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Abstract. Larger learning rates are frequently associated with better
generalization, as they encourage exploration of flatter minima in the loss
landscape. In this work, we show that the large learning rate phase pro-
duces predictive distributions that naturally capture dataset-dependent
uncertainty and structured relationships between classes. Across several
datasets, we observe that models trained with a large learning rate ex-
hibit significantly lower calibration error early in training, indicating
that large learning rate dynamics generate probability distributions that
are more faithful to the intrinsic uncertainty of the data labels. Build-
ing on this observation, we introduce Learning Rate Informed Priors
(LRIP), a simple training strategy that reuses the predictive distribu-
tions obtained at the end of the large learning rate phase as improved
supervision targets. LRIP replaces uniform or heuristic smoothing with
sample-dependent priors extracted directly from the model when its pre-
dictions are the most calibrated. Extensive experiments across differ-
ent modalities and learning-rate schedules demonstrate that LRIP con-
sistently improves calibration while maintaining competitive accuracy.
These findings highlight a new perspective on the role of large learning
rates: beyond optimization benefits, they induce informative predictive
uncertainty that can be directly leveraged to build more reliable and
better-calibrated models.

1 Introduction

The learning rate (LR) plays a central role in deep neural network training.
Its value affects optimization stability, the scale of parameter updates, and the
type of solutions reached at convergence. A large learning rate typically refers
to a regime in which the LR is set close to the maximum value that still al-
lows stable training, often several orders of magnitude larger than the values
used during the refinement phase. Such regimes have been extensively studied,
notably in the context of super-convergence [24], where high learning rates in-
duce rapid exploration of the loss landscape and can lead to faster or improved
generalization. Consequently, most existing work has focused on understanding
these optimization dynamics, emphasizing mechanisms such as escaping sharp
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minima, increased gradient noise, or transitions in dynamical regimes [10, 14,
9]. However, these perspectives primarily describe how parameters evolve, and
do not address what kind of information is encoded in the model’s predictions
during training.

In supervised learning, predicted probabilities are as important as the final
predicted label. Their quality is assessed through calibration, which measures
how well predicted confidences reflect true likelihoods: a well-calibrated model
reporting 90% confidence should be correct approximately 90% of the time [7].
Although calibration is increasingly recognized as a key property for reliable
deep models, its behavior during training remains only partially understood. A
key factor behind miscalibration lies in the training objective itself: standard
cross-entropy optimization encourages predicted probabilities to match one-hot
targets, implicitly pushing the model toward increasingly confident predictions.
While this improves classification accuracy, it often leads to overconfident out-
puts that fail to properly reflect uncertainty, especially in later stages of training.
Existing remedies either apply post-hoc corrections such as temperature scaling,
or inject hand-crafted uncertainty through label smoothing and its variants [25,
16, 21]. Both families rely on externally defined targets that do not depend on
the actual data distribution encountered during training.

In this work, we take a different perspective and focus on the predictive
distributions produced during training itself. Through a systematic empirical
analysis across multiple datasets and tasks, we observe a consistent and previ-
ously underexplored phenomenon: during the early stages of training when the
learning rate is large, neural networks produce significantly better-calibrated
predictions than at later stages. In this regime, the model assigns non-negligible
probabilities to semantically or visually related classes, resulting in softer and
more structured predictive distributions. These distributions naturally capture
dataset-dependent ambiguities and encode relationships between classes that
are not present in one-hot labels or uniformly smoothed targets [25]. However,
as training progresses and the learning rate decreases, this property gradually
disappears, leading to increasingly overconfident predictions.

We introduce Learning Rate Informed Priors (LRIP), a simple training strat-
egy that reuses these early predictions as sample-specific supervision targets dur-
ing later stages of training. By replacing fixed priors with data-dependent ones,
LRIP improves the modeling of class uncertainty while preserving a lightweight
and practical training procedure.

Our contributions are as follows:

1. Characterization of the large LR phase: we show that early predictions
obtained under a large learning rate capture dataset-specific ambiguity and
exhibit significantly better calibration than predictions produced later in
training.

