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Abstract

This paper considers the problem of convex stochastic optimization with separable
variables. We propose a stochastic alternating direction method of multipliers (AD-
MM) algorithm to solve this convex stochastic optimization problem. The algorithm
can be roughly regarded as a combination of ADMM and adaptive step stochastic
reduced gradient algorithm (SVRG-BB). BB step size is used to realize the adaptive
step size selection by SVRG-ADMM method, without decreasing step size or manu-
ally adjusting step size. Under general assumptions, the convergence of the algorithm
is proved. Finally, numerical experiments are given to show the effectiveness of the

algorithm.
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1. M43
BEMLOCA A — 25 K AL T B, T AL as 2 0. IR BN ST 3 AR 16 R RIS (1)
A (1)e B, BEHUEERE B MU LR IRAC I B E 20772, X RMLAE S ST . A CE e
AR AR A R
min f(z) + g(y)
Y (1)
s.t. Ax + By = ¢,
Hrpr € R,y € RP, f(x) RIEITMERE, g(y) 2MNMEE, HATRIEEE, HHEAe R™, B e
R*P, ¢ € RY FRoReh € MR FEAN ) &,

TV HLEFSHA,  f (o) 8% R T BBV R AL Tg(x) R S sk s ft
KT ERTT R0 AE B IE AL RR L [2]0 X TX A0, FATE I TR

f(x) = EF(x:€), (2)
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i, BT

HAF (x;€) 2 A LABENVEAE RS R X TG RN a2 ), Bl R A R, e
N RBEERR N fi (), W f () BB LNER [3]:

$@) =23 fia), Q)

Hhn 9Re AR 88, B f (o) 90 BT BB N EURFEAR VR R B B BRI, B ACRIER B
TREW NS /ME R B, ESRPRN A, ntim] LU TR, X2 B EE . ZndE KE,
SRAFKEA ) f () BB EY f (o) fETHHE LRI B 5, HBEAEn BRI 2Lkt & ik
BRI HRL R, H 53202 S — A B LA BE LI B AR AR A T H A e B 4 06 B O MHL
XFPEIERABEALEL . BEALRRE T P& 512 (stochastic gradient descent, SGD) [4]7ERE AL H H
THREBEHLIE I — AN BUNMEREFEARRBR R, AR A FEARSRE, Bk s R 8 E
FRARIR 20 OB BRENLER R RE B A ATy B, HEh TR R R AA e T 22, BEVLEE L EE At ab B RS
JEWE TR (5l DAk, BEAE REALERE T BT kb BasAR, TR ZB W 8 T3 i P K
FRSIOE A

N TR T Z, TR T UMD 7 Z AR K. Shalev - schwartz FlZhang$ié H 1 Bl HL XL
ALty Tt (Stochastic Dual Coordinate Ascent, SDCA) [6], FH&RMIXFEHTEALAEHSGD Y85
U BB ARAE. BENLT- 280 V5 (SAG) [7] e R AT E BT A BENLEL B, AR5 S8t S R BEAL
B EEBEAT V1, AT —EREEAG T, TE/NTT 2. Defazio 58 N [8[XfSAG #E47 1 Bk, 42
TSAGAR, SAGABVER)—AN W00 0 ] DUE HER A ER N 0] B, WA VA 4 26 T #
A DASEIRZ WSS, (B TR EAEMARR B R, TR, JohnsonflZhang [9)42 H 1 BEHL T 22 />
FE(SVRG) 5%, 1SRl I Ji #4217 480 B 0 AN A7 Ak B B A5 BRI TT 22, B WA
W, SMEI T E AR, AR TS ZBUNK BN . (ERSVRGE LRIz I, v 1 fRIE
WS, FHEZRE/NEKEE T3P, RGHFRE R TIRZ A, 17 K7 H )6k
M, ST K Barzilai-Borwein (BB) 7735 [10] 5 BEHLERE Tk AHSE &, S8l 1 B sk P K.
[11]fF 7 A 4ESVRG-BB #ISGD-BB.  [12]#2H TSVRG-TR-BB #lmSVRG-TR-BB. #{f 4%
B, S5aBBZ KIS IERA RIFRIPERE.

