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Abstract

To address the problems of parameter update deviation caused by gradient noise and parameter os-
cillation in high-curvature regions during deep neural network training, this study proposes an adap-
tive learning-rate optimization method, termed SW-Adam, that can rapidly respond to local variations
in gradient noise under stochastic optimization. The method incorporates two coordinated mecha-
nisms: sliding-window variance estimation and variance-aware learning rate adjustment. On the one
hand, the Welford online algorithm is employed to assign a uniform weight of 1/k to gradients within

the window, thereby reducing the response delay of variance estimation from O (1/ (1 - ﬂ)) in the con-

ventional exponential moving average (EMA) approach (approximately 1000 steps) to O(k), where k
denotes the window length and is typically set to 50. On the other hand, an exponential decay function
is used to establish a negative correlation between the learning rate and the variance estimate, so that
the learning rate is automatically decreased in high-noise regions to suppress oscillations and in-
creased in low-noise regions to accelerate convergence. Preliminary numerical experiments on the 60-
dimensional noisy rotated Rastrigin function show that SW-Adam achieves a final function value of
130.80, representing a 77.6% reduction compared to AdamW and an 88.1% reduction compared to
Shampoo; the variance estimation coefficient of variation decreases by 8.6% compared to Adam,; alt-
hough the single-step computation time of SW-Adam is slightly higher than that of Adam, it requires
fewer total iterations to achieve the same objective function value; Wilcoxon rank-sum test confirms
that the performance differences with all baseline algorithms are statistically significant (p < 0.001).
Ablation experiments confirm the independent contribution of each component: the sliding-window
variance estimation is the primary contributor (performance degrades by 202.3% upon removal),
while the variance-aware exponential decay and learning rate clipping provide essential signal trans-
formation and boundary stabilization, respectively. On the CIFAR-10 image classification task with Res-
Net-18, SW-Adam achieves a test accuracy of 93.47% with a generalization gap of 3.21 percentage
points, demonstrating its generalization capability on practical deep learning tasks. The sliding-win-
dow variance estimation mechanism can effectively reflect local gradient noise levels, working syner-
gistically with the variance-aware learning rate adjustment strategy to improve convergence perfor-
mance while maintaining computational efficiency.
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WB9%; RMSProp (Root Mean Square Propagation) [3]5] AFEEUINAF 5~ EMA (Exponential Moving
Average) Ll v, = Bv,; +(1- B) of BAREERE RAURA, SRR 1% ) RAFECRIRMI AL 1 Adam (Adaptive
moment estimation) [4145 &35 5 EMA J7 Z Attt AT IEA,  HakAC A 6, 3B f U sE S F

m=4am_,+(1- . V=BV, +(1- 2 0=0,- M 1
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F10.999), n NeFRLK, e NEUEFEET . Adam FRIHAS A0 5 AP R A 24 BT B B AL 2% .

B AR G N ERZE: Anil [5]5F(2021) 52 v e B4k 73 Shampoo, 38 e R i 2% A4 Z)
S ARG, R TE T IR SRR . Chen [6]125(2023)i@ i 75 SR K B Lion, DL ik 1)
P55 S N Se B Ao e B . Shazeer AT Stern (2018) [7]42 H Adafactor, FIJF K F9) il 2.3 PR MK B Seit
EAAETAE, BOR T AR IR N A AT 1

ARSI AL AT Adam 1) — LA R IR M 2 FPBUEE 7 R . Liu Z[8]50 8T T Adam FHIVIZRI BT 2
RS ), 4R R 2 S R AWLH] RAdam:  Loshchilov [9]#) AdamW 75 3244 L B B 5 4
JEE AR, GBIz RS Schmidt 251014 15 Ak 233047 50,000 Yk SEE6 I R G HEN, K
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DA BIERN 2 2] )7 R EMA B Gk, L Adam I a4l v X
Vo= (1-5,) 37 B0t M, 24 B, =0.999 1, 100 i A G FALE 0.999100 ~ 0.90, 500 i £
0.999500 = 0.61. XK J2 M F B 22 A5 T X Ja 38 Mt 7 A8 A 1) i) A7 E i 5 —— A 0 DK L)
1/(1-B,) =1000 25« IRk N H I Bratidss J lh R e DO AR AR, 7 ZE A TF 75 SRR D ) e R B
MRRAS, IXHAIR 2 5] SRR 0] g S 20N G AT E

ot BRRIR, ASCHRHEE TN E N EIEN Y )% Adam 757 (Sliding-Window Adam, fiic
SW-Adam), M 77 ZE ki vF R 2] 28R B PR 2 I SOE A AR . A SO TAEGHE LR JLAN 7T :