2. A principled training strategy: we propose LRIP, which reuses the pre-
dictive distributions at the large LR stage as informative priors for subse-
quent training via a KL regularization term, leading to improved supervision
compared to one-hot or uniformly smoothed labels [25].
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3. Evaluation across modalities: we demonstrate that LRIP consistently im-
proves calibration on image classification, text classification, and semantic
segmentation tasks, comparing favorably to recent calibration-aware meth-
ods such as MbLS [16], ACLS [21], and CALS [17].

This work highlights that the large learning-rate phase is not only an op-
timization mechanism, but also a source of informative predictive distributions
that can be exploited to enhance model calibration.

2 Related work

Large learning rates in Neural Network training
Large learning rates (LRs) have been widely studied for their impact on op-
timization behaviour and generalization. Several works analyze how large LR
values influence the training trajectory and the types of solutions reached by
stochastic gradient descent (SGD) [5, 1], including studies on learning dynamics
[13] and learning order effects [14]. Practical schedules such as cyclical LRs [23],
warm restarts [18], and large batch scaling rules [6] further highlight the impor-
tance of the LR regime for effective training. Our work differs in focus: rather
than studying optimization geometry or dynamics, we examine the predictive
distributions produced during the large LR phase and how they can be reused.
Calibration-oriented training approaches
Model calibration has been addressed through post-hoc techniques like Tem-
perature Scaling [22, 7, 3] and through training-time regularizers such as Label
Smoothing [25], Focal Loss calibration [19], and adaptive or class-conditional
formulations including MbLS [16], CALS [17], and ACLS [21]. These methods
alter the target distributions or gradients to encourage better confidence esti-
mates during training to improve calibration.
Positioning of our contribution
LRIP is complementary to these methods. Instead of designing new smoothing
rules or confidence penalties, LRIP reuses the model’s own predictions obtained
during the large LR phase as sample-specific priors. To our knowledge, the idea
of exploiting early large LR predictions as informative supervisory targets has
not been explored in prior calibration or large LR studies.

3 Training loss and calibration background

3.1 Cross-Entropy loss and model calibration

Given an input x and its corresponding ground-truth label y, a deep neural
network (DNN) outputs a logit vector z ∈ RC , where C denotes the number
of classes. The predicted probability for class j, also called label confidence, is
obtained through the softmax function:

pj =
exp(zj)∑C
k=1 exp(zk)

, (1)
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Training is typically performed using the cross-entropy (CE) loss:

LCE = −
C∑

k=1

qk log pk, (2)

where q is the target distribution (usually one-hot). The gradient with respect
to the logit vector element zj is:

∂LCE

∂zj
= pj − qj . (3)

The CE loss encourages the model to minimize the discrepancy between the
predicted probability distribution p and the target distribution q, thereby facil-
itating the learning of discriminative feature representations. Ideally, the prob-
ability pj corresponding to the true class j should approach one, matching the
target qj . To achieve this, the CE loss drives an increase in the corresponding
logit vector element zj (and consequently in the probability pj).

Model Calibration and Metrics

Model calibration refers to the agreement between a classifier’s predicted con-
fidence and its empirical correctness. A classifier is said to be well-calibrated
when predictions made with a given confidence level are correct with approxi-
mately the same frequency. A standard quantitative formulation of this notion
is provided by the Expected Calibration Error (ECE) [19], which measures the
discrepancy between predicted confidence and observed accuracy.
Consider a set of N predictions, each associated with a predicted label ŷi and an
associated confidence p̂i ∈ [0, 1]. To estimate calibration, predictions are parti-
tioned into M disjoint confidence bins {Bm}Mm=1, each corresponding to a fixed
confidence interval.
For a given bin Bm, the empirical accuracy is defined as

Am =
1

|Bm|
∑
i∈Bm

1(ŷi = yi),

while the average confidence is given by

Cm =
1

|Bm|
∑
i∈Bm

p̂i,

where 1(·) denotes the indicator function.
The Expected Calibration Error is then defined as

ECE =

M∑
m=1

|Bm|
N

|Am − Cm|. (4)
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Lower values of ECE indicate better calibration. Over-confident models corre-
spond to bins where Cm > Am, while under-confident models satisfy Cm < Am.
A closely related variant, Adaptive ECE (AECE)[20], follows the same formu-
lation but uses bins constructed to contain approximately equal numbers of
samples, providing a complementary view of calibration behaviour.

