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thE AT SHEHLILL [Chen et al., 2014]

> Fr g BayLELEE RBE (signSGD)
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=S MHEHLLIL [Bernstein et al., 2018]

> éﬁé\iﬂ%[ﬂ’gﬁi%ﬁﬁjﬂfﬁﬁ? ]3;% (signSGD with Momentum)

1. BEHLESE g = Vo(Wix,, ;)

2 . *ﬂ%gi)}% o &% (Momentum) -
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Lion [Chen et al., 2023]

» EvolLved Sign Momentum ( Lion) < :: Google Brain
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Lion [Chen et al., 2023]

» EvolLved Sign Momentum ( Lion) < :: Google Brain
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> signSGD e idt [Jiang et al., NeurIPS 2024]
OV P 7 22 200048 Tk % 1 1
IS DR 7w S S <T1/4> 0 ( )

T1/3

> signSGD+Momentum{¥j 7 [Jiang et al., Arxiv 2025]
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> Lion )70 i1 5 253 [Jiang et al., ICML 2026]
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> VLR
1. BEKUERE g = VO(W{ x¢, ;)

2. BEDIE vi=(1-F)me_; + B8

m; = (1 —f)m;_; + B,8;
3. AT Wy = W — 1 (Sign(vy) + Aw,)

> WA 45 B [Dong et al., 2024]

EHETE  lim F(w) - o WHeE: o ( Vd )

i © lwll=co

T1/4

https.//ai.nju.edu.cn/zlj



Li onBYUL S 53T

> PR PR [Jiang et al., ICML 2026]
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5 E2R

> #EE (Momentum)
O% R
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5 ZE 2R RIL i on

> VLR
1. BENLELE g (W) = Ve(wix.,y;)

2. T EZ1J [Cutkosky and Orabona, 2019]
v = (1= p)me_q + 18
m; = (1—F)m;_; + [,8;

o 1 25 T {2 k— +y(g:(w,) — g:(W,_1))
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AT SKL 73 B

> PR PR [Jiang et al., ICML 2026]
B&ix1: e
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ImageNet Acc
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> ImageNet. #EH%E

. RandAug
Model Optimizer +MixUp Accuracy(%)
AdamW 76.03+0.31
Lion — 76.01+0.22
ResNet-50 1 jon-vR 76.47-0.16
AdamW 75.88+0.11
Lion X 76.01+0.09
VIT.S Lion-VR 76.34+0.10
AdamW 78.35+0.06
Lion v 79.01+0.08
Lion-VR 79.13+0.09
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S Lion (E][g))

> BHIEAE [Jiang et al., ICML 2026]
(RS Vi
g = ve(wixl,y/)
2. HAAABEAE |
Vt] = (1~ ,31)111{_1 + ,Blgi
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AT SKL 73 B

> PR PR [Jiang et al., ICML 2026]
Bt &7 RO
|VF;(u) — VE;(W)|| < Lllu —v/|

Rix2: ST RTERR
E iy [1VFw) = ve(wT, )] < o2

O Y sls =

va
E[IVF (wo)ll; ] = 0 <m1/4T1/4)
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BEABRTMm\Lion (BE[g])

> VA IMAE [Jiang et al., ICML 2026]

1.4 AT BB -
gl(w,) = Ve (wix/],y/)
S

2. A R JUEAT 7 2 L0 .
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3. #W Mt ] BIRS A
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j=1

5. FAJEHIRA Wi = Wy —1:(S; + Awy)
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AT SKL 73 B

> Fp R [Jiang et al., 2024]
Ri%1: &0 m-F

(xj,yf) [”Vf(u x/, y]) — Vf(VTXj,yj)HZ] < L12||u — v||?

Rix2: SHWRTTERR
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O Y sls =

va
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fmILion (WT])

> VA IMAE [Jiang et al., ICML 2026]
1. FAGTERALEE
gl = ve(wix},y/)
2. HAHI LR |
v, =(1-B)m]_, + B g}
m; = (1-B)m]_, + f,g}
3. #H LRI 5 SG (v] ) BIMRS 5
M X Ay — 1 N '
4. REBWEBEEHS 5= (EZ S (vz)>
Jj=1

5. N AR Weyq = We — 1(S¢ + Awy)
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AT SKL 73 B

> PR PR [Jiang et al., ICML 2026]
Bt &7 RO
|VF;(u) — VE;(W)|| < Lllu —v/|

Rix2: SHWRTTERR
E iy |[VF (W) — ve(wTx), y)|*] < o

O Y sls =

qi/4  g1/10
E[[[VF(wo)ll1] =0 (T1/4 T m1/5T1/5)
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RZEZBR S ILion (BE)

> VA IMAE [Jiang et al., ICML 2026]
1. &1 AT RS &

gl(w,) = ve(wix],y/)
D, B T T E LR
v =1 -pOml_, +piglw) O

@)
m] = (1- g)m]_, + B,gl(w) +v (gl (w) — gl (w,_,))
3. #H LRI 5 SG (v] ) BIMRS 5
4. RS BEBEETS s =5, (%Z So (v/ ))
j=1

5. N AR Weyq = We — 1(S¢ + Awy)
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AT SKL 73 B

> Fp R [Jiang et al., 2024]
Ri%1: &0 m-F

(xj,yf) [”Vf(u x/, y]) — Vf(VTXj,yj)HZ] < L12||u — v||?

Rix2: SHWRTTERR
E yiy |[VF (W) = ve(wTx), y)|*] < o

O Y sls =

d1/4
E[|IVF(w.)|l1] =0 <T1/4)
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ik TSI 2R BOMBE

Jiang et al., 2026 0 (\/E/m1/4T1/4) i
Jiang et al., 2026 0 (\/E/ml/3T1/3) )R
> X [A] & 48 1Y SSCR AT B
Jin et al., 2021 0(d3/8/T1/8) _

Jiang et al., 2026 O(d'/*/TY/* + d'/10 ;nt/5T1/5) )
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ImageNet Acc
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> ImageNet. #EH%E

Model Optimizer lj_?\l/}?ﬁ}lpg Accuracy (%)
Dis-SGD 72.404+0.49
Dis-AdamW 73.2840.25

ResNet-50  Dis-Lion 73.3840.19
Dis-Lion-VR 74.124+0.14
Dis-Lion-VR-CE 73.92+0.15
Dis-SGD 72.354+0.88
Dis-AdamW 73.0440.11
Dis-Lion 73.434+0.14
Dis-Lion-VR 73.78+0.07

VIT-S Dis-Lion-VR-CE 73.29+0.11
Dis-SGD 72.56+0.93
Dis-AdamW 73.1140.16
Dis-Lion 73.09+0.16
Dis-Lion-VR 73.94+0.08
Dis-Lion-VR-CE 73.2540.16
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> B N Lionfi b 2%
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T1/4 T1/3
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o fRALTE R 5 SE KA ;%
o SEBRF A I E AT NI
. FBMEFE [Yuetal, 2026] = + ’L*d":W)
> Ph i B FE FE AR =LA 4%, WMuon [Jordan, 2024]
1. B E s & V, = uV,_, + G,
2. SVD/ i V., =U.Z2 V'

3. PRI B T Wiy, = Wi — ntUtSign(Zt)VtTt
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