2∥2 = 1 by definition. Rewriting z1 · z2 = 1

2 (2 − 2 + 2z1 · z2) and using the expansion for
(z1 − z2) · (z1 − z2), we have z1 · z2 = 1

2 (2 − ∥z1∥2 − ∥z2∥2 + 2z1 · z2). This leads to z1 · z2 =
1
2 (2− ∥z1 − z2∥2).

The supervised contrastive loss, LSC, as given by Eqn. 4, is an upper bound to the refinement loss,
Lref, as in Eqn. 3. That is: LSC > Lref.

Proof. Without loss of generality, but to keep the exposition simpler, we prove the result for tem-
perature τ = 1 in Eqn. 4. The result for τ > 0 can be shown similarly. Setting τ = 1 in Eqn. 4, and
using Jensen’s inequality: −E[log(X)] ≥ − log(E[X]), on the inner summation:

LSC ≥ −
∑
i∈I

log

( ∑
p∈Pi

exp(zi · zp)
|Pi|

∑
a∈Ai

exp(zi · za)

)
, (5)

=
∑
i∈I

log

(∑
a∈Ai

exp(zi · za)∑
p∈Pi

exp(zi · zp)

)
+
∑
i∈I

log(|Pi|). (6)

4



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

Method Venue Ref. Cal. CIFAR100-LT CIFAR100
Top-1 ↑ AUC ↑ ECE ↓ SCE ↓ ACE ↓ Top-1 ↑ AUC ↑ ECE ↓ SCE ↓ ACE ↓

NLL (CE) - ✓ ✗ 47.57 94.00 21.70 0.61 0.52 73.89 98.34 5.95 0.22 0.12
RefCal (Ours) Ours ✓ ✓ 58.46 96.22 13.79 0.47 0.44 76.11 98.36 5.20 0.22 0.15

LS Szegedy et al. (2015) CVPR’15 ✗ ✓ 47.84 92.11 9.21 0.44 0.55 74.66 98.30 11.02 0.31 0.40
RefCal (Ours) Ours ✓ ✓ 58.90 96.65 8.76 0.40 0.47 75.81 99.13 9.15 0.29 0.25
CE + TS Guo et al. (2019) ICML’17 ✓ ✓ 45.35 94.40 28.25 0.71 0.57 73.89 99.10 8.00 0.28 0.23
RefCal (Ours) Ours ✓ ✓ 58.46 96.85 7.62 0.41 0.46 76.11 99.18 6.62 0.24 0.18
MMCE Kumar et al. (2018) ICML’18 ✗ ✓ 49.11 94.40 25.90 0.65 0.50 72.68 98.10 8.67 0.26 0.13
RefCal (Ours) Ours ✓ ✓ 55.90 95.03 7.91 0.54 0.56 75.04 98.35 8.43 0.30 0.25

MixUp Thulasidasan et al. (2019) NeurIPS’19 ✗ ✓ 52.90 95.82 6.10 0.58 0.54 78.30 98.54 5.49 0.25 0.19
RefCal (Ours) Ours ✓ ✓ 56.35 96.37 18.84 0.69 0.72 74.81 98.22 27.02 0.60 0.56

CRL Moon et al. (2020) ICML’20 ✓ ✗ 46.27 93.70 22.03 0.63 0.54 73.89 98.29 5.94 0.22 0.12
RefCal (Ours) Ours ✓ ✓ 58.46 96.22 13.80 0.47 0.44 76.11 98.36 5.21 0.22 0.12
FL + MDCA Hebbalaguppe et al. (2022b) CVPR’22 ✗ ✓ 46.17 94.16 11.32 0.52 0.48 73.46 98.34 5.71 0.22 0.14
RefCal (Ours) Ours ✓ ✓ 58.70 96.23 10.81 0.45 0.42 75.86 98.29 5.25 0.22 0.16
AdaFocal Ghosh et al. (2022) NeurIPS’22 ✗ ✓ 47.68 95.49 29.00 0.72 0.55 68.49 98.70 16.04 0.22 0.14
RefCal (Ours) Ours ✓ ✓ 58.05 96.62 8.41 0.45 0.44 76.20 99.10 5.40 0.22 0.14
MbLS Liu et al. (2022) CVPR’22 ✗ ✓ 48.10 93.00 8.36 0.45 0.47 75.92 98.46 4.80 0.20 0.13
RefCal (Ours) Ours ✓ ✓ 58.79 96.62 8.60 0.41 0.47 75.93 99.11 8.46 0.28 0.23

