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Abstract

This article investigates a class of large-scale finite and structured nonconvex nonsmooth compo-
site optimization problems, where the objective function is the sum of an appropriately lower sem-
icontinuous convex function and a continuous differentiable function (finite and structured). The
alternating linear minimization algorithm has significant advantages in solving such problems.
However, considering the large-scale optimization problems, this algorithm requires computing the
full gradient at each iteration, which is costly. Therefore, this article introduces the stochastic gra-
dient of the smooth part of the objective function into the existing algorithm to reduce the
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computational cost. Additionally, considering that first-order algorithms are slow in solving ill-con-
ditioned problems, this article incorporates the second-order information of the objective function
into the algorithm and proposes a stochastic proximal Newton-type alternating minimization algo-
rithm. Based on appropriate step size bounds, we establish the global convergence of the algorithm
in the expected sense. The stochastic neighborhood Newton-type alternating minimization algo-
rithm proposed in this paper not only improves the efficiency and practicability of the algorithm in
practical applications in the fields of machine learning, statistics and image processing, but also
provides a new theoretical foundation and algorithmic framework for the theoretical development
in the field of nonconvex nonsmooth optimization.
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1. 518
11 AIRERREBEX

BB S S BRI R A R, V2 ARSI 1 VR 2 KRB ), PRI - DAk e PR s 2K
K, REBSUTH AR B — . AT REAARAE RN IR E S, %
IF] L LA A 2 T

miny (x,y)=f(x)+g(y)+H(xy), (1.1)
Hor £ (x) Fl g (y) &2 FRESEN AL H(xy)=D h(Xy), i=12 n LA R IR
TEVF 2 SR A N, AFENLEE 2 2] Guit F A EG A3 S . 328 9] 0 4 S B Bl i 4 B 20 e[ 1]
i (PCA) [2] REF _Ref185269578 \r \h [3]. &4k PCA [4]. fix/D —Fe[5)1AE EG e EF6]%%. Tk
T4 R 5 R U B 0 i (sparse-NMIF) RS R, i85 R i BRTE R

minA-XY[2, X,Y 20, |[X;], <s, i=L--r,

Forh X, R X B 1 5. FE I STRURBRARRD B, X RN REON Y B2 ST, 7R BT, X I
Y A P 4 1 0K o BT DA g B R (L) T, B, B AT f(X) =6, (X)) »

O ={X=20|X[ <5 i=1-r}, g(Y)=6,,(Y), @={Y=0}.

H(X,Y)=3h(X.Y)= X (el (A-XY)e,) s e, 5 j A e% o 1, HAbseEI 0 ik, i
(L) AT BRI 2R Al R 0 2 D i R ZE WL B2 59, UL B0t B WML 8 S A7 1) 2
REFH, BB S WSl BB i R AR L B
1.2. #ER

EEREAE M A A A (1.0), — M IUISRAR B 28 B ML 5% (alternating minimization,
AM) [7], SN LSBT, 2Ih—ASHEER, XTF B ADSBER O, R4
BT V2 R P 9 — BB S A A (R BN A AML B39 — 2R R S A B0 8t T B s
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B EISCHE . SRTTAEVE 22 SEPR e, H AR RE0E & AW L EIRBON I 254 o RS 2 A4
SRATERIG, —LEE IR AR AM BER I A o) NLRIETE, $EH T PAM B8], EAEMEIE R, 4
H bR BR300 2 KL T, 2SI i D . K1, PAM SEPE S P A R B50F0 1) A8 451
THE, X0 H e ME LUK AR T . Bolte 55 N[O Id 4 H br bR b IOGTE B0 70 AT R R AL 3, 42 1 T 43T
A B A /MK S (Proximal alternating linearized minimization, PALM), H B A 2 F il :

