Implicit bias produces neural scaling laws in learning curves,
from perceptrons to deep networks
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Abstract

Scaling laws are empirical

oower-law relations between
oerformance and resource growth.

N deep learning, they emerge as
striking regularities across tasks.

They guide modern model design

by quantifying the benefits of

scaling data and model size, while
also informing interpretability. Here,
we go beyond convergence behavior
and analyze the full training dynamics.
We identify two novel dynamical
scaling laws describing how
performance evolves with norm-based
complexity measures. Together, they
recover the standard scaling of test
error at convergence. These results
hold across realistic networks and
datasets, and are further supported
analytically in a simple theoretical
model, explained through the implicit
bias of gradient-based training.

n Two new scaling laws in learning curves
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Definitions
Perceptron setting Stabilities (or margins)
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Ablation studies
> SGD/Adam

> Weight decay

> Other norms

TL;DR Implicit bias at training time:

the norm acts as an order parameter of the training status