ADMMZ —FE R TR, mF RS R AR SIS, IZRRAENER 2. B
P THEN S 2 SURAR 2 T2 N (18], FR2 IR E BU) T ADMM Jiik, I
TR T — @ G SR i KA S I BEALADMM5.7%. Wang and Banerjee. SuzukiflOuyang?%
N [14] [15] FFR T —HefE LR FELADMM k. SR, XS BE A7 AR U SO BEA8 ik i T4
K, ATIREFIEMSCERE, /17 —Sin#E ) Eladmm. S. shalev - schwartz® A\ [16] #2
i TSDCD-ADMM #i%, FEIE Y424 F ol LSt i 8. Zhong K wok# Hi flISAG-ADMM
[L7)50 38 ik o S5 B B2 ORAUE 1 WSSO B2, BRI T iF R Ak . Zheng MK wokJF &K T SVRG-
ADMM (18], ZSHIRAEANT 09 2 Hil BIRE B AN A 5 48 i b 2 [a) B 156 00 S B 1 bR g Wi sl
M. ASVRG-ADMM [19] [20] 58 &EMIEE AR G H . 1K L0t {7 A1 AT B LIRS R 3 ofe
EARAZ B M (ADMM)H, DR EBENLADMM HiEM MR, fEXEHFRME KT, T8
7 A B E MR BOE KBNS B T I3k 1%, A5G SVRG-BBELEL, H TR L BEALL
I, 44 ASVRG-BB-ADMM, &£ —MRRBIFAF T, FATER] /i 80k B & sios .
AL REW, ZHEIERAH N,
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2. B

AR, HENH TSVRG-BBHE I, BE)E, FA1IRE TSVRG-BB-ADMM Hik, IR
TER s, SVRG-BBH LT,

H:%2.1 SVRG-BB
0. 457ETy, IR Kny, LHIHEm.
1. for s=0,1,...do

2. WMz = 1YL, VA7)

3. if s > 0 then

4. Ns = | = Toal3/(Ts — Ts1)" (26 — 24-1)
5. end if

6. To = T,

7. fort=0,...,m—1do

8. Randomly pick i, € {1,...,n}

9. Tit1 = 2 — 0s(V i, (20) = V i, (T5) + 25)
10. end for

11. Tsp1 = Ty

12. end for

fESVRG-BBHZEH, MHBBEIIHE P K, SCM T SVRGHZEHIEMIEF LK. 45 SVRG-
BB&EE, FAHEH T W FAISVRG-BB-ADMM & 7%,

&3%2.1 SVRG-BB-ADMM

0. 453ETo, g0, and fio = 5 (AT) IV f(Zo), WIMHKny, HHHHRm, F1Z2%p > 0.
1. for s=0,1,...do

2. WMHZ = 2,120 = Toa;

fort=1,2,...,m do

3. Yo = Ys—15 o = [ls—1;

4. zo =230 Vfi(Zk)

5. ifs>0

6. s = %His =T ll3/(Fs — Tom1)" (25 — 26-1)
7. end if

8.

9.

Yy = arg myin (g(y) + 2|Azy—y + By —c+ ,ut71||2)

. ~ T T—Tt— 2
10. x; = argmin (Vf(xt_l) x+ &||Ax + By, — ¢+ 1 ||* + %)
11. pe = pe—1 + Axy + By, — ¢

12. end for
13. Tsp1 = Tim Yst1 = Ym) fbs = %(AT)va(‘%S)Q
14. end for
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2 LADMM 78— MR F A 38 7 R B H eR K fig:
Li(z,y, 1) = f(x:) + 9(y) + (Az + By — ¢, i) + gHAx + By —c+

Hr, p>0 ZUSH, p RXMEZE. fEIERH, ADMM BT 7 i

Ty = arg min (f(ﬂU) +9(yi—1) + (pr-1, Az + Bys—1 — ) + gHAﬂf + Byi—1 — C||2) )
ye = argmin (f(z:) + 9(y) + (pio1, Av + By — &) + 2|l Az + By — c||?)
pe = pe—1 + Azy + By, — c.

