Latent State Models of Training Dynamics
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Masked Language Modeling: MultiBERTs
We train linear regression to predict convergence epoch from the empirical distribu-
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A learned latent state is a detour state if: Step 1e6

» Some training runs do not visit the state.
» [ts linear regression coefficient is positive when predicting convergence time.

Detour states are bolded. <
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2 0004 1. The HMM is a principled, automated, and widely applicable method for analyzing
O 1{]C® variability in model training and phase transitions.
0 2000 4000 6000 8000 10000 2. Certain latent states are predictive of a training run converging more slowly.
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3. Generalization in grokking can be anticipated via changes in the model occurring
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