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>Muon (Momentum Orthogonalized by Newton-Shulz)
ZILd) XL 1 &HEARKZ Muon
Require: n > 0,8 € [0,1),M_; = 0,Wy € >ERFAMAIE, DEDOITIZERIL L 7177
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O; := NewtonSchulz(M;) >Newton-Shultz& #&[Higham2008]
Wt-l-l — Wt _ 770t Xo = Mt/HMtHF . e
end for Xir1 = aXy + b( X Xy ) Xk + c(Xp Xy, )" Xk
(a = 3.4445,b = —4.7750,c = 2.0315)
return W

[Higham2008] Nicholas J. Higham “Functions of
matrices — theory and computation” SIAM 2008.



db B2 - JUC f=7

= L REBZE D= DOFEAL

>Muon (Momentum Orthogonalized by Newton-Shulz)
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return Wp
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Muon Grad Norm vs. Learning Rate (A=0.0625)

Muon Grad Norm vs. Learning Rate (A=0.125)
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