Illustrative example (medical thresholding). Consider an automated system for
detecting malignant lesions in medical images. Clinicians choose to automatically
accept predictions with confidence p̂ ≥ 0.90, and send the rest for manual review.

– If the model is well-calibrated (low ECE/AECE): Predictions above
0.90 confidence are truly correct about 90% of the time, meaning that among
100 such predictions the model makes about 90 correct decisions and 10
errors, in average.

– If the model is over-confident (high ECE/AECE): The model still
reports confidence above 0.90, but its actual accuracy in this range drops in
fact to only 60%. Thus, for the same 100 high-confidence predictions, it now
produces 60 correct decisions and 40 errors, in average.

This example shows that accuracy alone is insufficient in high-stakes settings: it
is the calibration and thus the reliability of the confidence scores that determines
whether threshold-based decisions are safe or not.

4 Proposed Method

The learning rate (LR) strongly influences the dynamics of neural network train-
ing. Large learning rates induce an exploratory regime in which model predictions
remain relatively soft, assigning non-negligible probabilities to multiple classes.
Such predictive distributions can be interpreted as encoding dataset-dependent
uncertainty and class relationships.

This perspective establishes a direct connection with calibration-oriented
training methods. Approaches such as Label Smoothing [25] introduce uncer-
tainty through predefined priors, typically uniform, which are agnostic to the
data distribution. As a result, they fail to capture sample-specific ambiguities.

We instead propose to leverage the model’s own predictive distributions ob-
tained during the large learning rate phase as data-dependent priors. In the
following, we formalize this idea and introduce Learning Rate Informed Priors
(LRIP), a simple training strategy that integrates these distributions into the
learning objective. Label smoothing [25] and its adaptive variants attempt to
compensate for the limitations of one-hot labels by injecting uncertainty manu-
ally. In contrast, the early predictions obtained under a large learning rate arise
naturally from the learning capturing relevant a class ambiguities. Our goal in
this section is to propose how these predictions can be integrated into the learn-
ing objective.
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4.1 Label Smoothing as a Probabilistic Objective

Given a one-hot target vector y ∈ RK , a prediction vector p ∈ RK , and a
smoothing factor ε ∈ [0, 1[, Label Smoothing (LS) [25] replaces the one-hot hard
target with a softened distribution. Here, K denotes the number of classes and
the index j ∈ {1, . . . ,K} refers to a specific class. In LS, the smoothed target is
defined as:

yLS
j = (1− ε) yj +

ε

K
.

The corresponding loss is now:

LLS = −
K∑
j=1

yLS
j log pj ,

where pj denotes the predicted class probability defined in Eq. (1).
By expanding this expression and using the definition of the cross-entropy loss
in Eq. (2) together with the Kullback–Leibler divergence, the LS objective can
be rewritten as:

LLS = (1− ε)LCE(y, p) + εDKL(uuni ∥ p) + ε logK,

where uuni =
(

1
K , . . . , 1

K

)
is the uniform distribution over the K classes and

DKL(·∥·) denotes the Kullback–Leibler divergence.
This formulation makes explicit that LS combines the standard cross-entropy
objective with a KL regularization term toward a fixed prior, yielding a proba-
bilistic interpretation of label smoothing.

4.2 Learning Rate Informed Priors (LRIP)

We propose to replace the fixed uniform prior with a data-dependent prior ex-
tracted from the model during training. LRIP relies on a simple observation:
learning-rate schedules typically include an exploratory phase where the LR is
large (e.g., warm-up or OneCycle policies), followed by a refinement phase where
the LR decreases. We define t⋆ as the iteration at which the learning rate reaches
its maximum.

At this point, we extract the predictive distribution for each training sample:

uLR(xn) = p(xn; θt⋆),

where θt⋆ are the model parameters at the LR peak. These distributions are then
used as sample-specific priors in the training objective:

L(xn) = (1− ε)LCE(yn, pn) + εDKL(uLR(xn) ∥ pn) .

