ICML

International Conference
On Machine Learning

pscaling Small Models
JOHNS HOPKINS

Principled Warm Starts and Hyperparameter Transfer

Yuxin Ma  Nan Chen  Mateo Diaz  Soutfiane Hayou  Dmitriy Kunisky  Soledad Villar
Department ot Applied Mathematics and Statistics, Johns Hopkins University

*,

Model Upscaling From Static Equivalence to Dynamic Equivalence Experiments
P A Theoretical guarantee 1: Validation of hyperparameter transfer
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Conclusions and Future Work

Infinite-Width Limit and Hyperparameter Transfer

e uP-based HP transfer [3] applies to training from scratch only; the Tensor Key contributions
s— ¢ Programs framework [2,3] does not support the widening operation. * Provides the first rigorous HP transfer framework for model upscaling,
BASE MODEL UPSCALED MODEL . o ) . . L.
(widths 7) (widiths kn)  We extend Tensor Programs to support mid-training upscaling. applicable to general architectures and optimizers.
Maximal Update Parametrization (4P) e Key idea: Partition the width-kn activations into k groups of n neurons each. Extends the theoretical foundation from static to dynamic equivalence.
- Each group uses only standard operations, placing upscaled training within the Connects model upscaling to the uP infinite-width theory.

Weicht t Init Var. LR WD (vanilla) WD (decoupled) Extra HPs Output o o . 0 . . _ o

caghtype 0. 5.7 y=C.7 AN=D X N=D X c—F.z multiplier existing framework. In the infinite-width limit, activations now behave like i.i.d.

. . . . . . Future work
Vector-like 1 o o1 o —m o1 - k-dim Gaussian blocks with non-trivial covariance, rather than i.i.d. scalars. | . . |
L . . . . e Extend to depth-wise and joint width-and-depth upscaling.

Magrix i L, o ., o B * Result: Our algorithm’s design choices are precisely those that keep the entire o , ,

atrike Min ot Tin MinTlou: inTlout out - e Understand generalization behavior under upscaling (current framework

training process (including mid-training upscaling) under uP.

- m depends on the optimizer: m = 1 for SGD and m = 0 for Adam. addresses training dynamics Oﬂ|y).

- ¢ stands for extra hyperparameters that require rescaling, such as the numerical stability constant eps in Adam.

e Validate at industry-scale settings, where larger target-to-tuning ratio n/n, yields

Theoretical guarantee 2:

o , . . o greater HP tuning cost savings.
In the infinite-width limit, the injected noise is both safe

* Yields optimal feature learning behavior in the infinite-width limit [2].
* Allows zero-shot hyperparameter transfer for training from scratch [3].
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