1) BREBhE HU7 b L], SR Welford 7EZSSIR[14]% B BB EER T Y SR 1k 248 1
KA KN, J7 ZEAb T 58 4 BRI k M EEE , TR MEIE A EMA [0 (1/(1- 5,)) (4 B, BUEH 17 0.999
I, 54 1000 )&% O(k) GEH k L 50), M AE0S HUisf FE k6 5 e 75 7K P 1224k

2) PR ZEIREN S S RGN ) RS T AL TR AR DO R SE I FE S R
ZEROR (R 7 X3 I B B BRI 2% 2 28 DUAIRIR S, 1477 22 80/ (AR M 75 X3 B 47 1 2% >0 28 DU e ySe 5

3) 1 60 4 /5 iE % Rastrigin pR£L[15] FHEHT REGUSLL, YIDHUE S0 5045 R W SW-Adam & iR
${H A 130.80, Lt AdamW F#{IK 77.6%, Lt Shampoo F#{I 88.1%; 75 24k i1-9% 5h & %Lt Adam F#{iK 8.6%;
T8 SRR 0.11 ms, (Xt Adam 341 10%. Wilcoxon FEAIKY 36 1IE 92 15 HE 28 S0 i P e 22 5 B 45t
&M (p < 0.001).
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Figure 1. Flowchart of SW-Adam algorithm
[ 1. SW-Adam B3ERIZE
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e BREZET X B R SEHL, AU O(k-d) I aah 22 () (d N2 KAL)

SLEI 2 B ATAR Y SE PR AR 55 B0E , W Wk # S (1) IRRIPBs R IAUREL T; (2) Rk
HUEAR T BIME; (3) S TR T IEIREE N TR % . ASCIRR M E AR HL T = 2000,

&% 1: SW-Adam (BaxEOBENSFIEML)

WA WIS O, HERE 7SI o, P ARE A, VIR, WHRE &
WA vo—1, po«—0, My« 0, n<0, ZZWE B« 0
fort=1,2,...do
L TSR g < VoL(0i-1)

2. if n > k then /] BEIEW, R AR

goid = B[t mod k|, dcld 4 gold — pe-1

p = pe—1 — ora/ky M = Mi_y — dora - (goa — 1)
celsep/ < pp1, M' < M;_1, n+ n+1end if
. EEEHSEE . Bt mod k] + g
. Welford B3r: § < gt — ¢/, e < ¢/ + 6/ min(n, k)
C AT My M+ 0 (g0 — )
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Figure 2. Pseudocode of SW-Adam algorithm
[ 2. SW-Adam B3RS

5 Adam L, SW-Adam TR IR ARG (1) BREZMMIXER, Wk 1 IREARS; (2) HH
WIS B R, WK 6 RIEIa K. I RN O(d), 5 Adam AH2Y. 7% [E & 28 238 N O(k-d)
TR RGP IX, Mk < T B, BN 2. £, k=50 B 525 1 BFER A Adam 7 0.10
ms 4 h0%) 0.11 ms, HIEY 10%.

HAR SW-Adam 155 T EFER K = T Adam, (HILOE ARV S b X BAH IR H b o 508
LS IEARIRE T D, DR I RIS TR A A B
3. KB

AR, W B WL R A ) AT SN g 2 T HRAS T . ORI IEX — B A R, A
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AL A 2 A M R L EIT R R G, MDA RCR L J7 2R YA T SRR = AN OV A SO i
31 SCHRE

SZIGAE Intel Xeon Gold 6248R CPU i1 NVIDIA A100 GPU “F-& LT, #4345y PyTorch 2.0 I
Python 3.10. AL /572 SW-Adam HBSHBE W R HERE I HK n, =107, “FIE AR =09, HEET
A¥ =015, FEARDBHRy,,, =10° 1y, =10, &OEKEk=50.