This formulation preserves the discriminative objective while encouraging
consistency with the uncertainty captured during the exploratory phase.
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4.3 Training Procedure

Training proceeds in two operational stages (see Fig. 1 for an overview):

Exploratory stage (large learning rate). The model is trained using the standard
cross-entropy loss while the learning rate remains at or increases toward its
maximum value. This phase which depends only on the schedule continues until
the learning rate reaches its peak. At this point, indexed by t⋆, we record the
extracted predicted confidence uLR(xn) for every training sample. The proposed
rule requires no additional hyperparameters beyond the smoothing strength ε
used in the final objective.

Refinement stage (post-peak). When the learning rate begins to decrease, train-
ing switches to the LRIP objective. The KL term regularizes the model toward
the stored priors, allowing the network to refine decision boundaries while being
aware of uncertainties obtained during the first phase exploration.

Exploration Phase

• Loss = CE
• Large LR

(OneCycle / LR
decay)

Smooth prediction
& uncertain

Snapshot t∗

• Store priors

uLR(x) = p(x; θt∗ )

Exploitation Phase

• Loss = CE + KLpriors
• Low LR

Refine accuracy while
keeping uncertainty

KL
priors Final Model

Accurate and
well-calibrated

Fig. 1: Overview of the LRIP method. Early predictions obtained at the large
learning rate phase are used as sample-specific priors during the refinement stage.

4.4 Computational Cost and Implementation Details

LRIP introduces minimal overhead compared to standard training.

Additional computation. The method requires a single additional forward pass
over the training set at t⋆ to extract predictive distributions. This operation has
a cost equivalent to one evaluation epoch and does not involve backpropagation.

Storage strategy. In our implementation, the predictive distributions uLR(xn)
are computed once at t⋆ and stored for all training samples. These stored priors
are then reused during the refinement phase without recomputation. This incurs
a one-time memory cost proportional to O(N × K), where N is the number
of samples and K the number of classes, which remains constant throughout
training.

Overall cost. LRIP does not introduce additional trainable parameters, does not
require hyperparameter tuning beyond ε, and adds only minimal computational
overhead corresponding to a single forward pass over the dataset.
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5 Experiments

We structure our experimental evaluation in two parts. We first conduct a con-
trolled study to empirically motivate the design of LRIP by isolating the ef-
fect of learning rate magnitude on calibration (Section 5.2). We then evaluate
LRIP against existing calibration methods across multiple datasets and modal-
ities (Section 5.3).

5.1 Experimental Setup

Datasets. We conduct experiments on CIFAR-10 [11], Tiny-ImageNet [?], CUB-
200-2011 [26], 20 Newsgroups [12], and PASCAL VOC 2012 [4]. CIFAR-10 con-
tains 50,000 training and 10,000 test images across 10 classes. Tiny-ImageNet
includes 100,000 training images and 10,000 test images over 200 classes. CUB-
200-2011 consists of 11,788 fine-grained bird images across 200 categories. The
20 Newsgroups dataset contains 20,000 text documents from 20 topics, several
of which are semantically close. PASCAL VOC 2012 is a standard semantic
segmentation benchmark with 20 object categories.
Architectures and optimizers. For CIFAR-10 and Tiny-ImageNet, we use
ResNet-50 [8]; for CUB-200-2011, ResNet-101 [8]; for 20 Newsgroups, a GPCN
architecture [15] with pretrained GloVe embeddings; for PASCAL VOC 2012,
DeepLabV3 [2] with an ImageNet-pretrained ResNet-50 backbone. Batch sizes
are set to 128 for CIFAR-10, 64 for Tiny-ImageNet, 16 for CUB-200-2011, 64 for
20 Newsgroups, and 8 for PASCAL VOC 2012. Optimization uses SGD (momen-
tum 0.9, weight decay 5×10−4) for vision tasks and Adam (β1 = 0.9, β2 = 0.999)
for 20 Newsgroups, following standard choices in the calibration literature [16,
21].
Metrics. For all datasets, we report Top-1 Accuracy (ACC), Expected Cali-
bration Error (ECE, %), and Adaptive ECE (AECE, %). For semantic segmen-
tation, we additionally report mean Intersection-over-Union (mIoU, %). Lower
ECE and AECE indicate better calibration.
LRIP hyperparameters. The smoothing strength is fixed to ε = 0.1 for all
datasets except 20 Newsgroups where ε = 0.3. The snapshot epoch t⋆ is fully
determined by the learning-rate schedule and requires no additional tuning: for
step-decay schedules, t⋆ corresponds to the first decay epoch; for OneCycle,
t⋆ = pct_start × T . Concretely: t⋆ = 50 for CIFAR-10 (150 epochs, decay
at 50 and 100), t⋆ = 40 for Tiny-ImageNet (100 epochs, decay at 40 and 60),
t⋆ = 48 for CUB-200-2011 (OneCycle, 160 epochs, pct_start=0.3), t⋆ = 9 for 20
Newsgroups (OneCycle, 30 epochs, pct_start=0.3), and t⋆ = 40 for PASCAL
VOC 2012 (100 epochs, decay at 40 and 80). For image and text classification,
each model is trained with three different random seeds and results are averaged.
For PASCAL VOC 2012, we directly reuse the results reported by MbLS [16]
and ACLS [21] under their original protocol.
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5.2 Effect of Learning Rate Magnitude on Calibration