LogitNorm Wei et al. (2022) ICML’22 ✓ ✗ 52.96 94.74 49.84 0.13 1.30 69.89 97.32 67.80 0.04 1.59
RefCal (Ours) Ours ✓ ✓ 55.89 96.30 25.97 0.68 0.97 72.10 97.55 19.63 0.43 0.19

Table 1: Comparison of refinement and calibration performance on CIFAR100-LT and CIFAR100
using ResNet-50: RefCal (Ours) is our proposed method. We report Top-1, AUC, and calibration
metrics: ECE, SCE, ACE. Bold entries denote the best scores. ‘Ref’ = refinement method; ‘Cal’ =
calibration method. CIFAR100-LT is used with imbalance factor 0.1. All models selected based
on best Top-1 accuracy overaged over 3 runs. Calibration metrics follow conventions used in prior
work: 15 bins for ECE/SCE and adaptive binning for ACE. NLL: Negative log likelihood (cross-
entropy loss). For all methods, we have used the code provided by the authors. All models used for
inference were chosen based on best top 1% accuracy as per norm.

Splitting Ai into Pi and Ni:

LSC ≥
∑
i∈I

log

(
1 +

∑
n∈Ni

exp(zi · zn)∑
p∈Pi

exp(zi · zp)

)
+
∑
i∈I

log(|Pi|). (7)

Since log(1 + x) > log(x) for x > 0

LSC >
∑
i∈I

log

(∑
n∈Ni

exp(zi · zn)∑
p∈Pi

exp(zi · zp)

)
+
∑
i∈I

log(|Pi|). (8)

LSC >
∑
i∈I

log
∑
n∈Ni

exp(zi · zn)− log
∑
p∈Pi

exp(zi · zp)

+
∑
i∈I

log(|Pi|).

Using the inequality: maxi(xi) ≤ log
∑m

i=1 exp(xi) ≤ maxi(xi) +m, we get:

LSC >
∑
i∈I

(
max
n∈Ni

(zi · zn)−max
p∈Pi

(zi · zp)− log |Pi|
)
+
∑
i∈I

log |Pi| (9)

>
∑
i∈I

(
max
n∈Ni

1
2 (2− ∥zi − zn∥2)−max

p∈Pi

1
2 (2− ∥zi − zp∥2)

)
(10)

>
∑
i∈I

(
min
p∈Pi

1
2∥zi − zp∥2 − min

n∈Ni

1
2∥zi − zn∥2

)
. (11)

where we use Lemma 3.1 to replace zi · zn and zi · zp. Hence LSC > Lref.
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Figure 2: Effect of RefCal Training: Spider plot comparing Top-1% Accuracy, AUC, and ECE
with (Blue) and without (Red) RefCal training when ResNet-50 features extractor is used on
CIFAR100-LT dataset. RefCal offers the best Top1% accuracy, AUC, and ECE in majority cases.

4 OPTIMIZING FOR PROPOSED REFINEMENT LOSS

Geometric Interpretation of Refinement Loss: The refinement loss Lref in Eqn. 3 promotes class-
wise clustering by simultaneously: (a) Pulling the nearest positive neighbor closer (via the first term),
thus tightening intra-class clusters; (b) Pushing the nearest negative neighbor farther (via the second
term), widening inter-class margins. Because the margin between a sample and its nearest negative
correlates with classifier performance, Lref acts as a meaningful proxy for refinement. Furthermore,
since LSC upper-bounds Lref (cf. Lemma 3.1), we minimize LSC using the supervised contrastive
loss proposed in Khosla et al. (2020) as a tractable surrogate.

On the Refinement Capabilities of Supervised Contrastive Loss: The central contribution of this
paper lies in introducing a refinement loss whose effectiveness is validated by improved AUC scores
as shown in the results. While supervised contrastive (SC) loss Khosla et al. (2020) is widely known
for enhancing accuracy, we provide the first theoretical and empirical evidence that it also improves
refinement—by showing that it upper bounds our proposed refinement loss. This connection enables
the repurposing of SC optimization techniques for refinement tasks. Although we do not propose a
novel calibration loss, our ability to leverage existing SC and calibration frameworks for refinement
constitutes a key strength of this work.

