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Abstract

This paper considers solving a class of separable nonconvex and nonsmooth optimization problems
with equality constraints, where the objective function is composed of the weighted average of a
finite number of smooth functions and the sum of another proper lower semicontinuous function.
The Alternating Direction Method of Multipliers (ADMM) effectively leverages the characteristics of
the model and is one of the popular and efficient methods for solving such problems. However, due
to the large data scale, traditional ADMM suffers from low efficiency. This paper proposes the “Sto-
chastic Mirror Descent Symmetric Alternating Direction Method of Multipliers”, introduces a sto-
chastic variance reduction operator, which reduces the gradient computation by randomly select-
ing gradient information, thereby improving the efficiency of the algorithm. Additionally, it uses the
Bregman distance to ensure well-posed subproblems. Furthermore, the dual variables of the algo-
rithm are updated symmetrically, which not only extends the applicability of the algorithm but also
enhances its efficiency and stability. Theoretical results show that when the objective function sat-
isfies the semi-algebraic property, the iterative sequence generated by the algorithm globally con-
verges to a stationary point of the original problem. Numerical experiments further validate the
effectiveness of the algorithm.
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oeﬁg(yk)+Buk%+ﬂBT(Axk*1+Byk*1 b)+r(y“—y*),
CIES;
(Vg (y")y* -y*)= </1k+;, By*" - Byk>+ r
N2 (10),
£ (s )

ZC/;(XKH, yk+1,/lk)+<vg(yk)_§g(yk), yk _yk+1>+[r_%j"yk _yk+1
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<6, (02 el 90 ) Vel + 4G an
1 8 ]
+G||y y || +p{%+/’tmin(BTB)(s+1)ﬂJYk —%"Xk—xk 1"2
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el ) gnxk X < oo, g"yk U <o JUT SR B
lim[x* = x| =0, lim y* -y = 0 JUT-ap R 7 o - BOKSIGE BE (R T W, LT IS RIS W
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N B e e
LR S
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HB&ZF AR o R, NAAEREH Kk, a>0, 0e[0,1) LA mibmil
¢y = ar ™’ 4G LR AR AL
¢5(E[q>(xk)—®;J)Edist(o,aq>(xk))21, vk >k,

Horh o A TS, BT A Bo(XT), K X e,

DOI: 10.12677/aam.2025.143104 185 I3RS


https://doi.org/10.12677/aam.2025.143104

ER

FEE 36 W 3 AL, 4 {(X,y5, 44| BNLBEIR T RIS B e TSR UL,
HRBEFIER. 8o R LU, W

ZE XK — xX ||<+oo, ZE
k=0

mw=Wﬁm@azlme_nmmq )(ﬁ&joﬁﬁ,ﬁm%ﬁ%ﬁuF%ﬁ%ﬁ

K—+o0

SR, BEAER K, S TATE k2K, A EY, =0 3. Wik, W EEk=k, &
BAE AT

E”Xk k< IE”Xk ke Z_ O,E"yk _yk] < ,E"yk ki 2 _ O,E"/Ik <

BRI 2518 H AR AT

SR, BT R K20, HA BY, >0 . A 33 4 T Bdist(0,00(X")) M L5

Edist(o,ad)(xk)) < e

e R @

< P(\/E N N L e P L e o O N
o, BUE— A% Er, EZ||vk|<E/sZ||vk < JSEY, 32, FiEiHEF Y, , >0, V>0, B

Y pe(01], Ji-p :1_§_é(2(k2k)3)

\/ﬁ < J(l_p)EYk—l +V,E |:||yk _ yk71||2 +||yk—l _ e "2]
gy T

3t BT, <= (\/EY \/EY“ [\/E i1 y|| +\/E"y e 1"j

(JE oy sy -y | erasea, ma
Edust(o,acb(x )

B -2t +[p+_zﬁ ]JE Yoy py B x|
P
+P./E||/1k—/1“|2+[P+ﬂJ E|y -y |+ (\/ﬁ JEY, ;).

Yol

yer - yk” < 400, fE"Ak - /Ik’1|| < o0,
k=1

7/

=0.

E"ﬂk _ gkt 2

CULS AT B U S IR SO B Y, BEAT SRS At 1T

Kok JBY, <= (JEY ~JEY )+

&

K, = P+2—“SVY,

P
NN Y N R TV
ol -2+ fal -2+ felpe )

DOI: 10.12677/aam.2025.143104 186 I3RS



https://doi.org/10.12677/aam.2025.143104

ER

A RSP, ATk,

C, <R (JEY, —EY,, )+ Pl\/E vt -y +P1\/E X
BEA AT LA 5] Bdist (0,00( X)) <C, -
RIETIFE 35, TR K>k, , ¢5(E[q>(xk)_q>;])ck21, 1R¥E C, e A -

ez VB ol = iy +
e Bl -2 - X“||2j
2o B T e T )

Hoie, >0, E B X >0, Ely -y >0, BJ2*-2 >0 Hoc[01), e ERH
k, FIIEH # c,, o X T k>k,, fi:

