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Question: Can we find an analytically solvable model that Predicting Emergence Scaling Laws
exhibits both: 1) Emergence and 2) Scaling Laws?

2-layer MLP

Minimally extending the multilinear model (using a single fit parameter), we can predict, the Using the decoupled dynamips, we can analytically derive the time., data,
Setup time, data, and parameter emergence of a 2-layer MLP by calibrating on the first skill (blue). parameter, and compute scaling laws for the MSE total loss (including prefactors).
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2 compute scaling laws with exponent —a/(a + 2).

k=1 One block decoder transformer (embedding layer with output dimension 512) and four attention heads.

Stage—like training Discussion: Why would an MLP behave like a multilinear
model with fixed skill functions and decoupled dynamics?

Skill strength. The kth coefficient if a model is expanded in the basis of the skill functions.
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