HRERENLADMMY5 %, € SGEAUE) ™ h i Y H &

2 — |

. 1
Lo,y ) = f(@e) + (VF(@e),w — 20 + g(y) + LAz + By — e+ —pl® +
2 p 2Mt41

FESLA, JATMHE R T 1 2 SR E By, o Mgy

Y = argmyin (g(y) + gHA&?tq + By —c+ Mt71||2) )

|z — 21l
21, ’

xy = argmin (Ut—1T17 + gHAx + By, — ¢+ -1 ||* +
x

pe = pg—1 + Az + By, — c.

H, v =Vf(z 1) = Vi (x1) — Vi, (2 + 2
AT AR RIS, %56 B 10 A7 1% 7T BE AT SR A2 1E o) B, Sy ok 3 3% el B, 8 FH 10 07 v B e Ak
[2],2G =~I —npAT A, NHFRG = I, By = Ypin = np|| ATA|| + 1o

TR, (||| HRl-YuE, Hlz]¢ = VaTGr.

3. WS S AR

AE Ty g B BRI E e Hr
BRig3.1 WA fRRESH. AR R, HARREON -2 A S, B, FAEL; > 0 15X
Rz, x5 A N

Flas) < i) + V) — 2) + s —
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FRI%3.2 W (2., yo) E SRR AR, X N H B fERAEIL T, A FaUson
Vf(x.) +pAT . =0,
9'(y) +pB . =0
Az, + By, = ¢
fi53.3 R fomty, BUXTATE M, 2, A
F(e) 2 o)+ V) (@ = ) + Sl -

Ri%3.4 BIHEFEALTIHPX.
5133.1 K, i AL

m)\f'

WERA MR A f s 1, S BIBBD KBS W N A,

”‘%s — iffs—1||§

1
775 N E ‘ (js - jsfl)T(Zs - 2571)

i . ||§s — i5,1|‘§
Sm M llZs = Zs-1 3

1

m)\f

SI383.2 V(1) 2 L IA:

E|V f(x1) = V(x|
< ALpaa (f(zi-1) + [(2) = 2f () — Vf($*>T(mt71 + T —2.))

HH, Linae = max; L.
R )

E|Vf(ze-1) = V()|
= E|Vfi,(xi-1) =V [i,(2) = (Vf(@-1) — Vf(i'))”Q
= E|Vfi,(21-1) = Vi, (D) = V(@) = V(@)
1) = Vi (@)

< E|Vfi(zi
< 2E|Vfi,(xi-1) = Vi, (@) + 2E||V i, () — V fi, (z.)|I”

IS

—

=2 ; %Ilvfi(xm) = Vfi@)I? + EIIVFi(@) - fi(z)?

< 4Lmaz(f(xt—l) + f(j) - 2f(l'*) - Vf(.’E*)T(JIt_l + 5/’ - 2:17*))
Hor, H=AAN, BH T ANE||zi—Ex|? = Ella|? (B ||*s BEAAERZH T [latb]® <
2]lal* + [Ib? BF—AARERA T 22105 0L, IV fi(@) = Vi(@)l3 < 2Limas (f(2) = f(2) -
Vi) (@ = x.)).
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3133.3 M0 < 7 < min{%, Aif}ﬁﬂ% A oL,
f(@) + g (x — x)
> fa) + o (T — 1) + %H%Iléa + (Vf(x1-1) = VI (2e-1)" (21 — )