2+l E+ 8
p{z (s+1) By, (BB )JY“H

— 4 4V1 +1 -1 t1 8
6 Yk+(s+1)ﬂ/1mi( vy ey -y ||) {2+(S+1)ﬂﬁm.n( B)}YMH

k+1 k+1
-y

- 28 B -2

2K _ K "2

a(v*)-va(y")

o ol

IA

4 +1—,0 h 8
E_[(Hl)ﬁ/lmm P {2 (5+1) B (BT B)]JYk

{ S+1 ,B/lmm el [_ (5+1)I[M8_ (BTB)JJ( ey || +||y —y~ 1" )ﬂ
e VBV, Bl By | <52

IN

Yy & S 8 C.) N,
;EXCk (S+1 ﬂﬁ’mln H v Vg(y) +p[2 (S+l)ﬁ/lm|n( )JYKH’ Hﬂﬂ:(ECk) H:Ck J }\A
155 65 e Er Ca(l 9))C o1, BRI abs0, oc[ol), #
C

(a+b) <a’+b? iz, B30 H)C . Col) L S @l-oc. .,
(B[v,-@}]) (E[cp(xk) ®;+C ]) (E[cp(xk)—cp’;]) +(EC,)
BEAFEE = Car 151 = max (K k, k,} » (7
¢ (B[ ¥, -0 ])C 21 k=1 @7)

58 g MR, Bl @ 2 SRR K,

DOI: 10.12677/aam.2025.143104 187 I3RS


https://doi.org/10.12677/aam.2025.143104

ER

¢(E[\Pk —@;])—¢(E[‘Pk 1_CDE+1:|)
LR OERCWES ol (28)

=
I_II_I
N —
&
[

LA, =g(B[¥, -0, ])-(B[ ¥, -0, ]). LaaR19) @NFIE8),
a2 78]y -y + B o R(sly -y el )

IﬁPK:mm{@%%}oﬁﬁb

T R e @
1

BAER(Q29)H k 1B K BEATRKAGE:
2> B¢ x| 423 B[y -y
k=1 k=1
si(i\/ﬂﬂ vt -y +l\/E Xt —\/E||/1k —,1“||2j
VBT BT o v, o))

[X] 1,
K K K
S B -1+ Bl -y DBt - 2]
k=l k=l k=l
2 I ETPIRNITNS o  T IRS o & O
k=I k=I k=I

(30)
<2 ol -y -3l -y T+ e x|
B X (B, BT )+ 25, ),
AXEOFE - MAEFEXHERAERXGH, 2 K> +0,
SB[ X <o, SBY -y <ten, SB[ -2 <o O
k=l k=1 k=l

4. BUESCIE

AT, AR E S LEEES] A lasso i@ _FEUEERE . BUE LK 7E MATLAB R2017a 31558
N, FCHE Intel Core i7-13700H AbFEL%(2.40 GHz) A1 16 GB K A7/ 64 £ ik _EE4T . e M 5F R ADMM
ity SADMM, 73 B4 48 Fif SGD. SARAH. SAGA. SVRG J5 Z4i i HLES B 15 1157 1) SADMM 43
it SGD-SADMM. SARAH-SADMM. SAGA-SADMM. SVRG-SADMM.

e —AIIIZEEA ((a,b)), Hha eR™, be{-1+1), iefl2--n}, K5I S lasso i F:

mm%igwp4wm,ﬁ¢zgxw: RARM ARG 1 sigmoid SR A R IEMML

1+ exp(biafy)

DOI: 10.12677/aam.2025.143104 188 I3RS


https://doi.org/10.12677/aam.2025.143104

ER

ZH. FFE B MERCAB=[G;1], Hrh G R id#giii b7y 2 5 A TH S B0 [4]. TESEEh, BUE
. 4n=1000,5=0.95, B=1, u=r=005, A=le-5. fHFHH

l n
9(v)=12.a:(y). *(By)=4]BY
ATFHIRIEIS], 13 1 FoR. FFTER 1o 162 5P IS T SR RS U 5 3 1R T L R B

Table 1. Datasets for graph-guided fused lasso
%% 1. Graph-guided fused lasso {5

il tE Y Ess Mg IES
a8a 11,348 11,348 2
ljcnnl 17,500 17,500 2
10° jicnn1-test-loss 100 a8a-telst-loss
—&— SAGA-SADMM ~—&— SAGA-SADMM
—©— SARAH-SADMM —©6— SARAH-SADMM
—#— SVRG-SADMM —;— z\éges-igm/;nﬁ
. we@@ewsgdsaoMM@ | [ -
1 ) ~&— SADMM ~—&— SADMM
i 7
BN e g
1 071 ..........
0 10 20 30 40 0 10 20 30 40
Iterations Iterations
(a) fjennl (b) a8a

Figure 1. Relationship between iteration number and loss function variation

1 ERORB S RERBE UK RE

aBa-test-loss

109 |Jcnn1-tfest-loss i i 100 . i
——8— SAGA-SADMM ——8— SAGA-SADMM
—@— SARAH-SADMM —@— SARAH-SADMM
—#— SVRG-SADMM —#— SVRG-SADMM
L +eedidesr SGD-SADMM ++= &=+ SGD-SADMM
~— SADMM =={—— SADMM

Test loss
Test loss

CPU-time (second)
(b) a8a

CPU-time (second)

(@) ijennl
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