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EF21-Muon brings the power of Muon/Scion/Gluon to distributed training, offering compressed communication-efficient non-Euclidean
LMO updates with convergence guarantees under generalized smoothness and delivering significant practical communication savings.

Optimization Problem

We consider the nonconvex distributed optimization problem:
)

n
)I?é% = %21 fi(X) ¢, fi(X) = E¢,p, (X €5)]
o fj(X) - loss of]the modef X on the data stored on worker j
o Goal: ind X such that E [HVf( | }

How to Distribute Muon?
The basic update of Muon is

Xk Xk kg k)T

= X"+ LMOgasa g gy (M™),

where M*¥ = UFsk(y#T
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Contractive compressor

E(lc(X) - x| < -a)|X|?  ¥XeS

Assumptions

Al: There exist f* € R such that f(X) > f*forall X € S.
A2: There exist f]* € R such that f;(X) > f]* forall X € S.

A3: fis L-smooth, i.e.,
IVAX) = VY[, < L[X =Y

forall X,Y € §. Moreover, the functions f; are L;—-smooth
forall j € [n]. We define L* = £ 377, L.

Ad: f:S+— Ris (LY, LY-smooth, i.e.,
[V F(X) = VDI, < (L0 + LIV ACOIL) 11X =Y

for all X,Y € S. Moreover, the functions f;, j € |n], are
(L?,Ll) smooth. We define L}nax = maX;g[,) L} and 10 =

w1 Ly
A5 Ee p, VIi(X:65)] =
E@ij vaj(X;f]) V(X )Hﬂ

fi(X) and 3 o > 0 such that

<coforall X € S.
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Algorithm 1 EF21-Muon

1: Parameters: radii t* > 0; momentum parameter § € (0, 1]; initial iterate X" € S
(stored on the server): initial iterate shift WY = XV (stored on the server and the
workers); initial gradient estimators Gg (stored on the workers): GV = %2?21 Gg

(stored on the server); initial momentum M]Q (stored on the workers); worker

CoOMmpressors C;?; server compressors C*

2. fork=0,1,..., K —1do

3: Xk+1 = M OB(Xk,tk) (Gk) Take LMO-type step
4. S Ck<Xk+1 Wk> Compress shifted model on the server
5: Wk+1 Wk —+ Sk Update model shift
6: Broadcast S* to all workers

7 forj=1,...,nin parallel do

3: Wk+1 Wk -+ Sk Update model shift
9: Mk+1 (1 — B)Mk 5Vf](Wk+1 €k+1> Compute momentum
10: Rk+1 — Cf(M]]-{—i_l G?) Compress shifted gradient
11; GETl = G? + Rf“
12: Broadcast R?“ to the server
13: end for
14: Gk+1 — % 2?21 G?+1 — Gk -+ % 2?21 R§+1 Compute gradient estimator
15: end for

Convergence under L-smoothness

f 01, K > 1, be the iterates of EF21-

Vf](XO fo) j € [n], and run with
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Let Assumptions Al, A3 and A5 hold. Let {X’“}
Muon initialized with XV = W7, Gg _
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where 0 = f(X%) — f~.

Convergence under (L', L')-smoothness

Let Assumptions Al, A2, A4 and A5 hold. Let {Xk}éi_ol, K > 1, be the iterates of
EF21-Muon initialized with M7 = Vf;(X";&)), GY = C)(V f;(X7;¢Y)), j € [n], and
run with C¥ = 7, Cf € ]B%Q(aD), = 1/(K+1) 1/2 and 0 < tF =t = n/(K+1)3/1, where
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Figure 1. Training NanoGPT-124M on FineWeb10B. Panels 1 and 3: Test loss vs. # of tokens processed. Panels 2 and 4: Test loss vs. # of bytes sent to the server from each worker

normalized by model size to reach test loss 3.31. RankX %/Top X% = RankK/TopK
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