4.1 REFCAL TRAINING REGIME

We propose a training strategy to develop reliable DNN classifiers that simultaneously exhibit high
refinement, high accuracy, and strong calibration (i.e., low calibration error). It consists of two
stages: (a) Refinement Stage: We pretrain an encoder with supervised contrastive loss Khosla et al.
(2020) to approximate our refinement loss, promoting discriminative and robust class-boundary rep-
resentations. (b) Calibration Stage: Keeping the encoder frozen, we fine-tune a linear classifier
head using a combination of standard classification loss and calibration-specific losses. We exper-
iment with multiple calibration losses (see Tab. 1) to assess their impact. The resulting models
demonstrate strong performance across all three axes: refinement, calibration, and accuracy. A
detailed comparison using various loss combinations is reported in Tabs. 1,3.

5 EXPERIMENTAL DESIGN

Datasets. We utilize well-established classification datasets: CIFAR10 Krizhevsky & Hinton
(2009), CIFAR100, CIFAR100-LTLiu et al. (2019), and large-scale TinyImageNet Le & Yang
(2015), ImageNet-1KDeng et al. (2009) and ImageNet-LT Liu et al. (2019). To evaluate the
robustness of RefCal, we also present results on CIFAR100-C Hendrycks & Dietterich (2018)
with varying degrees of corruption. For binary classification, we construct binary benchmarks from
multi-class: CIFAR10 Krizhevsky & Hinton (2009),STL10 Coates et al. (2011).
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Method (a) ResNet18 on Imagenet-LT (b) EfficientViT-M1 on CIFAR100
Top1 (%) ↑ AUC ↑ ECE (%) ↓ SCE (%) ↓ ACE(%) ↓ smECE(%) ↓ Top1 (%) ↑ AUC ↑ ECE (%) ↓ SCE (%) ↓ ACE(%) ↓ smECE(%) ↓

NLL (CE) 41.76 98.30 16.11 00.07 00.06 15.98 47.77 95.07 29.53 00.71 00.42 27.13
RefCal (Ours) 42.18 98.10 10.82 00.05 00.04 10.38 56.78 96.00 09.67 00.28 00.19 09.17
LS Szegedy et al. (2015) 41.73 97.70 06.06 00.05 00.06 06.02 48.97 92.79 04.11 00.30 00.25 04.06
RefCal (Ours) 42.25 98.10 08.46 00.05 00.04 08.19 56.83 96.20 08.32 00.25 00.19 07.90

CE+TS Guo et al. (2019) 41.76 98.30 09.13 00.06 00.05 08.98 47.77 95.40 15.25 00.43 00.35 14.99
RefCal (Ours) 42.18 98.20 06.14 00.05 00.04 06.00 56.78 96.30 07.82 00.25 00.26 07.55
MMCE Kumar et al. (2018) 41.89 98.10 15.91 00.07 00.06 15.78 48.70 95.11 28.82 00.70 00.42 26.61
RefCal (Ours) 42.22 98.10 10.62 00.05 00.04 10.25 56.74 96.00 09.61 00.28 00.19 09.11
CRL Moon et al. (2020) 41.61 98.10 16.08 00.07 00.06 15.95 49.07 95.11 28.53 00.69 00.41 26.45
RefCal (Ours) 42.18 98.10 10.82 00.05 00.04 10.38 56.75 96.10 09.24 00.27 00.18 08.79
FL+ MDCA Hebbalaguppe et al. (2022b) 40.68 98.40 08.04 00.06 00.06 08.03 47.25 95.25 17.76 00.51 00.37 17.69
RefCal (Ours) 42.19 98.20 07.30 00.05 00.04 07.07 56.69 96.60 05.90 00.24 00.20 05.59
AdaFocal Ghosh et al. (2022) 31.18 95.60 34.01 00.10 00.07 30.26 52.39 96.63 14.35 00.43 00.29 14.36
RefCal (Ours) 41.83 97.80 19.25 00.06 00.04 18.83 53.10 93.90 23.30 00.57 00.43 21.42

