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Cosine Schedule: The De-Facto Standard of LLM Training

e Tradeoff via slow annealing of learning rate stretched out over
training length
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Do We Really Need Cosine?

« Can't we do something else that involves a cooldown?
Validation (210M)
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“Trapezoidal Schedule” (Zhai et al., 2021), “WSD" (Hu et al., 2024)
Advantages
e No predefined number of steps: cooldown at any point to see model behavior

e Continual learning via continuation from checkpoint

e Separate pretraining and “fine-tuning” phase: mix in high quality data at the end
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Ablations: Cooldown Form, Length, Landscape

(1 - Sqrt) vs Linear decay
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The Implications for Scaling Laws Research

 Instead of training from scratch, reuse checkpoints for ad-hoc cooldowns
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Discussion &
Messages

e Try it on your model + data and tell us how it works!

 Also: use checkpointing and weight averaging :)

Cos 22k Cooldown to 22k
Cos 33k === Cooldown to 33k . .
Cos 44k Cooldown to 44k « What is the optimal schedule, really?

« In practice, let's be smart about training and scaling
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