WERR B, B RS, 1

2
Y T T — Ty
V(i) v+ gHAz + By, — 4 e |? + ”277“”(1
:H:/\ E':‘@f(l't—l) = Vfit (It—l) — Vfit (j‘ + Zs» *“Ifixtﬁ%%ﬁ’?g‘iu

1
Y + *G(l?t — xt—l) =0

S

Yt = ﬁf(xtfl) + q:

qr = pAT(AJCt + By, — ¢+ pi—1)

Kk, &R PLES N R
T =24, — NG iy

HRET A, R R R R A 2L B

f(x) + @z — )
> f@ie1) + VS @) (@ — @0-1) + ol — 21)

> f(xe) = V(@) (@ — 24-1) — %Hm — x|+ V(@) (@ — 2m1) + qe(z — 24)

> (@) = V(@) (@~ wr) = Ll — za s+ Vi) (@~ wes) + e — )

2
= f(a) = Vf(zim) (3 — m1) — 7752Lf loellg + V()" (2 — zem1) + oz — zy)

= @)+ V@) (@ 20) + (o~ V@) (@ — 2 — =L o

= f(z) + @ (& — 241 + 341 — 34) + (@f(xt—l)) = V(@) (2 — ) — 7782Lf ellE

- 2L
= f(z) + ¢} (2 = zem1) + nslleellG + (VI (1) = Vi (@) (20 — ) — 7732 Lol

> fz) +of (@ —z) + %(2 = nsLp)lleclG-r + (V@) = V(1) (20 — )

> J@e) + 61 (@ = 2iea) + 5 el + (VI (@) = V(@) (@ - o)
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51383.4 hTgMmEL A AL,

Elg(y) — 9() — ' ()" (we — vi) + (B  plpe — 1)) (ye — w2)]

5Bl A1 + By, — cl* — | Aze + By, — cl* + [l — s [1%]
IERR i TR, JATAE

yt)T( Ye)
pBT(AZL‘t 1+ Byt —C+ Uy— 1)) (yt - y*)

9(e) —9(y.) < g'(
—(
(pBT(Aa;t 1+ By — ¢+ iy — Ay — By, +¢))" (g — ys)
—(
—(pB

pB )" (ye = y) + pAT By — 2-1)" (s — v
") (4 — ) + £ (1 Az + By, —cl* | Az, + By, — c|?)

+ §(||A33t + By, — c||? = [|Azi—1 + By, — c[?)
—(pBT )" (ye — y) + g(HAwtfl + By, —c|* = [|Az; + By. — c|)
P B 2
+ 2||.Ut e—1|]
Kk, w3

9() — 9(w.) + (pB )" (e — )

l\D\E

P
< 2l Azis + By, — el — | Az + By, — cl) + Ll — o

HREAEXLNA

9(e) — 9(y) + (pBT )™ (g — y1)
=g(ye) — 9(ys) + (pB" (e — 1)) (e — y2) + (0B 1) (ye — ws)
= g(ye) — 9(w.) + (0B (e — 1)) (e — ys) — 9" ()" (e — )

U R AT 15 3 25 5
5|1#3.5

I

P
E[—(Al’t + By — C)TP(Ht - M*)] = §E[||Mt—1 = Mkl — ||Ut - M*||2 - ||Mt - Mt—1||2]

ﬁEEH EEI%{JQ,Ut He—1 + Al‘t + Byt —C ﬁa'ﬂ]ﬁ

—(Az; + By; — C)TP(Mt — ) = p(pre—1 — Mt)T(ﬂt — [hx)

I?

p
= Sl = pl” =l = pell* = e — pe—1ll?)

