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Background: Edge of stability (EoS) Previous work: 2-phase analysis Our result: perceptron analysis

Loss landscapes of NNs tend to be highly nonsmooth ... _
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Use Fenchel-Young loss: 4(z) = ¢™(—%)

(¢: Legendre-type convex function, e.g., Tsallis neg-entropy)
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All other setups remain the same as Wu et al. (2024)

Li et al. (NeurlPS2018) “Visualizing the loss landscape of neural nets”

. . . . .
oD keFeIps WOrtk:jngtWIT::foe:fIV:l{ arge stepsize | I — 2°  Phasel(EoS): Theorem. For twice differentiable & Legendre-type ¢,
2u y-connected net on - subse | loss OSCi!lateSFuhitj GD starting with wy = 0 achieves mingcpp) L(wy) < €
i l ver I ntr
: | | etfe > FOTHDTE afterat most T > ny~2(1 +n~1)e~ @ steps, where
= = +t—> 1 /1 ~ } }
B s Nhase2 ~ 03" 1w <0 (4 e £ [0
: e u—o b () | e ()
“ X e ! Phase 2 (stable):
Z 100- ,¢’..’.':;:}_=3’,-,,? _______ . 58 h_ loss monotonically Examples.
g "",'{’;:.?,';.‘..';:’,7" __________ '”'t'a“Y 77.< /b 1s 26 | Phase transition occurs decreases faster than o : S
§ >0 ;;’_,_”i::;:;_"‘ ______________ not satisfied when L(w;) < /4(0)/n classical GD rate O(1/T) Tsallis neg—entropy (1 <4< 2)' a = 1/q
: (13".:2; 0 1590 2000 9500 Thanks to self-bounding | ~ (1 ® Tsallis neg-entropy (q = 2): a=1/2
- 7 (WT) <O| = . .
teration property £7 5 £ T- ® Renyl 2-neg-entropy: a=1/3
Q. Why GD converging beyond n < 2/8 ? (L) Large stepsize n accelerates optimization Proof sketch. By the following perceptron inequality:
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“Gradient descent on neural networks typically occurs at the edge of stability” Wu et al. (COLT2024) “Large Stepsize Gradient Descent for Logistic Loss” by linear separability by separation margin