MbLS Liu et al. (2022) 41.14 97.70 04.18 00.06 00.05 04.16 49.90 93.85 08.78 00.33 00.25 08.78
RefCal (Ours) 42.23 98.10 08.63 00.05 00.04 08.30 56.82 96.20 08.50 00.26 00.19 08.07
LogitNorm Wei et al. (2022) 42.00 96.00 41.81 00.01 00.16 27.43 44.61 94.68 16.38 00.47 00.35 16.36
RefCal (Ours) 42.04 96.30 41.90 00.01 00.16 25.77 55.93 95.30 25.93 00.60 00.34 22.92

Table 2: (a) [Large Scale Experiments]:Comparison of reliability metrics of RefCal (Ours) vs.
SOTA on ImageNet-LT using ResNet18. (b) [Experiments with Visual Transformers]: Com-
parison of reliability metrics of RefCal (Ours) vs. SOTA on Cifar-100 using Memory Efficient
Vision Transformer architecture EfficientViT-M1 as feature extractor.

Baseline approaches. In our analysis, we incorporate several baseline methods that serve as a basis
for comparison. These include models trained using Negative Log Likelihood NLL (also called
Cross Entropy loss- CE), LS Szegedy et al. (2015), temperature scaling on top of CE, TS+CE,
MixUpThulasidasan et al. (2019), Adafocal Ghosh et al. (2022), MMCE Kumar et al. (2018), CRL
Moon et al. (2020), MDCA Hebbalaguppe et al. (2022b), MbLS Liu et al. (2022), LogitNorm Wei
et al. (2022), and AUCM Yuan (2021).

Metrics. AUC: The area under the receiver operating characteristic curve measures separability
between the classes and is a proxy for refinement. For measuring calibration, we use Expected Cal-
ibration Error (ECE), Static Calibration Error (SCE), and Adaptive Calibration Error (ACE), Smooth
Calibration Error (smECE).

Implementation details. We implemented a multi-stage training methodology as outlined in Khosla
et al. (2020), this is used to minimize our surrogate loss for refinement. The training process in-
volves two phases. In the first stage, the emphasis is on feature extraction, which is achieved using a
ResNet-50 He et al. (2016)/EfficientViT-M1Cai et al. (2022) network trained with the supervised
contrastive loss for 1000 epochs. Subsequently, after the initial training phase, we freeze the param-
eters of the Stage 1 network, and introduce a classifier, constituting the second stage of our training
procedure. In this second stage, a linear classifier was trained using a combination of classification
and calibration losses for an additional 100 epochs.

Relevance and Applications:

Although we evaluate on moderate-scale datasets, the considered architectures (ResNet,
Efficient-ViT, and MobileNet) are widely used in real-world vision systems ranging from
medical imaging to edge deployment. Thus, our findings are directly relevant to practical
deployment scenarios where model reliability and confidence calibration are critical. Future
work will explore fine-tuning VLMs under the RefCal regime to enhance reliability.

6 RESULTS

6.1 MULTI-CLASS CLASSIFICATION

Method Top-1 (%) ↑ AUROC ↑ ECE ↓ SCE ↓ ACE ↓ smECE ↓
NLL (CE) 96.71 99.37 1.21 1.64 1.47 1.20
RefCal (Ours) 98.69 99.80 1.13 1.11 1.02 1.00

LS Szegedy et al. (2015) 96.64 98.92 9.23 9.25 9.23 9.32
RefCal (Ours) 98.58 99.90 3.02 3.21 2.97 3.03

CE + TS Guo et al. (2019) 96.71 99.40 0.41 1.21 1.16 0.66
RefCal (Ours) 98.69 99.90 0.26 0.51 0.46 0.47

MMCE Kumar et al. (2018) 96.19 99.30 1.22 1.38 1.19 1.22
RefCal (Ours) 98.74 99.88 1.13 1.16 1.00 0.98

MixUp Thulasidasan et al. (2019) 96.58 99.36 6.01 6.30 6.26 6.04
RefCal (Ours) 98.58 99.90 3.16 3.17 3.13 3.16

CRL Moon et al. (2020) 96.88 99.47 1.46 1.45 1.40 1.50
RefCal (Ours) 98.69 99.88 1.13 1.12 1.02 1.01