Ee SENINIECEAIEAE SN

DOI: 10.12677/aam.2023.129401 4097 J37 FH itk e


https://doi.org/10.12677/aam.2023.129401

i, BT

TIiE3.6 4
. |G + npAT Al 4n(m + 1) Lynas Afl|AT(ADT|
(1 —4AnLpae)  m(1—40Lee)  pm(1— 4nLoes)

B0 < n < min{s, o —}, FRHIBURBUE R, (e <1. Waf

ER(isung) < ESR(‘%07Z;0)‘
JUERA R 51 2E3.3, FATH

2: = 2|& = llwe—1 —n:G o — 2||&
= [lze—1 — zlle + 2l el G- = 2ms(zi1 — 2.)
< lzemr = 2lE = 205 (f(20) = f(22) = 205 (1 = V fz21)) T (20 — 22
+ 2050/ (22 — x¢)

HR-20,(VF(zi1) — V(1) (2 — 2.). 58 LR Mk %L

oz = zeallE-s

xi(e) = GlAw+ By e P+ 5 -

K
T = proxy,y, (Te-1 — sV f(21-1)),

H, proz,,y, (y) = ming nox:(z) + gllo — yl|* RILHF T, EEI:

Ty = ProZy, y, (‘rt—l - ns@f(mt—l)%

HT
e T P o, llz =zl
xy =argmin | Vf(xi_1) 3:+§||Ax—|—Byt—c—|—,ut,1|| —f—T
. ~ T np o =2l | o —
= argmin nsVf(xi1) =+ 5 |Ax 4+ Bys — ¢+ ps—1]|* + 5 5

= arg min
x

1 _
() + gl = (@es = 0.9 fa P
L5

=205(Vf (1) = VI (@-1))" (20 — 2.)
= =20,(Vf(2121) = Vf(@1) (20 = %) = 20,(Vf(w11) = Vf(211))" (T — )
<20,V f(@i1) = V(w2 = 7| = 20(Vf(m11) = Vf(20))" (@ - 2.)
<20V (@e-1) = V@) (@1 = 0V F(@-1) = (@021 = 0V (21)) |
— 2, (Vf (1) = V(210)" (T - x.)
= 22|V f (we-1) = Vi (@1)|? = 20a(V f (@i-1) — Vf (20-1))" (T — 2.)
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PR — AR A AR Y-t FL R AN S X, 7258 AR, BRI TS 7 et 436
PAESSR, mIfe

e — 2.1 — 2n.0 (22 — 2¢)
<weer = 2l = 205(f (@) = f(@2) + 202 |V f(@e-1) = VF(ze-0)]?
= 20y(Vf(@e-1) = V(@-1)" (@ - )

WM, FENVf(2)] = Vf(e). BHE, RAITH

Bz — $*||2G - 2775Q§F(33* — )]

-1 = @.l[& = 206 (Bf (20) — f (@) + 202 BV f(we-1) = V f o) |
201 = 2.|& = 2ns(Ef(20) = f(2.))

+ 807 Linaz (f (20-1) + f(2) — 2f (x.) = Vf(2.)" (211 + 7 — 22.))

<
<

BIOFIUHE, HA145 2]
M. E[f(x0) = f(z.) — ¢/ (2. — 20)]
< Bllwe-y = 2.lG = Bllwe — 2.l + 80 Linas (f (22-1) — f (1) = Vf(2.)" (@01 — 24))
+ 80 Linaa (f (%) = f(22) = V(@) (7 — 2.))

FIHBARAEZAEY f(22) +pAT 1 = 0, o = pAT (Azy+ Bys —c+pu—1) = pAT ey 2oy = plpe—ps)s

. Elf(x) - f(.) — o (@, — 1)
— 2 B[ f(21) — F(@.) — V@) (@ —2.) — (pAT ) (@0 — 2.) — (pAT ) (., — )
— M E[f(ar) — f(e.) = V(e) (@ - 2.) - (A0 (. - 2,)]

Bk, #ATHA

20 B[f (@) — fz) = V(@) (2 — 2.) — (A0y)" (2 — 2))]
< Eth—l - .f*”é - Eth - ZIJ*H% + SUELmax(f(xt—l) - f(x*) - vf(l’*)T(.ft_l — x*))

+ 80 Linao (f(Z) — f(2.) = V(2.)T(Z - 2.))

