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* Key idea: function preserving weight transformation.
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* Critical gap: Tuning hyperparameters is expensive.



Our contribution:

a theoretically-grounded upscaling method
that allows zero-shot hyperparameter transfer based on 1P theory.
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Our proposal: [{pscaling

Step 1: Widen

Duplicate & rescale weights

— a functionally equivalent wider model

Step 2: Add noise

Symmetry breaking to exploit additional model capacity.

Noise follows the the same scaling that prescribes for random init, controlled by G4 .

Step 3: Train

Train the upscaled model with prescribed hyperparameters, with LR controlled by ¥ .
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Our proposal: [{pscaling

@)
BASE MODEL UPSCALED MODEL
(widths n) (widths kn)

Step O: Run Steps 1-3 on a small upscaling system with different choices of 6, ,7 .

Hyperparameter tuning Choose the values that minimizes training loss.
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_ Duplicate & rescale weights
Step 1: Widen

— a functionally equivalent wider model

Symmetry breaking to exploit additional model capacity.

Step 2: Add noise

Noise follows the the same scaling that prescribes for random init, controlled by G4 .

Step 3: Train Train the upscaled model with prescribed hyperparameters, with LR controlled by ¥ .




What is ;1P (Maximal Update Parameterization)?

* Choice of scaling of initialization and hyperparameters wrt width 7.

: Init Var. LR WD (vanilla) WD (decoupled) Extra HPs Output
Weight type . B _ o B Y
N(0, B -52) v=C-7 A=D-A A=D- e=E- ¢ multiplier
Vector-like 1 n™ nt n~" n! n!

Matrix-like nt n™ . n_! o1 C—m _1
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What is ;1P (Maximal Update Parameterization)?

* Choice of scaling of initialization and hyperparameters wrt width 7.

: Init Var. LR WD (vanilla) WD (decoupled) Extra HPs Output
Weight type . B _ o B e
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 Consequences

e Optimal feature learning in the infinite-width limit (n — ©0). . N

- Activations and their updates stay ©(1) throughout the training. s %

» Allows hyperparameter transfer. Fas — o
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What is ;1P (Maximal Update Parameterization)?

* Choice of scaling of initialization and hyperparameters wrt width 7.

: Init Var. LR WD (vanilla) WD (decoupled) Extra HPs Output
Weight type . B _ o B e
N(0, B - 52) y=C 75 A=D-\ A=D-X\ e=FE-® multiplier
Vector-like 1 n™ n! n~" n! n!
Matrix-like n. ' noen NinMo NinM g nok ——

 Consequences

 Optimal feature learning in the infinite-width limit (n — o0). . \

 Activations and their updates stay ®(1) throughout the training. D, \Wd

+ Allows hyperparameter transfer. 2RO N\
- A priori does not apply to the context of model upscaling. * ~** * B s s e

PyTorch default UP



We extend uP to the context of model upscaling

Key result: Our algorithm puts the entire training trajectory
In the optimal feature learning regime.



We extend uP to the context of model upscaling

Key result: Our algorithm puts the entire training trajectory
In the optimal feature learning regime.

Property 1.

Noise injection is provably “safe” and “useful” in the infinite-width limit.




We extend uP to the context of model upscaling

Key result: Our algorithm puts the entire training trajectory
In the optimal feature learning regime.

Property 2.

Hyperparameter transfer applies to upscaling.

(a) Noise sweep with fixed LR
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(b) LR sweep with fixed noise
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Property 3.

At zero noise, the upscaled model is exactly equivalent to the base model.
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Experiments

MLP (AdamW) on Forest Cover Type

ResNet (SGD) on CIFAR-100

GPT-2 (AdamW) on FineWeb
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