
On the Interplay of Curvature, Calibration 
and Out-of-Distribution Generalization: 
Insights from SAM and Focal Loss Analyses 


Introduction

Research Question

We target two popular and standard algorithms that have been used for 
calibration and out-of-distribution generalization respectively.

Algorithms Subjected in Our Analysis

Focal Loss
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Theoretical Results

Sharpness Aware Mnimization

• What factors improve out-of-distribution 
generalization and calibration?

Tasks (Datasets)

Fig: Trade-off between ECE and Accuracy (ACC) observed with Focal Loss and its 
mitigation using SAM in CIFAR10.1 and ImageNet-V2.

Workshop on Uncertainty Quantification 

for Computer Vision

Hypothesis

• Curvature is the factor that improves 
out-of-distribution generalization and 
calibration?

Motivation and Background

• Out-of-distribution (OOD) 
Generalization

• In real-world applications, it is often the case 

that the test data obey a distribution different 
from the training data.


• Distributional shift violates the typical IID 
assumption for training.

Fig: Examples of invariant and spurious features

• Calibration (Measure of Uncertainty 
Reliablity)

• Modern DNNs (e.g., ResNet) tend to be under/

over-confidence, which is problematic because 
of the poor reliability of uncertainty (which is 
measured by ECE(Expected Calibration Error)).


• In applications such as medical imaging, DNNs 
cannot be used in decision making if the 
uncertainty reliability of the model is not high 
enough, such as in cases of overconfidence.

Contribution
• We generalize the behavior of 

algorithms known to improve calibration 
and out-of-distribution generalization, 
respectively, in terms of curvature 
(Theorem 3).


• Our comparative experiments between 
Focal Loss and SAM investigated the 
presence or absence of curvature 
improvement and how this influenced the 
resolution of the tradeoff problem. We 
demonstrated that curvature 
significantly contributes to 
improvements in OOD generalization 
and calibration.

Fig: Reliability diagram (taken from [Chuan et al, 2017])

We introduce the concept of curvature and the contractions we use to test our hypothesis.

• On a Riemannian manifold, there's a unique torsion-free, metric connection ∇ known as the Levi-Civita connection.

• The curvature tensor related to the Levi-Civita connection is named the Riemannian curvature tensor, as a 

polynomial of       .

Curvature and Contractions

Fig: Focal Loss and Cross Entropy Loss  
(taken from [TY Lin et al, 2017])

Fig: Schematic of the SAM parameter update  
(taken from [P Foret et al, 2017])

Hessian Spectral Radius Laplacian

Experiments

• CIFAR10 -> CIFAR10.1

• ImageNet1K->ImageNetV2

• DomainBed 


• PACS 

• VLCS 

• OfficeHome 

• DomainNet

Curvature Analysis for Focal Loss and Sharpness Aware Minimization

Comparison Between Focal Loss and Sharpness Aware Minimization

→ Each data point in the scatter plot 
represents an experiment with 
different ρ and γ values. The trend 
suggests that while Focal Loss 
seems to sacrifice ECE to improve 
ACC, the application of SAM 
appears to address this trade-off.

Fig: Impact of hyperparameters γ for Focal Loss and ρ for SAM on the SR(H) in CIFAR10.1 and ImageNet-V2.

↑ As γ and ρ increase, SR(H) is generally reduced, with SAM typically achieving lower SR(H) values than Focal Loss. 
However, while a larger γ in Focal Loss results in a lower SR(H) in ImageNet-V2, it may lead to accuracy deterioration if 
increased excessively. With SAM, an optimal ρ is observed to yield the best out-of-distribution generalization.

Batch Size Effect for Sharpness Aware Minimization

Fig: Effects of batch size variations on the behavior of SAM in the CIFAR10.1 task. Each 
color represents an experiment with a different batch size.

← With an appropriate batch size (BS=256), 
both ACC and ECE performance is good. 
BS=Full performs well only in terms of ECE, 
while BS=1 results in suboptimal performance 
for both indicators. This results implies that 
there can be instances of suboptimal 
learning resulting in low validation 
accuracy yet possessing small curvature.


