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B dx d WEMTAIROEA Y U, S, = {M e 5% M = O} TREINS d x d B2l
WNETH 2R OESAL TS, DI = {M € R M = diag(z;), z; € R (i = 1,2,...,d)}
i d x d TSRO LTS, He S, o LT, H-ARYE H-/ VA, RO
z,y € RULZH LT, ZNEN (2,9), = (v, Hy), |z||} = (v, Hz) L EHI D, FAME
£ X (CRY) ~OEMSHIIE Py £ XL, H-/VMZBT5 X LOBEMRGE Py £ %
T, Eiz, HEEREHY OMfHEE E)Y] & RT,

2.2 RE & FHEE
PUF DS %,

(A1) X C RY 34 H IR HIMEGTH 5,

(A2) F(-,&): R - R £ € S U THEMRMAATRETH 5, HLU. £ € ZIXMERDT P
RO HERERE T2, R 5 Rk ALED 2 € RUIIKH LT f(z) == E[F(2,¢)]
TEHRT 2,

ZOGEDS T, B f O X ETORMUBBEDE# M 2% 2RDO72\0, Tbb,
e X i ={r" e X (x—a",Vf(z*)) >0 (z € X)} (1)

EB g mEDTZW,
UTFDOEMERTOME (1) 2557 5,

(C1) MSZE— AR S HERER &0, &, ... DEET B,
(C2) AJIR (2,€) € RY x 2 13, E[G(x,€)] = Vf(z) %7 THERIMENR Gz, &) KT,
(C3) TFH M MFELT, EEO z e X 12oWT, E[||G(z, )|2] < M? %77,

BIE BEFEFEREREFE

FOUIY R4 B[] & FECEEARIEIC B 2 AR (1) 2 < 2O OBEFD T L
TYXLTH D,
TN AL B1EBTS (Hy)nen € ST, = diag(hn, i) R F2#7=T LT 5,

(A3) FEEED neN,i=1,2,...,d 1I2OWVT, hngii > has B LD,

(Ad) EDi=1,2,...,d122WTC, sup{E[h, ;] :n € N} < B; 7= T E B; 7L
T5,

(AB) x:= (x;) € X, (n)nen = ((Tn))nen XU T, D :=max;—1,2, qsup{(Tnt1,

—x;)%: n € N} < o0 DD LD,



73 XA 3.1 Adaptive learning rate optimization algorithm
Ajj: (an)neN - (07 1)3 (/BTl)TLEN - [0) 1)?8 € [07 1)
n <+ 0,x9,m_1 € Rd7HQ S Si+ N D4

loop
My = BpMmp-1 + (1 - ﬁn)G(xnagn)
My, 1= 1_7,5'12+1

d d
H, €S, ND
Find d,, € R? that solves H,d,, = —,,
LTn41 = PX,Hn (xn + O/ndn)
n+<n+1

end loop

H,eSi ND?%wv,eR? (neN) %

Up = anfl + (1 - B)G(l’n,fn)n

Un,
]_ _ BnJrl

On 1= (0n,0) 1= (max{in 1,6, Tn.1})

H,, = diag <v;>

LEHT D, EL v =0,=0eR% Fc[0,1),n>0%L,

Uy 1=

G0, &0)" = (G2, £,

LREBET D, n=2056K5 (2) b 27N 3Y XL 3.11%, Adaptive moment estimation
(Adam) 2] &~ 5, T 5T,

Up = B'Un—l + (1 - B)G(xnagn)n

Uy 1= (@nz) = (max{@nfl,ivvn,i})

1
H,, = diag <ﬁn’z)

TEHRTDHLE, n=206K5 (3) 2EFT57/)3TV XA 3.1I1%, Adaptive Mean Square
Gradient (AMSGrad) [3] & —(3 3.

X (2), (3) THEENE H, & o, 1. (A5) OB LT, (A3), (Ad) &7~ (EMIC
STk [1] 2BHE ),

(3)
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Hat Enterprise Linux 7.6 operating system %A L TW5, E 7102 J 4k Python
3.82 %M L. NumPyl.18.1 & PyTorch1.3.0 Z{ff L 7=,

L2787 — 2L 10 0 T UMWz 7 VI &z 57— &% v b CIFAR-10
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TNy NI =7 ETIVZBEIAAREN 44 D> 5725 ResNetdd #FHH L 7=,

test_accuracy

PR TSRS
I

B 1 Adam (2), @ =107°, 8 =107% 1 = 1/3,1/2,1,2,3,4 &5 7V T )AL
31183327 A NT—XDNHREE

test_accuracy

2 AMSGrad(3),a=10"° =10 7n=1/3,1/2,1,2,3,4 £HF BT VTV X
L3 1LIZBIFBTANTF—RDHHERE

FERFERIT, BFEOTIE (0 =2) JDEVWHEEZ/LI LN TEDLILERELTWD
M, I TNV TY AL EREET DFICHRETI2HERDH D7D, EDXIIInE2ZETHO
DRWOD, M 2RI H 5,



S 3k

[1] H. Iiduka. Appropriate learning rates of adaptive learning rate optimization algo-
rithms for training deep neural networks. 2021.

[2] D. Kingma and J. Ba. Adam: A method for stochastic optimization. Proceedings of
The International Conference on Learning Representations, pages 1-15, 2015.

[3] S. Reddi, J. Kale, and S. Kumar. On the convergence of adam and beyond. Pro-

ceedings of The International Conference on Learning Representations, pages 1-23,
2018.