AUCM Yuan (2021) 95.49 98.86 3.04 3.11 2.97 2.76
RefCal (Ours) 98.56 99.90 0.56 0.81 0.82 0.64

FL + MDCA Hebbalaguppe et al. (2022b) 95.49 98.23 0.93 1.97 1.98 0.98
RefCal (Ours) 98.68 99.35 1.30 1.28 1.12 0.80

AdaFocal Ghosh et al. (2022) 96.16 99.11 1.10 1.10 1.03 1.06
RefCal (Ours) 98.69 98.68 1.31 0.67 0.64 0.67

MbLS Liu et al. (2022) 96.98 99.42 1.09 1.18 0.85 1.15
RefCal (Ours) 98.71 99.91 0.82 0.86 0.64 0.85

Table 3: Comparison of reliability metrics for bi-
nary classification with ResNet-50 He et al.
(2016) on STL10 dataset Coates et al. (2011).

We conduct experiments on 8
datasets (ImageNet-1K, CIFAR100,
ImageNet-LT, CIFAR100-LT, STL10,
TinyImageNet, CIFAR100-C (Corrupted
CIFAR100)) and CIFAR10). The results for
the first 5 datasets are in the main text while the
supplementary consists of TinyImageNet,
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Method
CIFAR-10

FPR@TPR95 ↓ Det Error ↓ AUROC ↑ AUPR In ↑ AUPR Out ↑
NLL (CE) 30.50 08.80 95.90 96.90 94.70
+ RefCal (Ours) 16.30 07.10 97.50 97.70 97.00
LS Szegedy et al. (2015) 29.30 09.30 92.60 86.80 92.40
+ RefCal (Ours) 17.00 08.20 97.10 97.60 96.30
CE+TS Guo et al. (2019) 22.20 08.10 97.00 97.60 96.40
+ RefCal (Ours) 14.10 06.80 97.90 98.20 97.60
MMCE Kumar et al. (2018) 12.10 06.90 98.30 98.40 98.20
+ RefCal (Ours) 20.80 10.30 97.30 85.80 95.60

CRL Moon et al. (2020) 27.90 08.20 96.30 97.20 95.30
+ RefCal (Ours) 16.30 07.10 97.50 97.70 97.00
AUCM Yuan (2021) 38.30 12.10 93.40 93.60 92.40
+ RefCal (Ours) 10.20 06.60 98.20 98.50 98.00
FL+ MDCA Hebbalaguppe et al. (2022b) 20.50 08.00 97.10 97.70 96.60
+ RefCal (Ours) 18.00 07.20 97.30 97.40 96.50

MbLS Liu et al. (2022) 25.00 08.20 96.40 97.10 95.10
+ RefCal (Ours) 16.90 07.80 97.20 97.70 96.60

Table 4: [Robustness to OOD data]: Comparison of reliability metrics of RefCal (Ours) vs. SOTA.
We use ResNet-50 backbone on in-distribution dataset CIFAR10 and test on OOD dataset SVHN.

CIFAR10 and CIFAR100-C results. Tab.
1 shows that training with RefCal achieves
a significant improvement in refinement as
measured by AUC and a reduction in calibration
error (ECE, SCE, ACE) while also providing an
accuracy increase. To understand the benefits
of RefCal, observe the performance of our
approach to non-calibrated/directly calibrated
baseline models. Notice a jump in accuracy by over 10% in every case, similarly on AUC we do see
a consistent increase. The reduction in calibration error (ECE and smECE) is also seen in majority
of the cases.

Fig. 3 presents the error bars for 3 runs and comparative study highlighting AUC vs. calibration
trade-offs associated with existing techniques and RefCal (Top-left is the most desirable location
on the chart suggesting higher AUC and lower calibration error). Specifically, we found the mean
and one standard scatter error for AUC and ECE plot shows the lower variances in case of RefCal
variants emphasizing its reliability in comparison with SOTA. Note the variant RefCal +CE+TS
(ours) offers the highest AUC-low calibration error with the next best being AUCMYuan (2021).
We also compare Top 1% accuracy vs. calibration trade-off associated with contemporary
techniques and RefCal. The mean and one standard scatter error bars for Top 1% accuracy
and ECE reveal that RefCal variants not only offer lower variance but also reasonably good top 1%
accuracy and calibration error trade-off.

