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Optimizer comparison by time (NanoGPT speedrun)

4.1
—— Adam 139ms/step
4.0 1 —— DistributedShampoo (UpdateFreq=10) 179ms/step
—— DistributedShampoo (UpdateFreq=32) 154ms/step
3.9 - —— SOAP* 301ms/step
—— Muon 142ms/step
? 3.8 -
L)
S 3.7
=
©
2 3.6 -
©
>
3.5 -
3.4 -
3.3 -

1 1 1 1 1 |l

0 5 10 15 20 25
Wallclock time on 8xH100

*SOAP is under active development. Future versions will significantly improve the wallclock overhead.
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€G3 MUON IS SCALABLE FOR LLM TRAINING
TECHNICAL REPORT m H I M I

Jingyuan Liu'  Jianlin Su' Xingcheng Yao?> Zhejun Jiang' Guokun Lai'  Yulun Du!
Yidao Qin' Weixin Xu' Enzhe Lu' Junjie Yan' Yanru Chen' Huabin Zheng'

Yibo Liu' Shaowei Liu! Bohong Yin! Weiran He! Han Zhu' Yuzhi Wang'
Jianzhou Wang' M Dong' Zheng Zhang' Yongsheng Kang! Hao Zhang! 2 2 F e b I u a I y 2 O 2 5
Xinran Xu'  Yutao Zhang' Yuxin Wu' Xinyu Zhou' * Zhilin Yang'

! Moonshot AI 2 UCLA

Effect of dualization on accuracy and weight erasure

%
o

o
o

©
>

——  With dualization
————— Without dualization

o
N

Training accuracy after 1000 steps
o
(o))

o
o

10~ 10° 10!
Learning rate

Dualized training converges faster and erases the watermark faster. | wrote
up a thorough explanation for this effect in the Modula docs.
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Standard Practice Our Work

>\

Width
128
256
512

v oo o
o O U

U
o

Training Loss

45 —— 1024

—— 2048
4.0

—— 4096 4 ) bl

. . optimum stable ==

3.5 —— 8192 optimum shifts P

-20 =18 =16 =14 =12 =10 -20 -18 =16 =14 =12 =10

log,LearningRate log,LearningRate

Figure 1: Training loss against learning rate on
Transformers of varying d,,,,q4e; trained with Adam.
Conventionally and in contrast with our technique,
different widths do not share the same optimal hy-
perparameter; wider networks do not always per-
form better than narrower ones; in fact they under-
perform the same-width networks in our technique
even after tuning learning rate (see dashed line).
See Sections 3 and 4 for experimental setup.
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