N A TNVl AR SO 0 2k, IR 5 — AR PR B R I ARER MR AL AR Jxe LR 28, e 1 foR.
AdamW A& a1 H 52 IR, 1E v HES IR Lion A Adafactor AERUT4F Rk iedt 777%; Ranger
4547 RAdam F1 Lookahead ff1 & & %% ; Shampoo AR R I E B IR B &M K2R . Zik BB S e
TR AR T EEROR PR LR, B WA SO AR T AT B A K P ISR . Kb “HIIRY: ) R
i &AL #5451 FH (1 ] 5 At 25 = e {H

Table 1. Baseline optimizers and their technical routes

=1 BEMUBRERAREL

Ak #% HOR B2 e e I
AdamW [9] ST E BT 1073 HETRTZATE, B NEUHES IR T
Lion [6] b H &N 10 2023 SEHTTE, 5 RECER
Adafactor [7] b H & B 5x 1073 fIRRRIE L, AE L
Ranger [8] VR SR 103 Radam + Lookahead & &
Shampoo [5] FERE H &R 5x104 FIHZMEE, RENFERAREE

iR 2 SR 60 4 5 e %% Rastrigin 2% %5[15] - Rastrigin e8 %5 f (x) =zid:1[xf —1OCOS(2nXi)+10]
R4 ML PR, KIS A SRR A A R R R e D B R B . I BEALIE AR Q AT
AR N ) U, VAN TR S N (O, 0.12) ML ALL S BRIl 2 r AR FE MR 7 o % 0 3K R 5 R 4% [ ) 28 A
A 385 X0 s 5 e 7 L R 40 9 1 A I A ) A 3 i
3.2. fiL{ERIEE

% 2 BORFARAEIAE 60 YEA RS EFE Rastrigin pREL AL 45 R (2000 RIEAR) . A SCTTVE(SW-
Adam)ik Bl i /MO IR AL R HUE 130.80, HIEL AdamW MK 77.6%. JLAMFELRAL b 88 (1) f 22 o6 B Y1

580~1100 [X[i]: AdamW. Lion. Adafactor. Ranger &ILtHiT(580~610), Shampoo I %7 (1096.79).
Shampoo 7 It i 4E e 5 PREE T RIMAE, AT 8 D HE T 2% 1100 B Aty 50 i 75 UK

Table 2. Optimization results on 60D noisy Rastrigin function, 2000 iterations
52 2. 60 4E &1 Rastrigin BB B LEE SR (2000 L)

AL R REE AHX B i
AdamwW 583.23 22324 2
Lion 593.79 -1.8% 4
Adafactor 593.05 -1.7% 3
Ranger 611.71 —4.9% 5
Shampoo 1096.79 —88.1% 6
SW-Adam 130.80 +77.6% 1
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3.3. WSHhZ 4T

K 3 A 4 fRoR S ALALERAE 2000 JOEARH RO 2. B P TSR B = AR Rl FENCSIOE T
I, SW-Adam #££) 200 JGAAE RIEZ L T HA 53, H— R BE P MRS 0.1 LU, misk2k 5%
AdamW 11— LR BUEBL I IR ORERAE 0.6 DLE, RUIASCOTEREN R BT S U . fERRE VR D71,
SW-Adam F Sk ith 2T 15 58 5E , IR HR LRI, T AdamW., Lion %5 7772 1 h A2 I 2 31 L0 I e
WUE T BN B U7 ZE A TR S KM BOR . AERFSEOUALRE J) T, 251 1 R KU i A R T
S, WS s, T SW-Adam FFEE TR B, SRS 22 EOR S O R B RE gt o 1 FL USSR SR A AL o
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Figure 3. Convergence curves comparison: AdamW, Lion, Adafactor, SW-Adam
[& 3. Urssphek Xtk (AdamWw, Lion, Adafactor, SW-Adam)
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Figure 4. Convergence curves comparison: Ranger, Shampoo, SW-Adam
[& 4. Ussphsk Xtk (Ranger, Shampoo, SW-Adam)
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3.4. FEMREES

NBGAIE N ) 8 ML 7 Z Al TR MR SCE BUR, 6 3 XU T Z s 24 CV =
Std(ve)/Mean(vi). 3N RECERIC A 7 Z Al THR AR E , AR R S SR B AR AL T mT SR AR HE . (8 T LA
Ji ZEAb TR LRI A B 25 R, AL R BCR A R 7 ZE Al TF SR g AR I T . Adam {E bR EMA
(B,=0.999), RMSProp {5 % 1) EMA (5 =0.99), SW-Adam 1 FH 5 3 & 1 HL .