Performance on various feature extractors and large scale datasets. RefCal continues to per-
form superior on ImageNet-LT/ImageNet and even using a different backbone architecture
EfficientViT-M1Cai et al. (2022) as evidenced in the Tab. 2 in majority of the cases. Fig.
2 shows the spider plot illustrating that applying RefCal (blue) consistently improves Top1% Ac-
curacy and AUC across different calibration methods compared to models without RefCal (red).
Additionally, ECE is significantly reduced with RefCal, indicating better model reliability.

6.2 BINARY CLASSIFICATION

For binary classification, we employ multi-class classification datasets, transforming them into bi-
nary classification datasets. The categorization of classes within these datasets is done by grouping
semantically relevant classes together. We construct binary benchmark dataset: STL10 Cao et al.
(2019) following the settings mentioned in Yuan (2021). Tab. 3 reports results on binary classifica-
tion. We outperform/are comparable to the SOTA on binary classification tasks in Top 1% accuracy,
ECE, and AUC.

6.3 ROBUSTNESS OF REFCAL

Robustness to out-of-distribution (OOD) samples (semantic shift). A well-calibrated model
should not only exhibit low confidence whenever it misclassifies but also in situations when it en-
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Figure 3: (Left) AUC vs. ECE trade-off and (Right) Top 1% accuracy vs. ECE trade-off for ResNet-
50 on CIFAR100-LT (IF=10%). Higher AUC and Top 1% accuracy with lower ECE (top-left) are
desirable. Lower variance in AUC and ECE highlights the reliability of RefCal variants.

Input Image Calibration Loss (C.L.)  RefCal (Ours) Calibration Loss (C.L.)  RefCal (Ours) Calibration Loss (C.L.)  RefCal (Ours) 

Pred: Electric ray Pred: Strainer (95.8%)Pred: Strainer (95.8%) Pred: Stingray (51.8%)

Pred: Red panda (16.8%) Pred: Hen-of-the-woods (7.5%) Pred: Lighthouse (7.9%)

Pred: Electric ray (48.4%) Pred: Electric ray (48.6%) Pred: Electric ray (22.2%) Pred: Electric ray (39.0%)

Pred: Indigo finch Pred: hornbill (22.0%) Pred: Indigo finch (47.3%) Pred: Indigo finch (24.9%) Pred: Indigo finch (30.3%) Pred: Indigo finch (33.1%)Pred: Indigo finch (46.8%)

Pred:Hen Pred: Cock (17.9%) Pred: Cock (19.5%) Pred: Cock (18.6%)

Pred: Snowbird (88.56%) Pred: Snowbird (41.1%) Pred: Snowbird (56.0%) Pred: Snowbird (63.6%) Pred: Snowbird (62.4%)Pred: SnowbirdPred: Snowbird Pred: Chickadee (51.8%)

C.L.=NLL

(no calibration)

C.L.=MMCE C.L.=FL+MDCA

Figure 4: [Grad-CAM]: Our proposed training regime, RefCal allows for joint optimization of
calibration and refinement. Grad-CAM visualizations for Resnet-18 trained on ImageNet-LT,
using a particular calibration technique (column bearing title Calibration Loss (C.L.)), and then by
jointly optimizing with the same calibration but adding our refinement loss (columns bearing title
RefCal i.e., columns 3,5, and 7). Here, the Calibration Loss tested are: NLL (no calibration) in
column 2, MMCEKumar et al. (2018) in column 4, and FL+MDCAHebbalaguppe et al. (2022a) in
column 6. Note: Numbers in parentheses indicate predictive confidence for each method. Since, the
refinement loss forces a model to separate its confidence for positive, and negative samples, it also
leads the model to focus its attention on the salient object features, instead of the background.
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Method
CIFAR-100C

Top1 (%) ↑ AUROC ↑ ECE (%) ↓ SCE (%) ↓ ACE(%) ↓ smECE(%) ↓
×10−2 ×10−2 ×10−2

NLL (CE) 24.81 84.08 24.73 00.80 00.79 23.84
+ RefCal (Ours) 32.97 91.72 16.93 00.73 00.71 16.79
LS Szegedy et al. (2015) 23.53 80.08 03.36 00.35 00.49 03.32
+ RefCal (Ours) 30.01 91.75 14.86 00.56 00.93 14.78

