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Don’t be lazy: CompleteP enables compute-efficient
deep transformers
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SlimPJ Validation Loss

TLDR

« TLDR: We introduce CompleteP, which offers depth-wise hyperparameter (HP) transfer (Left),
fewer FLOPs to reach the same loss with deeper models (Middle), and a larger range of
compute-efficient width:depth ratios (Right).
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Problems with training deep transformers

« Deeper = more unstable
» Too risky to train a large-scale deep network

» As depth is varied, models do not share the same optimal hyperparameters

« Expensive to tune hyperparameters
* More likely to choose suboptimal hyperparameters

« Deeper-narrower models are not competitive with shallower-wider models
« Everyone trains with width:depth = 100
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Infinite depth parameterizations
« ResNet:
« Wl =ply+ 7R (RY),Le{1,.., L}

* N = 77baseL()(_1

* Yang et al. [1] argue a = 0.5 is best in practice, but that depth-wise HP transfer is not
possible for any a

» Several works have since adopted this prescription!

« Bordelon et al. [3] find @ = 1.0 allows better learning as L — oo

* In this work, we study the two promising candidates: a € {0.5, 1}
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Only a = 1 ensures depth-wise HP transfer

CompleteP (a=1)

SlimP) Validation Loss

Depth-wise HP transfer, with constant tokens, constant batch size
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Compute-efficient deep transformers

» Left: CompleteP (a@ = 1) enables more compute-efficient deep transformers than {uP, @ = 0.5}
* Right: CompleteP (o« = 1) enables a larger range of efficient width:depth (N:L) ratios
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How CompleteP works




a€{0.5, 1} stabilize training dynamics

» Setup: For several depths, train models for 10 steps and record activation norms at final
residual stream h'

« All the points at each depth value comprise a single training run
» We desire flat lines (desiderata 1 & 2)

* Theory: Any a € [0.5, 1] will have flat lines (satisfying desiderata 1 and 2)
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Only a = 1 ensures “Complete Feature Learning’

* Problem: How do we theoretically explain the success of a=1?
Minimal example: ResNet with 2-layer linear MLP block: h'** = h! + L=“W/,, W/, h'

Consider Ah'*1, the change in h'*! after a weight update (W/,y, W) = 6' — 6" + A6"

1
Agehth = (Ve h* 1 AGY) + ivgg hTHAGY, AGY

T« £ 1/ £ £ 1L 14 —apl £ ¢
= L™ *(Wiyh' AW, + Wi hE AW)) + Lhf AWE AW, . (6)
N / N’ N ' o
N Le-1 Lo—t LoD
Ltl L:CZ

Desiderata 3 (Complete Feature Learning): For all layers, we want all higher-order terms to
have the same asymptotic scale as L — o

Only @ = 1 ensures “Complete Feature Learning”, thus we dub it “CompleteP”

a = 0.5 has vanishing higher-order terms (“Lazy”) w.r.t. first-order term as L — oo
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CompleteP benefits

« Stable optimal HPs across depths

« Significant FLOPs savings over uP for deep models
« Complete Feature Learning

« Easy to implement (see below)

X!+ L' MHA(LN(X!))
Z' + L' - MLP(LN(Z"))
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