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Introduction Curvature and Contractions
Motivation and Background We introduce the concept of curvature and the contractions we use to test our hypothesis.

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

* Out-of-distribution (OOD) e The curvature tensor related to the Levi-Civita connection is named the Riemannian curvature tensor, as a
Generalization polynomial of T

e In real-world applications, it is often the case . . .
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that the test data obey a distribution different . - . N ,
.. Definition 4. The Hessian H’ of f € F (M)_Wlt.h respect  Definition 6 (Spectral radius). Let Aq,...,An, be the  Definition 7 (Laplacian). For every linear connection V,
from the training data. to the linear cor}nectlon V is the covariant derivative of the eigenvalues of Hessian Hf for some function f €  any metric g and C2-function f, Laplacian operator A f is
« Distributional shift violates the typical IID 1-form df as H' (X, Y) := (Vdf)(X,Y). F (/\/E)- The spectral radius of HY is deﬁm;«cd as  defined as Af = div(grad f), where div is the divergence
assumption for training We also have the explicit formula as HY(X,Y) = A(H') = frz?alx/i,f[oam]{lhl,---,|>\m|}, and A(H’) = of vector field and grad is the gradient vector field of f.
' Xdf(Y) —df(VxY) = XY (f) — (VxY)f, and the local limg—soo [[H77|*/".
, Spurious . coordinates representation is
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Algorithms Subjected in Our Analysis Theoretical Results

W ungey 4y L We target two popular and standard algorithms that have been used for

..... ASsumpy. ] ) o ] T } Theorem 3 (Curvature contractions). For some loss func-
| calibration and out-of-distribution generalization respectively. tion f € F(M), we have the following.
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Fig: Examples of invariant and spurious features ; - N Y am ers of the Laplacian of f.
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e Calibration (Measure of Uncertalnty 2,1 el //a e Corollary 1. If loss landscape is locally convex around
well-classified _~ . . f . .. . .
. . examples Wagy . —NVL(Wagy) some point p, that is, H’ is positive semidefinite, then the
REllablltY) ' e regularization term of full-batch SAM is upper bounded by
-
* Modern DNNs (e.g., ResNet) tend to be under/ 0 \ the regularization term of 1-batch SAM with some scaling
over-confidence, which is problematic because ° 7% robabilty of ground treth class 1 factor ¢ € R, as A(HY) < cAf.
of the poor reliability of uncertainty (which is Fig: Focal Loss and Cross Entropy Loss Fig: Schematic of the SAM parameter update Cgrollary 2. If the loss landscape has locally concave di-
measured by ECE(Expected Calibration Error)). (taken from [TY Lin et al, 2017]) (taken from [P Foret et al, 2017]) rections at some point p, full-batch SAM is more robust than
e In applications such as medical imaging, DNNs E . 1-batch SAM or Focal Loss regularization.
cannot be used in decision making if the Xperlments
uncertainty reliability of the model is not high Tasks (Datasets) Comparison Between Focal Loss and Sharpness Aware Minimization
enough, such as in cases of overconfidence. |
LeNet (1998) ResNet (2016) « CIFAR10-> CIFAR10.1 CIFAR10 — CIFAR10.1 (Focal Loss vs SAM) ImageNet-1K » ImageNet-v2 (Focal Loss vs 2AM)
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Fig: Reliability diagram (taken from [Chuan et al, 2017]) different o and vy values. The trend R A S 00D Test ACC
Definition 1 (Expected calibration error ). For (w7 y), suggests that while Focal Loss » SAM (p search /n = 0.01) SAM (p search / n = 0.1)
let § = argmax p(y|z; @). The expected calibration error seems to sacrifice ECE to improve Focal Loss (MomentumSGD /'y search / n = 0.01) Focal Loss (MomentumSGD /y search /n = 0.1)
is defined as ACC, the application of SAM Fig: Trade-off between ECE and Accuracy (ACC) observed with Focal Loss and its

. mitigation using SAM in CIFAR10.1 and ImageNet-V2.
appears to address this trade-off. d & g

ECE(0) = E ||P (7 = y|p(yle:0) =) — ||, (D
Curvature Analysis for Focal L.oss and Sharpness Aware Minimization

where s is the prediction probability.
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out-of-distribution generalization and Fig: Impact of hyperparameters y for Focal Loss and o for SAM on the SR(H) in CIFAR10.1 and ImageNet-V2.
calibration? 1 As vy and o increase, SR(H) is generally reduced, with SAM typically achieving lower SR(H) values than Focal Loss.
. . However, while a larger v in Focal Loss results in a lower SR(H) in ImageNet-V2, it may lead to accuracy deterioration if
gery g y y
COntrlbUthn increased excessively. With SAM, an optimal o is observed to yield the best out-of-distribution generalization.
« We generalize the behavior of Batch Size Effect for Sharpness Aware Minimization < With an appropriate batch size (BS=256),
algorithms known to improve calibration CIFAR10 - CIFAR10.1 (BS Comparison) | 100, CARLO = CIFAR10.1 (85 Comparison) -, ciFaR1o » cipar10.1 @ comparison) - bOth ACC and ECE performance is good.
e ] ‘y it . M BS=Full performs well only in terms of ECE
and out-of-distribution generalization, w0t SAM (B5-256) | go = = 0 . sah(85-250) S=Full pertorms well only in terms of ECE,
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while BS=1 results in suboptimal performance
for both indicators. This results implies that
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(Theorem 3). 20 0 30 there can be instances of suboptimal
e Our comparative experiments between 10 20 oam @e259 0 === learning resulting in low validation
. . SAM (BS=Full) w ® 3 .
Focal Loss and SAM 1nvest1gated the i S0 S5 €0 & Jo 75 0 o - ? s an accuracy yet possessing small curvature.
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presence or absence of curvature Fig: Effects of batch size variations on the behavior of SAM in the CIFAR10.1 task. Each
improvement and how this influenced the color represents an experiment with a different batch size.
resolution of the tradeoff problem. We References
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