Before evaluating LRIP against competing methods, we isolate the effect of learn-
ing rate magnitude on calibration through a controlled study using fixed learn-
ing rates throughout training. This removes any confound from scheduling and
directly exposes the relationship between LR magnitude and the quality of pre-
dictive distributions.

We study three LR values per dataset representing large, intermediate, and
small ranges, using the same architectures and optimizers described above, trained
for 50 epochs with a constant LR.
Results. Table 1 and Fig. 2 show that LR magnitude directly influences calibra-
tion behaviour. Large learning rates produce lower ECE and AECE values even
when accuracy is still increasing: predicted confidences remain soft and spread
across related classes, reflecting dataset ambiguity. Intermediate LRs yield the
highest accuracy but consistently lead to higher calibration error, as outputs
sharpen early and become overconfident. Very small LRs underfit both accu-
racy and calibration without producing meaningful probability structures. This
pattern is consistent across all four datasets.

Table 1: Effect of a fixed learning rate on training accuracy and calibration. Best
values per dataset are bolded.

Dataset LR ACC_train ECE_train AECE_train

CIFAR-10
0.1 85.34 0.70 0.58
0.01 94.52 0.17 0.12
0.001 70.92 0.68 0.67

Tiny-ImageNet
0.1 41.55 1.92 1.89
0.01 74.09 12.56 12.56
0.001 33.24 6.49 6.49

CUB-200-2011
0.1 20.13 3.32 3.83
0.01 57.32 11.50 11.50
0.001 0.87 0.15 0.32

20 Newsgroups
0.01 65.79 1.60 1.60
0.001 95.65 0.62 0.69
0.0001 79.25 6.47 6.45

Discussion. Large LRs generate predicted confidences that remain spread over
related classes, better reflecting dataset ambiguities and leading to substantially
lower calibration error. Intermediate and small LRs either collapse too quickly
into overconfident predictions or fail to explore the data effectively. These obser-
vations directly motivate LRIP: if predictions under a large LR encode meaning-
ful uncertainty and class relationships, capturing them at t⋆ provides informative
priors for the refinement phase.
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(a) ECE evolution (LR =
0.1)

(b) ECE evolution (LR =
0.01)

(c) ECE evolution (LR =
0.001)

Fig. 2: Effect of a fixed learning rate on Tiny-ImageNet calibration values. Each
plot shows how ECE varies throughout training, highlighting the distinct be-
haviour induced by large, intermediate, and small LR values.

5.3 Comparison with Calibration Methods

We now evaluate LRIP against cross-entropy (CE), Label Smoothing (LS) [25],
MbLS [16], ACLS [21], and CALS [17] across all datasets.

Image Classification. Table 2 summarizes results on CIFAR-10, Tiny-ImageNet,
and CUB-200-2011.