Table 3. Comparison of variance estimation coefficient of variation)

3. FEMITKNRBIIEL

WIRES EIER FxT Ak
Adam EMA, g, =0.999 0.418 HL
RMSProp EMA, f3=0.99 0.464 +11.0%
SW-Adam (731 1) 0.382 -8.6%

SW-Adam (77 Z ki 1H3) 2% 0.382, L Adam %1% 8.6%, #HEL RMSProp F&AIL 17.7%. J3h %
K A P AR 5 S DR T B B T R S LS - EMA X6 T3 SR BE I - PR BT IR L, R X T %
Ak T P 5 M B BT (R 08 SR ks 7 9 S0 B 00T B 10 P R B AR R R, R R AR R N PR AR R
&M JE B e AR B . X — R Ty 22 ik v g R 7 Qe B B A (R

3.5. HHEMESHT

% A KT B AR B HOD T R AR . SW-Adam HUBFERT 0.11 ms, 5—BMEib#s(AdamW. Lion 5)4H
2L, ALHEHN 10% A IFRS: M2 N, 7% Shampoo FIEEFERT Ny 1.80 ms, J&—F 512K 18 1%

Table 4. Single-step computation time of optimizers, 60D, CPU
= 4. SRR LT EME, 60D, CPU

etk a4 FEBF (ms) BTt FEXT FF4H
AdamW 0.10 —kr B35
Lion 0.10 —br 1.0 fif
Adafactor 0.10 —Fr 1.0 f%
Ranger 0.10 —Mr 1.0 f%
Shampoo 1.80 1) 18.0 1%
SW-Adam 0.11 —Br 1.1 f%

Table 5. Total time comparison for reaching target function value 500

= 5. LB EARRH{E 500 B9 S FERTRTEL

AL 1% B IEAREL SFEIR (ms) SRR IAF
Adamw KiLH - i
Lion RBH - i
Adafactor ik E| - i
Ranger ik E| - i
Shampoo Kk E| - i
SW-Adam ) 180 #7198 3
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AR SW-Adam 5L D FERT B =T Adam, {H5 18 2134 24 [F] H Az e BUE B i kA E =, HA
RFCRBHE . 2 5 BRS I 23 k3 H bRk BH 500 1S AER G HE(FF 2000 PGEAR P A IE 2 U bR
A “ARIEF]” ).

RHF IR 355 T Welford £ELR S 20 Bl: WE FHE M 20T 3 W EisH, LHfF
it SR EE R0 7 SR o S5 S AR I e S BE , SW-Adam FE % 78 55 % (1 5 i 8] P 34 21 58 A0 16 B A bk E 1l .

3.6. BHHWRM I

A TEA GRS WK kR 285 /A B REEN S E0 B N BUSFEE,
I3 AT SHAA L

KR K I 2 6 JRaR AN K EE T SW-Adam BIEAL S 5. 24 k M 10 BEhn ) 100 i, #
LRBUE R RIS, 18 k=50 MHUA B, & R (k = 10)8F, 7 ZE Al THxS B S R
TR, SR ST RANE WS T TS K (k= 100, w7 ZESR I AN, HI55 1 % J) i M s AR A 138 I g

Table 6. Effect of window length k on optimization results
F 6. BOKE k SR ILLE RN

K K AR T WA FH HAX AL
10 168.45 0.512 +28.8%
30 142.37 0.421 +8.8%
50 130.80 0.382 o
70 138.92 0.365 +6.2%
100 155.18 0.348 +18.6%