Xt =1,....m KM, FH2,(1 —4nL ) < 2050 Mg = T, 7TH

2n5(1 — 4ns Linaz) ZE[f(xZ) — flz.) - Vf(x*)T(a:Z —x)] - QWSEZ(ATUZ’)T(I* — ;)

i=0 =0
<NZsor = 2l = Bllam — x.|g + 803 (m + 1) Lypaw (f (T5-1) — f(2.) = V()" (251 — 2.))

< Zamr = 2.l[E + 852 (m + 1) Linas (f (Zo-1) — f(@2) = VI (2.)" (Zsm1 — 2.))
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[F, FATH
— (Ao (we — 1) + (BT0)" (y« — yi) — (Azy + By, — ¢) "oy
= 7(AfL'* + By* — C)TO't + (Amt — AfEt + Byt — Byt)TO't
=0
FEXR(z,y) = f(x) = f(2) = V(@) (2 = 2.) + 9(y) — 9(y.) — ¢'(y)" (y — y.). EFRK, HEL
it
2773(]- - 477Lmax)mER(i'sa gs)
a1 — @ullE + 802(m + 1) Linaa (f(£a1) — f(22) = V()" (Zs1 — 2.))
+ 1:pl|AZs1 + Bya — c|* + nepllfis—1 — pall®
= Ze1 — @2 4+ 802 (m + 1) Linaw (f(Ze-1) — fl2) = V(@) (Ze1 — 2.))
+ 0:pl| ATy — Aw||? + napllis—1 — p?
= ||‘%S—1 - x*HZ‘JrnSpATA + 87752(m + 1)Lmaz(f(i's—1) - f(x*) - vf(x*)T(fis—l - LU*))
+ nsp”ﬂsfl - M*HZ
< ”G + nspATA””j's—l - x*Hz + 8775(7” + 1)Lmaﬂc(f(£S—l) — f(zy) — vf(x*)T(j's—l - x*))
+ 77sﬂ||ﬁs71 - M*HQ

<s <2|G : Z;pATAH + 802 (m + 1)Lmaz) (f(Zam1) = f(2:) = V(@) (Zamr — )

+ nspHﬂsfl - M*HQ
2||G +n;pATA 8 .
< (AL 2 m 1)) (£G60) = £(0) = VF ) 1 = 02)
(AS = nea"a
+ A
f

T8 (m 1>me) (9s) — 9) — /@) (s — 32))

+ nspllfts—1 — s

([ 2||G 4+ n,pAT Al
- v

+ 8773(771 + I)Lmax> R(Zs—1,Ps—1) +nspllfis—1 — M*HQ

ZE

PEORFA MR B A AT RO, S8 BTN g1 = — S (AT)TV f(2,-0) GEI I ICHR [17]), #T19

H:&sfl - M*HZ
= I 0) = V@ s
FADT
< AL (3,0) - @) - Vst 01— )
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Rk, &L EEER, ATE
2nsm(1 — Ans Loy ) ER(Z 5, Us)

2L || AT(AT)T]

211G PAT A
< (” A AL g2 1) Ly +

) Ri#sde

Af Pz
Yo = ST L T + i ay RATE
ER(%,,7s) < e°R(Zo, Jo)
SRS S EARIE

4. BUEKE

ATTRAVE — S br R IE E Lt AT BUE 9256, 3 LRI BE UL A0 S92 R M 38 48 m] ) ) 8, 5
TEANFZET R R, RAEE S50 45 R IEISVRG-BB-ADMM /5 £ 1A 3.
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Table 1. Parameter of data sets
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Figure 1. Comparison of numerical results of SADMM, SAG-ADMM, SVRG-ADMM,

and SVRG-BB-ADMM methods on different data sets
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