CIFAR-10. LRIP provides the lowest calibration errors among all methods.
For ResNet-50, LRIP achieves an ECE of 1.25 compared to 3.35 (CE), 3.66
(LS), and 1.44 (MbLS). For ResNet-101, LRIP again obtains the best ECE of
1.22, outperforming CE (3.37), LS (3.43), and MbLS (1.58). Accuracy remains
comparable to all baselines, indicating that calibration improvements do not
come at the expense of discriminative performance.

Tiny-ImageNet. This dataset contains more fine-grained ambiguity, yet LRIP
continues to provide competitive calibration. With ResNet-50, LRIP achieves
ECE = 1.55, second only to ACLS (1.35). With ResNet-101, LRIP reaches
ECE = 1.53, close to the best-performing ACLS (1.21) and significantly better
than CE (4.97) or LS (2.14). These results show that priors extracted under
large LRs remain informative even in high-entropy settings.

CUB-200-2011. CUB is a fine-grained dataset with strong inter-class similar-
ity. LRIP achieves the best calibration among all methods with ECE = 1.77,
outperforming CE (9.53), LS (3.89), MbLS (2.10), and ACLS (2.81). Although
accuracy is slightly lower (67.27% vs. 68.97% for CE), this trade-off is expected:
on a dataset with 200 visually similar classes, LRIP regularizes more strongly
toward soft class distributions, which substantially reduces overconfidence at the
cost of a modest accuracy reduction. This behaviour aligns with the known ten-
sion between discriminative sharpness and calibration in fine-grained recognition.
CALS is omitted as it requires a validation set unavailable in this protocol.
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Table 2: Image tasks: Results on CIFAR-10, Tiny-ImageNet and CUB-200-2011.

Method

CIFAR-10 CIFAR-10 Tiny-ImageNet Tiny-ImageNet CUB-200-2011

(R50) (R101) (R50) (R101) (R101)

ACC↑ ECE↓ AECE↓ ACC↑ ECE↓ AECE↓ ACC↑ ECE↓ AECE↓ ACC↑ ECE↓ AECE↓ ACC↑ ECE↓ AECE↓

CE 94.65 3.35 3.35 94.73 3.37 3.36 64.77 3.37 3.35 65.62 4.97 4.36 68.97 9.53 9.53

LS [25] 94.66 3.66 4.00 94.76 3.43 4.12 64.81 2.22 2.27 65.97 2.14 2.18 70.22 3.89 3.90

MbLS [16] 94.45 1.44 3.42 94.75 1.58 3.36 64.69 2.19 2.30 65.69 1.39 1.18 69.72 2.10 2.14

ACLS [21] 94.68 2.26 3.02 94.57 2.53 3.31 64.83 1.35 1.31 65.72 1.21 1.04 69.84 2.81 2.64

CALS [17] 94.17 2.34 3.10 94.20 2.65 3.23 65.12 4.11 3.98 66.18 3.91 3.79 - - -

LRIP 94.24 1.25 1.21 94.51 1.22 1.24 64.30 1.55 1.55 65.25 1.53 1.42 67.27 1.77 2.00

Text Classification. Table 3 reports results on 20 Newsgroups. LRIP clearly
outperforms all competing approaches in calibration, reducing AECE to 2.99
compared to 16.32 (CE), 4.75 (LS), 4.83 (MbLS), and 8.16 (ACLS). Accuracy
remains effectively identical across all methods, demonstrating that the calibra-
tion improvement stems from a better uncertainty snapshot at t⋆ rather than
from changes in predictive performance.

Table 3: Results on the testing set of the 20 Newsgroups dataset.
CE LS [25] MbLS [16] ACLS [21] LRIP

ACC ↑ 69.61 70.69 71.28 71.31 70.67
AECE ↓ 16.32 4.75 4.83 8.16 2.99

Image Segmentation. On PASCAL VOC 2012 (Table 4), LRIP reduces ECE
from 8.26 (CE), 9.35 (LS), 7.94 (MbLS), and 7.29 (ACLS) down to 6.59, and
AECE to 6.70. Segmentation performance is preserved with mIoU of 71.17,
confirming that calibration gains do not come at the expense of task accuracy.

