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Key Findings: The Absence of Nonlinearities in LLMs Leads to Entropic Overload & Entropy Collapse
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Balanced entropies with nonlinearities Without LayerNorm & GELU: Entropic overload (reducing heads’ diversity) & entropy collapse (training instability)
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Key Innovation in Entropy Regularization Scheme: Learnable Threshold and Tolerance Margin
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Experimental Results: GPT-2 (L=12, H=12, d=768)
#FLOPs Coiiiiia Lisk Savings Eval PPL AELOES Comm Lat
Network Arch. PPL  #Nonlinear Ops FFN Atn. (GB) (min) Comm. Lit. Network Arch. 12B 24B 48B #Nonlinear Ops FEN  Attn. (GB)  (min)
SM:144 x R128x128 SM:144 x R512%512
o SM+LN+G 2.69 [N:24 x R128x768  145B 7.7B 2532  8.21 1 % 1 X o SM+LN+G 2571 2332 2129 LN:24 x R512x768 58 0B 36.2B 14524 30.74
-_0_5) G-12 x R128%3072 = G-12 x R512x3072
3 SM:144 x RIZB¥1Z8 ks SM:144 x R1ZX512
B oM LN LR 276 LN-24 x R128%768  145B 7.7B 944  6.06 2.68x 1.35x SM+ LN +R 26.06 23.55 21.58 LN:24 x R512x768 58 0B 36.2B 81.71  23.54
R:12 x [R128%3072 R:12 x R>12x3072
SM - ScFuFFN 348 SM-144 x R128%128 | 8B  77B 643 476 3.94% 1.72x SM + ScFuFFN 3377 30.82 2859 SM:144 x R°12x512 738 362B  69.68  19.44
EReg(SM(t) + ScFuFFN) 321 SM:144 x R128%128 |88 7.7B 643 476 394x 172x EReg(SM(t) + ScFuFFN) 31.54 28.70 26.55 SM:144 x R°'#*°12 738  362B 69.68 19.44
CodeParrot Dataset (2.1B Tokens, T=128) Languini Book Dataset (1.2B to 4.8B Tokens, T=512)

Conclusion and Key Takeaways

While nonlinearities are essential in LLMs, strategically applied entropy regularization and FFN normalization can
prevent entropy collapse and entropic overload in (Softmax-only) private LLMs.
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