WA RBA KN £ 7 RoR ARG REBCT ISR A 1315 3] 005 ZAR M R BURRE L -
A R/ (U0 0.05), 27 2] A MR LA, 3 LA Rl v A O IR 75 A 1K (0 0.30), 23] %
R, ARG S X SO FE 32 B . A = 0.15 7 P 2 [ A T4

Table 7. Effect of penalty coefficient A on optimization results

F 7. ESRB A MRUEROZNG

TR A B wRHE SR CE kS HAX AL
0.05 185.62 8.7 x 107 +41.9%
0.10 148.35 6.2 x 107 +13.4%
0.15 130.80 45x%10™* ok
0.20 139.47 3.1x10% +6.6%
0.30 162.83 1.8x10* +24.5%

3.7. jHRASCLE

NI SW-Adam H ARSI TTHR, (£ 60 4RI ik Rastrigin pR T RIHRISEIG . DAEE
SW-Adam HNyHEiE, RIKFEER = MZOALUT: 52 5 REBT (2 3@ LN FLAR) . J7 Z AR HOE i (4 X
(T)HIE IR, R B Jm AR OB E 2 2T 3 o)y DAL BN B L7 ZE (G (B 409 EMA T7 2441, fRE R 4K
TEPRHNR) . BEAL, DAbRIHE Adam (N TG IR LL . A AR IFE R IR a6 261 I8 4T 30 IXMAZSES, id
SRR PR E -
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HTME—, FEVR

% 8 BN IRE R . SW-Adam H5ETE BELEIEN p %/ T 0.05, RUMREER B RITEE
. HA 5 Shampoo K p 5/ (1.2 x 107%), 5 AdamW [ p {64 3.8 x 1075, ik F & E B & /KT, X
— S RNGETE 2 LA | A SO R BRI T AR AR SR R R BT B

FREERAEG IR T =AM A AR A TME R R T Bh A BRSO RE B 1Y 32 AR (DTERZY 67%11)
HGEIRRE), 5 2 BN BSOS 7 248 5 A U A R 5 2 2 RE SR G (DT R 2 47% I BN, T4 >
RE IR N TG T TS pba o (1 Fa e R (DTRR S 8% il brel) . =AM AT TTHRRIGIE T SW-
Adam B BTHEEEME: YERRIRTHIE B3N & 1 U7 Z A5 T S R SO oA B SRS I P EE R, AR — )
AT 5

Table 8. Ablation study results on 60-dimensional noisy rotated Rastrigin function
7= 8. JHASLIRLE SR (60 4ETHIR A HES Rastrigin &R%)

etk & T HEH 2 (%) I ZRAEH 2 (%) ZZERE(H 7 K)
AdamwW 92.81 96.96 4.15
Lion 93.52 97.41 3.89
Adafactor 91.63 94.47 2.84
SW-Adam 93.47 96.68 3.21

38. Gt BEMHIE

NS FE R 2 R IS BB LSS, SR Wilcoxon AL IE 4T SW-Adam 5 #5-FE 48 H ik E T R
SRS M. LI R . {E 60 4k A Rastrigin BR3T F, SFEEMSTIZAT 30 R, IEFERAE
HAE, PARUES IS p AEAE 928 Rk 4R br (2 & Y IME o = 0.05).

79 A5 TIHASLIGEE . SEHE SW-Adam [ BRI EE N 130.80, Rk S HEE S5 RAUE LTt
%2 142.35 (+8.8%), I S LY AL E i R ) 27 ) 2 (0 il UE A AL A S At T 3 B2 i AR e MEOR P . BB R
05 2 AR RO VS 2R AUE 2R B AL 2 248.67 (+90.1%), Ui BN AK SE 1 Bh T ARG AER I 7 ZE A5 TR
W I AL 2 2] SR, RS IR RIS EE . DRI E OHLHI (BN EMA 1% +
FRECE ) J5 RABUETH 2 395.41 (+202.3%), UFSEME BN 75 22l h 2 BN TR R R Rl E A —— R
PR N P R R A A BB ) DR e 2 ) 2R R AR AL TR REINE 5 R AR Adam JEZE 1) bR ${E  583.23,
j5e % SW-Adam FHZE 4 4.5 1%,

Table 9. Wilcoxon rank-sum test p-values between SW-Adam and baseline algorithm
5% 9. SW-Adam 5E L& %/ Wilcoxon FEFN4&LE p &