CE+TS Guo et al. (2019) 24.81 85.09 05.30 00.57 00.62 05.22
+ RefCal (Ours) 32.97 92.54 02.17 00.59 00.69 02.18
MMCE Kumar et al. (2018) 23.54 84.15 24.85 00.77 00.78 23.90
+ RefCal (Ours) 32.22 93.21 02.00 00.65 00.76 02.00
CRL Moon et al. (2020) 23.34 86.62 07.21 00.62 00.64 07.11
+ RefCal (Ours) 32.96 91.72 16.94 00.73 00.71 16.79

AUCM Yuan (2021) 19.02 83.71 05.75 00.68 00.68 05.57
+ RefCal (Ours) 31.36 92.95 29.47 00.08 01.34 27.36

FL+ MDCA Hebbalaguppe et al. (2022b) 22.83 85.03 11.90 00.69 00.72 11.89
+ RefCal (Ours) 32.25 91.98 10.98 00.69 00.70 10.96
AdaFocal Ghosh et al. (2022) 34.76 91.69 37.89 00.94 00.82 32.83
+ RefCal (Ours) 32.43 92.61 07.78 00.68 00.70 07.78
MbLS Liu et al. (2022) 23.47 0.80 19.12 00.64 00.66 18.97
+ RefCal (Ours) 29.95 92.11 09.30 00.62 00.85 09.29
LogitNorm Wei et al. (2022) 25.56 84.34 24.03 00.05 01.01 23.18
+ RefCal (Ours) 33.93 90.67 32.61 00.03 01.28 29.55

Table 5: [Robustness to corruptions]: Comparison of reliability metrics of RefCal (Ours) vs.
SOTA]: We use ResNet-50 He et al. (2016) backbone on CIFAR100C Hendrycks & Dietterich
(2018) The results are averaged with 5 degrees of severity of Gaussian noise. We observe that
RefCal scores are consistently on-par/superior over train-time calibrators and refinement methods.

counters data that belongs to a new/different class different than the training classes. We investigate
if RefCal can acquire representations that demonstrate increased resilience to OOD samples by
assigning them low confidence. Tab. 4 summarizes the OOD detection performance of our model
and highlights the capability to reject such unknown samples by increasing AUC between the in-
distribution and OOD samples and decreasing both FPR@0.95TPR, and Detection Error.

Robustness to Natural corruptions. It is indeed encouraging to note that models trained on
RefCal regime are not only better calibrated, refined, and accurate, but also seem to perform well
when the test distribution is CIFAR100C (corrupted CIFAR 100 datasetHendrycks & Dietterich
(2018) when the model is trained on CIFAR100 dataset. Tab. 5 (a) indicates higher reliability even
in the case of natural corruptions.

Grad-CAM visualization. Figs. 1 and 4 compares Grad-CAM visualizations of RefCal and
contemporary methods showing that refinement loss shifts attention from background to salient
object features by separating confidence for correct and incorrect predictions.

Limitations. We observe that combining our loss Lref with calibration methods such as AUCM Yuan
(2021), MixUp Zhang et al. (2018), and Adafocal Ghosh et al. (2022) can be challenging on some
datasets. Although Lref provably improves refinement, joint optimization with multiple losses via
SGD introduces complex interactions. We conjecture that some calibration methods produce repre-
sentations more compatible with Lref than others, which we defer to future work. Our approach uses
SupCon Khosla et al. (2020) during training, incurring higher training cost than post-hoc calibration,
but yielding substantial reliability gains with no additional inference overhead.

7 CONCLUSIONS

This paper demonstrates that existing calibration methods can improve calibration metrics while
degrading prediction refinement. To address this, we propose a novel surrogate loss for refinement.
We theoretically show that supervised contrastive loss upper-bounds our refinement loss, making it
a suitable surrogate for minimization. Building on this, we introduce RefCal, a training frame-
work that optimizes refinement, calibration, and accuracy. Experiments on standard classification
benchmarks show that our approach outperforms or comparable to the SOTA methods in producing
accurate, well-calibrated, and refined predictions, thereby enhancing the classification reliability.
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