Table 4: Results on PASCAL VOC 2012 segmentation benchmark.
CE LS [25] MbLS [16] ACLS [21] LRIP

mIoU ↑ 70.92 71.00 71.20 70.63 71.17
ECE ↓ 8.26 9.35 7.94 7.29 6.59
AECE ↓ 8.23 9.95 7.99 7.28 6.70

Summary. Across all datasets and architectures, LRIP consistently yields lower
ECE and AECE than CE and LS, and often surpasses more complex adaptive
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smoothing methods such as MbLS or ACLS. Unlike these methods, which rely
on margin-based formulations sensitive to dataset characteristics and model ar-
chitecture, LRIP avoids explicit margin design and maintains stable calibration
improvements across vision and language benchmarks.

5.4 Discussion

Reliability diagrams. The reliability diagrams in Fig. 3 illustrate clear dif-
ferences in calibration behaviour across methods. On both CIFAR-10 (top row)
and CUB-200-2011 (bottom row), CE exhibits strong over-confidence: predicted
confidence consistently exceeds empirical accuracy. LS reduces this effect but
remains imperfect in low- and mid-confidence bins. MbLS and ACLS partially
correct these deviations but show irregular bin-level fluctuations, reflecting their
sensitivity to class imbalance and dataset granularity. In contrast, LRIP produces
diagrams that remain close to the ideal diagonal across all bins, confirming that
the priors extracted during the large LR phase impose a coherent probabilistic
structure that persists throughout training.

(a) CE (b) LS (c) MbLS (d) ACLS (e) LRIP

Fig. 3: Reliability diagrams for CIFAR-10 (top) and CUB-200-2011 (bottom).

Ablation Study: Importance of the large LR Snapshot. To confirm that
the effectiveness of LRIP depends specifically on the large-LR phase, we compare
it against a delayed variant SD that extracts priors at the second learning-rate
decay (epoch 100 for CIFAR-10, epoch 60 for Tiny-ImageNet), where the model
has become substantially more confident.

Table 5 shows that on CIFAR-10, LRIP achieves ECE = 1.25 while SD
more than doubles it to 2.67 (AECE: 1.21 vs. 2.63). On Tiny-ImageNet, LRIP
gives ECE = 1.55 vs. 2.97 for SD. In both cases, SD slightly increases accuracy,
confirming that the degradation is not discriminative but reflects the collapse of
late-stage predictions toward low-entropy distributions. This demonstrates that
the timing of the snapshot is essential: only the large LR phase provides the
calibrated uncertainty estimates needed for effective regularization.
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Table 5: Ablation Study: LRIP vs. SD (Second-Decay snapshot). Late-stage
priors significantly worsen calibration.

CIFAR-10 (R50) Tiny-ImageNet (R50)
LRIP SD LRIP SD

ACC ↑ 94.24 94.55 64.30 65.01
ECE ↓ 1.25 2.67 1.55 2.97
AECE ↓ 1.21 2.63 1.55 2.86

6 Conclusion

In this work, we showed that the predicted confidences obtained during the large
learning rate phase contain rich and reliable information about dataset class un-
certainty. By capturing these early predictions and using them as data-dependent
priors, LRIP provides a simple yet principled alternative to classical calibration
techniques based on fixed or hand-crafted priors. Across image classification,
text classification, and semantic segmentation, LRIP consistently improves cal-
ibration without sacrificing accuracy and without introducing additional hyper-
parameters beyond the smoothing strength also used in Label Smoothing.
Beyond its empirical performance, this work highlights a broader and largely
unexplored perspective: large learning rates are not merely an optimization tool
but also a source of meaningful information about class uncertainties. Lever-
aging this information opens a new direction for calibration research, in which
uncertainties are extracted during training itself rather than imposed externally.
An important direction for future work is to investigate the robustness of LRIP
under distributional shifts, including out-of-distribution and domain-shift sce-
narios. Since LRIP relies on uncertainty patterns learned during early training
rather than fixed priors or explicit margins, it may offer improved resilience when
the test distribution deviates from the training data. Exploring this behavior in
safety-critical and real-world deployment settings remains a promising avenue
for further research, in our opinion.
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