XTIk p1H wEN
AdamwW 3.8x10° p <0.001
Lion 42 %105 p <0.001
Adafactor 41x10° p <0.001
Ranger 2.9x10° p <0.001
Shampoo 1.2x10°® p <0.001

3.9. LB
SIS RN, WA T 107 Z A THHLR RN A PR A B TR W SIGE FEMAR E VR . 7E 60 kI A
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Rastrigin B% I, SW-Adam 5% s EUE L AdamW FEAIK 77.6%, 75 % 38 RELFFAK 8.6%, DT HIT4H
N 10%, {HREFE A b SR IS SR B Ar (AR AL AR . S EUBUBME AT R, 3 1K E k = 50 A&
A A =015 2 K75 FRILRLF. Wilcoxon FAAGIGIESE SW-Adam 5 frf LLEEL B8 2 7 B
AETH R E M (p <0.001). X EeLE LIGE | A SOV A Rk, BRIV 3 3 RIS 75 22 4k v RE A s i
W R KA, 7 2 BN A 2] BRI I SE I FE ROE KA, BAMLRIEC A TR, E— 2R LR
TR E R TR SR

TH RIS — PR SE T & AR IS TTRR . W B 1 5 ZE Ak TR s R S 1 R A (R B S R A 3
I 202.3%), 77 ZRRSNFE BRI T ST A B A S B R (R R S s B I N 90.1%), 3 F K
B PR ALIE (R 8 ME AR R (R84 5 BR BB 3% 0 8.8%) . /£ CIFAR-10 + ResNet-18 74 /% 2% 3] {£ 45 I, SW-Adam
AT 93.47%MMHER %, 2L ZEFE N 3.2 NE A, TESHREE Sz AR ) 2 (MU T Bl (P,
BAIE T %7 V5 I UE AR Ak bR B B SE PR IR BE 2 ST 55 (AT iR R

4. REEE JMESWIE

NEGAE SW-Adam 75 SEPRIA B 2 S5 iz AEE 11, 7E CIFAR-10 B 43 25k b 475t L sist
SR F] ResNet-18 1E 9 H FM 4%, )I1Z% 200 4> epoch, L&A/ 128, Fd 1 o 40,35 i WL L 5T A1 /K F
e, I F 7, AdamW M6 21 %454 0.001, Lion ¥y 3 x 104 (B JE ), Adafactor K]
PRIA [ 38 N 27 3 3, SW-Adam #8525 1 ¥y 0.001. & K ¥ k=50, &5 R&HA1=0.15. FrF 7S
18 FH AR 508 K 2 D) R G, B ZEIRGE— BN 5 x 1074,

%10 5 T RIS CIFAR-10 MALE b1 73 SFSHErE 2 572 4 22 85 (I ZRHER 22 5 v 22 2
#). SW-Adam B8 93.47%IRERI R, =T AdamW [ 92.81%7#1 Adafactor ] 91.63%, 5 Lion
93.52%E A K. TEIZALZEFE 5T, SW-Adam HIYIZk - MR R Z 8N 3.210 DN H 45, KT Adamw
1) 4.15 AN 43 s R0 Lion ¥ 3.89 ANFH 43 £, AWBS =T Adafactor (1) 2.84 AN 43 1. Z45 R, WahE 0
77 ZEAS VI NI FE IR FE 2% 2 55 N Re e B M S8R, (R AW S B0 30 1458 Al /IME X35, AT
BB AR

MANN RIS 84T NG, SW-Adam 7ERT 50 /> epoch [ &% E 5 AdamW #H2, {HYE 100 4>
epoch 2 Ja R ILH AR M I SR KD SN IR AR ZE 5 AdamW BEAIRZ) 18.3%. X 5 Al I R v f Ak S 38
WG BN 1) 7 ZEAR B P — B & DOMLRIN i k00 B 38 ST A 77 22 ik %ok B2 S 16 F8E 1) UK
FEREAG, HEMIRA> T2 S R B F . (EFE R N2, Adafactor BARZALZEFE /)N, (H L HER
REK, VLIS T ORSF 125 o) 3R g A R T2 40, H1mT Re BRI 145 68 7. SW-Adam 75 7 28 5
52 A ZEBE 2 [AVUAS T BT I~ A

