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Research Question Method: AIphaDecay AlphaDecay is plug-and-play, task-agnostic,
All popular optimizers use uniform weight ' optimizer-agnostic, and nearly cost-free.
decay—does a better configuration exist for
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LLMs? More heavier-tailed, Lower Weight Decay! Zero-shot performance
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a a
= 3] -
* Across architectures and datasets
LLaMa-60M LLaMa-135M LLaMa-350M LLaMa-1B
Eigenvalues of corelation matrix Bigemalues of errelationmatrix - Eigenvalues of correlation maiix Bipenvalues of correltion mairix Weight Decay  le-5  Se-6 le-6 le-5  Se-6 le-6 le-5  Se-6  le-6 le->  Je-b le-6 Table 5: (Across architectures and datasets). Results on GPT-nano/C4 (Perplexity) and ViT-
0o Module Name:MLP gate (oo Module Name:MLP.up o Module Name:MLP.down WD=0 33.23 24.60 18.62 16.11 tiny/ImageNet-1K (Top-1) with different methods.
it s tnm 25 330 Uniform 3239 3256 33.03 2299 23.14 2414 17.12 1674 1750 1536 14.66 15.03
Lo Lo 1o AWD[12 3378 3374 3374 2425 2445 2453 1832 1855 1IR79 1603 1622 16.38 Backbone / Dataset Metric Uniform AWD AdaDecay AlphaDecay
5 o o Adadecay[30] 3224 3252 33.03 2320 23.08 2396 1821 1742 1791 1723 1814 15.35 GPTnana/ Ca PPL) 2156 264 2763 T
e e o AlphaDecay 31.56 31.58 32.61 2276 2255 2349 17.00 16.66 1688 15.13 14.55 14.63 ViT-tiny / ImageNet-1K  Top-1(1) 66.41% 64.98%  66.26% 67.73%

3 3 ]
10° 1 10- 1 101 10 1 To!

Eigenvalues of correlation matrix Eigenvalues of correlation matrix Eigenvalues of correlation matrix