Xk+1eargmin{f(x)+<VXH(xk,yk),XXk>+ Cy },

2
2

y** e argmin

F(V H (X y ), y—y )+ d, :
a(y)+(V,H( y)yy>2h—ﬂd

WY RE, PALM B2 Hr 7 ) 0 A WA el g Tk g e EIE T, Bolte 58 AfE KL HE
ZERIER T PALM HER A RREIE . ASCIE 2 B %8 PALM Sk Sas BT . Bolte 25 N1 TAE A
SR TRt T BE T R, RR T A i ik A2 5 Ak SR e R A B A L AR G e, T ELARATT 4
SRS VIR BN A I B o A B 41 1 BB JE A

xR AR B A AL R (1.1), 24 n IR KARHE, PALM SEAERRIOEATHH AR B3 &

%,ﬁﬁﬁ%g%&ﬁwéﬁEVHmw:%ivmnwmﬁﬁ,ﬁ%@ﬁﬁkmﬁﬁﬁxoﬁTﬁw

AW, £ f=g=0, (B RAEE X IEE, BEYUBLRERIEL(SGD) [10]#4H, {Hi2 SGD kA K
B2 AR REAS T 2 U B O LASRANBEMLES BE 75 R Ty 25 . AR SGD FIEMISRIBE, — R ELHIIN
BENLES B ki 3 Y, 4% SVRG [11], SAGA [12], SARAH [13]%. BEALESEE il 51 N BISFIL kR
W, I LAARIE R FE R B PR T B AS, E14% prox-SGD, prox-SVRG, prox-SAGA [14]F1 prox-SARAH
[15]%5 . ASCHE AR H I ARAL ) I, 78 BT H SRR AR BRI 5 NBEMLBEFE, KRR S

AR, EPRTEENL AR E A A (1.1), O EF R BEAUEEE HnE 51 N2 PALM B, 42
T —RFIBEHLE PALM 53k, BAKRMKY, Xu M1 Yin [16] 8 S0k & S EEHLES BE T F#94(SGD) 5 PALM 45
B PR T HBENLRS I (BSG) TN H AR R ALy 1 — BN ST ZIFMR B AT, WEH T BSG iUk
st JEF ik, Driggs S A[L7]HEH T —FRBEHLARIT A & 28 AR /ME(SPRING) [ 751, HAh A1 H 1
77 ZE0 D BB BE S, AN BSG J7 ik v B 51K SGD Bk HUESLE R, SPRING MUk
SCH L BSG k. HAEERZ, 5 Xu F Yin H5ERT T/EM L, SPRING FIWCS I & 76X} H AR ki
A EEEIOE 87 = YA 8

SRIM, EFXDRA AR, IR — R SOE B RS M . — AN AR A E R IE R I NE
FRERE IS R, DARFFEEM SRR . EEXT AT EE R L, Yang S8 A[18]4E H T —ANBEHLAMER
AR5 1% (stochastic extra-step quasi-Newton method), JilE B TiZHETE B & SCR IR ISR . A
SCRZE) T AIITIEN R R, FEREH IR R E RSN BAR R AU IS R, X SRR AT Bh TR Sk
A SSCR

AP T PALM 53, GBS NBENUBEE R (5 8, R T BENLAR I 2R R A B A M Sk
FETH R SR A SR B A SR T, O T o KRB, 1] ARGy 2

1.3. AXHIEIH S STRk

FREE| I A AL B N, SR e, BEA R AE AR AR B A e
A(1.1), AR EIINGEINE R ST — I FIE RSO L, AN 5T BEAURS B 53% DL SE Bl R )
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i BARK), AR BENLARU A A 5005 5 4RI S8 B AR MU SRR S &, S 1 BEAL BT A= i AL AL
B ME B, FEXZ S WSS 2 B AT TR .
14, MEER

ARSCHESRUNS, S b, G VAU R EM BN EARN S, € LIRS B, fE58 =i,
FAVG T BEALAS AT A AR AT B AR M A I BARIEACRE I, IR H RIEAE AR T S S 4 A
FESEVUT, FRATHAT T 245,

