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Pipeline parallel illustration
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Training compute (FLOPs) of milestone Machine Learning systems over time

n=102
1e+25
o ©
1 —
le+24 i w
» s o
£ ©
. |B§ B
1e+2 b
d 2
— Q. &
3 23
D o422 @
s -
B
S 1e+2
Q.
= (o] PARRA
Vi ~_ OF
R oz@&«i:i‘% -7
o // | Ao
‘= N O velaizi® GAs
IE O ///
© et -~ Om tot-sentence tag
; ]( O"“‘ 1 +RN \ /// . [ Ent
/// O“
1!:“’ J ///
- Dropout (MNIST
ORNN 508/10 + F 3,0'%945{;\&.(’. T
A !
1e+15 =
//
O.,__H var
1e+14 SENEN
2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Publication date

PEICHELGHAR (FLOPS)IZLITOXSICELEK https://arxiv.org/abs/2202.05924



https://arxiv.org/abs/2202.05924

Scaling Laws
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute” used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.
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