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can balance between bias and variance of the population risk.
- avoid saddle points or local maxima.

3. Lazy Hessian update: reusing previously computed Hessian for several
iterations without performance degradation.

tasks, including vision, language, and robustness to label noise.

= SASSHA achieves this efficiently via lazy Hessian updates without
performance degradation, due to its trajectory staying within regions of
slowly changing curvature.

= SASSHA shows much robust performance under label noise.

Ablation: stable Hesslan approximation

Algorithm 1 SASSHA algorithm

Second-order methods converge to sharp
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= (a) without sqrt training diverges when (b) the update size starts to spike.

= (c) individual entries in the diagonal Hessian; they gradually shifts toward
zero values, as a result, D~! becomes too large, creating overly large steps.

> Sharpness minimization
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> Stable Hessian approximation
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Robust to Lazy Hesslan updates

lim inf ||V ()| = 0

= Approximate second-order optimizers tend to yield minima of high
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Cost analysis

In contrast, standard approximate second-order methods with P ~ H~!impose
no constraint on sharpness.

Method: SASSHA

= SASSHA consistently outperforms the other methods for all workloads.

Table 4. Average wall-clock time per epoch (s) and the theoretical cost of

Table 2. Language pertraining and finetuning results. . . She .
different methods, with the lazy Hessian interval is set to 10.

Pretrain/ GPT1-mini | Finetune / SqeezeBERT

rostonity | e hee s o/5 oms. 1/ hoc mifmmet Ao A et Cost CIFAR10 | CIFAR100 |ImageNet

M M ‘ 95 : = ¢ 5 ; = S e e O H H
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ethod » (pretraining; left) SASSHA achieves the lowest perplexity. SASSHA 1 ac 1cc OLHVP 23aC 1200 14206 137720

= (inetuning; right) better than others, but competitive to Sophia-H.

dWe find that the same trend holds for other workloads. = SASSHA is faster than other approximate second-order methods.
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