2. MEFHAIR
i)

DAET R ST FEAS SO HH SR USSR, AT A i KR BRI R s 8 SCBL ARG S . 2k,
AT SC o BT B BRI S M R 58 S T () A= |, s hr e RR LA YRR S SRR IESE nxn
FERFIEE A ST, R X THERIE A e ST, TATE AR, y) = (X Ay) =(Ax,y)» X[, =(xX), -
MTEEneN, B4 [n]={1-n}, [n] ={0}u[n]. ¥ (Q.FP) AR, FATKAEH RSBk
MABEHLZR X Q> RYAY Q> R". M/NGFREER REGHEIEEx: Q>R M y: Q> R" . Al
ML (Q)=L"(QP), pe[lo]RKFm Q LRFRHEL FH. WATH X e FFRR X ZER. A,
o(XHe, XX) FOR BN R X, X e X TBINVERE X e L' (Q) M T o REH CF ., 45E H (1)
X AL A E[X | H] -« BAMEHAES “ae” Ml “as.” , 230K “JUFLL” F1“JLF—E” .

B 2.1 (MR IRAMAY) W f R > RU {40} AIEZ FHBELL N R, X xedom f, R fAES
X A of (x) » & NPTl MR % AFI u e R" BT e &

f(y)=f(x)+{uy-x), VvyeR"
#xegdom f, € EZRAIRIMIY of (X) =D
EX 2.2 (LG SHFAMEE f R > R, HHAAEFHL>0, HHHLFHIAER
"W(@—VNyNSQV—ﬁ,V&yeRT
DU R 2 f A2 B6 R Lipschitz #4511, Frf L 4 Lipschitz % 4.
I3 2.1 (FFESIH) R £ R" > RAA M H LOGHEL > 0), WEme T FAER:

fy)<f (x)+<Vf (x),y—x>+%||x—y||2, VX, y e R".

3. BENATIE B R B R/ MUBEDE R RS 5 4

BEXER R ARG B AL R (L), VF 2 A AL — B S50k et I DOG b AT SR . (B
VA T ER K SEOT AR R, W1 PALM HVE7EA A RATE 2 AR N =i 5 A A
AR, TSI R TR, IR S BRI RA . A, B B RA A SR AR A )
RRI, SRAEEFEENS, FRAUSL, KUk~ E B SIABIRES, DL SAR RIE M ROR M, i
AL EHB LRI — Mo

FARR, ESERHITE, RS, S REROR AR L, ASORR ) — Rl st 532,
HILREREATLBE L B ARSI AN 2] PALM Sk, JFAEB SORZE TSI BRI — 5 2, it b
BRI AW A2 B A M S AEBAR T T, ASCHEAR Y IR T 2 57 H AR B BE R i SO R R
PEo T, HETIE B HY 2 SRE S .
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3.1. BEMATE A InE 2 B R/ ML

FEIX — /AT, FRAVER ACSC I SR SR I BAR G5 o S IF RORR B30, JRATH S an U SGTT S ke
B, WAL BAER AR LS e S O — DA A TR, B x, y e domy A& (L) HIREE 24
HAE

R% (X)=Xx—prox,  (x—a,V,H(xy))=0, a, €R",
R (y)=y-prox,, (y-a,V,H(xY))=0 a, eR".
SRR IR IR, BER—AEECH 1 4R Lipschitz ESERE, H 2 -
2
[prox,, ¢ (x)=prox, (%) < (% =%.prox,  (x)=prox, (%)), ¥%,%;
2
Jorox. o (%)= Prox,, ()| (¥ = ¥2uprox, ; (3:)=Prox, , (v:)), ¥, vz
4 RENLT T v, v, e R, AT BB m7 R AR 1
{R‘f‘; (X) =x=prox, ; (x—=a,v, );
Rf;y (y)= y = prox, 4 (y—ayvy).
ATH
{p;’; (x) = prox, (x—a,v,)
P’ () =Pprox, (y—ayvy)

AR RT X,y MBEHLAEREEES . Sy, =V, H (xy), v, =V, H (x, y)BF. T p (x), p (y) 531
FRKT x,y KA 2D
R4 S 1 P AE 4L AT .

