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Abstract:  For non-smooth strongly convex problems, the logarithmic regret bound can be obtained by online gradi-
ent descent with the appropriate step size parameter. However, it cannot make the first order stochastic optimization algo-
rithm achieve the optimal convergence rate. To solve this problem, researchers usually adopt two schemes: one is to modify
the iterate of the algorithm, the other is to change the output mode of the algorithm. SAdam, a typical Adam-type algorithm,
modify the algorithm by adding adaptive step size strategy and momentum technique. Although it obtains a tighter data de-
pendent regret bound, it still cannot reach the optimal bound in the stochastic case. To solve this problem, this paper rede-
signs the step size scheme which is the same order as the previous algorithm, uses the weighted average algorithm output
mode, and proposes an Adam-type algorithm named WSAdam. It is proved that WSAdam achieves the optimal conver-
gence rate for non-smooth strongly convex problems. The validity of the proposed method is verified by the test of Reddi’s
problem and the experiment in the optimization of non-smooth strongly convex functions.
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oAl 4 F 2 A dam BUFEIEAT LA SR TAT AR LR FE Lk
PEACI R I . PR WL, B B4 — 8 24
a=0.5,8,=0,6=1e-8,Adam f AMSGrad ¥4Ji% & ,=0.1,
AdamNC . SAdam Fl WSAdam 43 & B, =1- 0.1/z. 25
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K H 6 A~ bR HE £ 5 5 | 43 512 cod-ma . ijennl | gi-
sette .,madelon a9 Fll live-disorders. X 2850 HRE 3k B
F LIBSVM [ % (https://www. csie. ntu. edu. tw/~cjlin/
libsvmtools/datasets/) , EARSHIA AT 1L 2.

R2 IREBBERR

Datasets Training Samples | Test Samples | Dimensions
cod-rna 59535 271617 8
ijennl 49990 91701 22
gisette 6000 1000 5000
madelon 2000 600 500
a%a 32561 16281 123
liver-disorders 145 200 5
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PA S LA BLAY 58 ™ Adam BB EEAE N LT 42 . oy
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Adagrad #4E SCHK[17 1% # ¢,=0.1,¢,=1; SC-RMSProp
FRAE SCHk[ 17 ] B E B, ,=1- 0.9,6,=0.1,¢,=1.
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EVEIEi- RS Pegasos SAdam WSAdam SC-Adagrad SC-RMSProp
cod-rna 0.599440.1737 0.8575+0.0165 0.884610.0011 0.809940.1468 0.8260+0.0881
ijennl 0.9024+0.0000 0.9024+0.0000 0.9024+0.0000 0.902440.0000 0.902440.0000
gisette 0.9795+0.0367 0.979240.0148 0.9861+0.0118 0.9800+0.0236 0.9850+0.0071
madelon 0.5000+0.0000 0.5681+0.0507 0.5760+0.0569 0.554540.0573 0.5340+0.0436
0.8425+0.0016 0.8423+0.0008 0.8428+0.0005 0.8420+0.0006 0.8423+0.0009
liver-disorders 0.6228+0.1216 0.6897+0.0065 0.6979+0.0121 0.6648+0.0732 0.6531+0.0758

3

RAE

b

b

ARXFEF

Bt

b BRI

AHXFEF

AR

— PEgAsos
e SAdam
e WSAdam

— SC-Adagrad
e SC-RMSPrOp

500 1000 1500

FESAv/e5'e

(a) gisette

2000 2500 3000 3500 4000 4500 5000

RAE

— PCZASOS
e SAdam
e WSAdam
— SC-Adagrad
e SC-RMSPrOp

500 1000 1500 2000 2500 3000

BESAv/e e

(¢) ijennl

3500 4000 4500 5000

— pegasos
—— SAdam
e WSAdam
— SC-Adagrad
e SC-RMSPrOp

500 1000 1500

AU

(e) cod-rna

2000 2500 3000

4000 4500 5000

ARXT FAR R

— PEZASOS

4L —— SAdam
e WSAdam
=51 —— SC-Adagrad

e SC-RMSProp

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
AR

(b) liver-disorders

ARXS FAR R
(=]

< 5

b mm}mm

— Pegasos
—— SAdam

-4l e WSAdam
— SC-Adagrad
e SC-RMSProp

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
HEARUEL

(d) madelon

— PEZasos
s SAdam
e WSAdam

— SC-Adagrad
e SC-RMSPrOp

AEXS FLb R

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
EACEL

(f) a9a

2 FIAReRE SSoE R H A A



2058 R S R 2022 4F:
R4 MK AEREMTELE

PG LIRS Pegasos SAdam WSAdam SC-Adagrad SC-RMSProp
cod-rna 0.637420.3886 0.9495+0.0017 0.9460+0.0015 0.9142+0.0965 0.9387+0.0178
ijennl 0.9050+0.0000 0.9050+0.0000 0.9050+0.0000 0.90500.0000 0.90500.0000
gisette 0.9626+0.0320 0.9568+0.0152 0.9642+0.0125 0.9578+0.0238 0.9617+0.0097
madelon 0.50000.0000 0.5612+0.0459 0.5620+0.0569 0.5450+0.0657 0.5220+0.0395
a% 0.8462+0.0023 0.845420.0009 0.8460+0.0013 0.8452+0.0013 0.8458+0.0016
liver-disorders 0.5335+0.0231 0.5360+0.0084 0.5410+0.0097 0.5280+0.0289 0.5190+0.0281
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