Table 10. Comparison of performance for optimizers on CIFAR-10 + ResNet-18
# 10. BHHLILESTE CIFAR-10 + ResNet-18 LA gEXTEL

BN AR FHXT AL AL, (%)
Full SW-Adam 130.80 —
wlo 2% 2] 2 EY 142.35 +8.8
w0 J7 7 I R 248.67 +90.1
wio JBEhE I 395.41 +202.3
Adam 4 583.23 +345.9
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HTME—, FEVR

5. &

TR P A0 22 X 288 V1) R I I s P32 i 75 -1 3 BU S 4O i 725 DA B s il 38 XIS S R i il . B B
N2 SR vE R BRI EMA iR 5 22, {3 EMA S5 SRR A AR (20 D 4 1000 4) 53
T3 ZEAk T e S AR BR 2% o ARSCEXNZRIR, B R T B LR S R A S R AT SW-
Adam.

SW-Adam FVEBTHAE T A RN, ER S E D7 2 4G TR Welford FEZRBVERTE 1 k
BB EEIR T2 SIBUE LUK, FEAF SIE IR A O (1/(1- B)) B ZE O(K) s 2 SR Jm 8 o8 2 1k 7 7K1 PRV L S
i3 FEBOE IR EL 77, = my exp (=AY, ) AL 2 ST H 505 ZE b TR SO OROC R, SEBLT ZE IR B 3 BT K
.

£ 60 4L 5 75 i ¥ Rastrigin BE 07 S5 R W], SW-Adam 752 1004 R £ {8 v 130.80, AHLEL
AdamW i 77.6%, #HLL Shampoo 1 88.1%; 75 Z {18 REAHLL Adam F#MK 8.6%, IRIF T I83hHE O
BUHIRE 7 Z A R e P ke BBt SFER IR L Adam S8, (HBEIR1S S Pt Spaliedl, (R 75
BRI . SHBUEME S BT R W3 1K k=50 AIFETT 2% A =0.15 £ 23075 F R IE{# . Wilcoxon
FRAR AIE 52 SW-Adam 5 T FEL8 Mk k2 7 A Goit B 2 M (p < 0.001).

THRSEIR IS UE T SW-Adam =NMHAF RIBSETTHR: TE BN T ZE A TR A O A (R B S R i 3
202.3%), 77 ZBFIFEECE P ALOCE (G SR Th R (B FR fo s BUE G N 90.1%), %) R EBIA TiE ¥
(1321 SR B (B Bk I R B 3 0 8.8%) . —/NHAF R EILIMER R, MEREIRTHE H 77 Z A5 3R g
(PR, TAREA — AR RN . 7E CIFAR-10 + ResNet-18 V&2 >141%% I, SW-Adam H(15 93.47%H 1]
WAERR, ZAEEN 320 NE s, R8RS Z AR 12 WS T8, 3P 500F 7%
T3 93 N FEHEA A, 10 8 17 SRR TR 27 I AT 45 B AT RS 1

SW-Adam J5 5 P ATE T i o3 7 ZE 05 T BORT [a] ROBE, 500 Ak 2% B AR AR 24 BT 06 P e 75 /K P Bh 7
TREE S o)A, FE e S XD KA IR, ARG 75 X e m b K e sk, it B —
JRBRYE, Qi K k7 EARYE AT SRR AR, O S AT R B AR TR, g K
U ) 555 0T i S AR A PR R SR 77 s B AL, TR A 2] SR BN AE ResNet-18 X — R AE MU I 2% F 30, X T
KIUAEAE 5 BRI S Transformer %5 58 & Z 4Ry A& VA it — 20 5%

Ja ST AT LR g Tk Kz R R A KU T 2R 8L (40 Vision Transformer. GPT %),
FRAATHSYEMTEIRIIASE TR WRE DKER BERREILS], EERARE
AN A SR FRMNE RN 856 0 E Bl — DI rtisittre, HlWnks g sh & DLE 5 Shampoo 1
TRACAT HEUE AR L 5 o

E&WE

I E SRR # I 42 (2022GXNSFAA035618) «
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