HIE 1 BN BE AR AR MUETE

Vb EERERIEK () o {al) o (2] (B #(xCy°) edomy
For k=0,1,--- do

FIBEBEHLBEIE vE ~ V H (X, y" ), TR

R;‘f (x*)=x*- prox (X —aivy). (3.1)
LLETs I df = fokRVCEXk o VX = x4 Brdy BEHLBEIL Vi, ~ V, H (X5, "), FFHAT S5
X =prox | (X + Adf —a) vy ). (3.2)
BB v ~ v H (X YY), DR BRE
Rf; (Y)=vy- prox (v —apvy). (3.3)
RIJ7 1 df = -WSRY o HEL T = y* + pial RBEHUBBIE Vi, =V H (X4 7*), JF4RT B

yet = prox . , (Y +Apds —ag vy ). (3.4)

Yo+ Tyt

A EE R 22 T R B AS AR L BT Tl d, Rl dy T IR S SN T H br sk o 5 B .
HARYL, ASCHRE N R A5
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{dx =W, R} (X):
d, = _WyR\Zy (¥)-
SCREE W, W, € R™ H BLREIEABEHL SR J7 17 RO (x),~RYY (y) HEATAMCRIEE v, ~ V,H (x,Y)
XV H (X, y) BBEFLZEL v, = VoH (X, y) &0V H (X, y) FIBEFLE L. SFxbaE—a5 00 x IR, 3K
ITE el X = x+ gd THE—H AL R PATHOMNOABIE R AR, PIRIS T — MBS X,

X =x+p.4d,

X, =prox, (x+ﬂbxdx _“x,+Vx,+)-
Heft 4, 8,20, a,, e R REEMHKBY, v, e RUBBIEV,H (x,y) FBEHLE. y 105573 2 5
X SRR, X EAHEOA.
3.2. ERREER

T o A BE LA A A4 A 58 B AR N SRR WSS RS A i, AR IX — /N RN T S 4 R B
SR AR R AR B, BAR IR

B 1 AEREH(xy) R'<xR" >R, &

(AL) H(xy)RT x y#ESEWH, HEEBS V H(xy) MV H(xy)f£R" £ Lipschitz 4k
1, BEL,L, =1,

(A2) BIrE%y £ domf xdomg L FH 5.

SRR A BT BB VY 10 > RYAIVY, 10 > RIS, VAR R b
PUAEV Q>R AV, Q- R AISEI. BEoh, TAMRBMHR = (Q,F,P) £ F£5, ARFRIILG
— 177 R FTIS J BEA LSRR . FRATIAE 8 SCIEIR

F o= o (VO V2 VOV, V), B = a(FXk Uo (V) JuR ue (V) ))

ﬂ%{ka}k i%%'%ﬁ?i*iﬁi%‘ﬁ‘ﬁil‘ﬂ{df}ki‘ﬁ%ﬁ’ﬂﬁiﬁmﬁﬁ, {dﬁ}j‘%ﬁ'ﬁﬁ?ﬁ*iﬁi%ﬁ‘]ﬁﬁ{dﬁ}kﬁﬁa‘%
PIBENLIE AR . FRATLE B — T BN

fB# 2 (B.1) WU Df :Q - R" D : Q- R" X TFrA k2Z2r P,

(B.2) f7fEv, >0, BT A keN, #H

2 2
E["D; I Ff’l} <V E[ | Ffl} a.e.

(B3) MFFHkeN, E[VIFT]=V,H(X Y ), E[VSIF]=v,H(X"Y"),
E[VS IF? =V, H(X VY ) HE[VS, [F =V H (X" V") ae, HAffEo,,0,, >0, 3

i

E[”VYH (xk”,\(k)—vku2 | Ff‘l} <o Al E[“VyH ESAREA H2 | Fk} <o?, ae.

R\f:k (Y*)

VH (XS YE) -

VH (XY -vE[ Ff’l}gaf i E[ i Fk}sd& ae,

2% 2 (BI) VS AV, » VS RIVS, IISRAFFEBALIL AL AR W[19] . B8 MBI 2R BTid 7 1] {d:}k
%uﬁiﬁmiﬁ%{D;}k SHEALIELI L R (X¥), keNHX, IHPTEIT {dj}k %uﬁiﬁmﬂﬁ{m}k =L
B ik 2 Rjg (Y), keNMX. FEEBBL)F, FEABITREE {(xk,\(k)}k il {(xk+1,vk)}k &EH
TUEM P, {()?k,vk)}k 1 {(xk“,\?k )}k T TUER F . BIRATE
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(XY AOXmY®)) e PORR (XY Rn)] {(X92Y)) e Rl k20

3.3. EER SIS o HT

AR B A A RIS T 0 b, B Sela 4 NGB 51 B LU ST H AR R By RIAE AL B,
i JafEE 1 AR T EERICEIE . R E SEa S B 1, ARSI B g T H AR R RIL AL B
.

SIE 1. s 1 or, {(xk,yk )}keN DIREALARIE A= WU A W M SR R R 81, UA

f(xm)—f(xk)ﬁ<i—5d:—vt,+.xm—p:5 <Xk)>+<vi*p“5 (¢)=pf (4))

k ) o (3.5)
+<VXH (x",y"),xk — p* (xk)>+m xk — pjxg (xk)
EBA: HIEA X = prox (xk +A8df —af :+) AL SR R T 13
Oeof (xk”)+v§'+ +%(xk+l —x* = Axdf )
A
1 (x" +A0dS —xk —a:&v'x‘&)e of (x"*l). (3.6)
ax,+
I FH eR S F 0 BT
()= (g (x)) = (o (x) 2= pif (). (37)
S5 A R(3.5)F1(3.6) AT 15
f (Xk+1)_ f (p\z'x‘ (Xk))g<%;k+d: Ve X pvaf (Xk )>+£<Xk VRV p;zg (Xk>>
zky 1‘ 2 (3.8)
Hrp %A & i (a—b,c—d) :%("a—b"2 ~Jla—c|* +[p—-c|* —||b—d||2)?%'¢§'JE4JG
H pj‘g (x)= prox (X — v ) T3,
ik(xk - pvﬂ‘g (xk))—v'; e of (pé’tt (xk )) (3.9)

X

SCHBRE R AT R
f(p;ztt (xk))_ ‘ (pat (Xk))g<6f (pvaf (x )) st (1) - pt (x )> (3.10)

3N

b= ()

f (Pfg (Xk>)_ f (pat (Xk))£<vt' p (Xk)_ pvaf (Xk )>+ Zik

1 af [k «|P 1
- X X —X —
2a) Py ( ) 2af

(3.11)
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1 p™ (x* ) o ST
ik(xk—p"‘t(xk))—VXH(xk,y")eaf(p“§(x")), (3.12)

a
SCHTER S f PR AT AN
(o ()= 1) or (o (). 0 () ) 19
H1(3.11). (3.12)8

(o () () < (V,H (g ) - (xk)>+2;k [ e[

) 2 1 ) , (3.14)
_2ak pax (Xk)—Xk _2ak pax (Xk)_xk .
éé.fé*é\\ﬁ(&?), (3.10)F1(3.13) AT 15(3.14) .
?lﬁ 2: R 1 OL, {(xk,y")}keNi‘ﬂ[‘iﬁﬂé“ﬁi&ﬁlﬁﬁﬁiﬂiﬁffE‘UJ\PCﬁ?%EEEEH‘JF??U, JES)
K+l k ﬂ’; K ok kel ab ok kK oo (K af (K
oy )=0(y") = (2t vy () o (w0 () ()
e , (3.15)
o 1 o
<v H (X y ).y ~p (yk)>+2a;+ v - py (v*)
FET S LRSI B 2, WAL w MR REE. e, By B T
I/I(Xkﬂ,ykﬂ)—l/l(xk,yk)
—f (Xk+l)+ g(yk+1)+ H (Xk+1,yk+1)_ f (x")—g(yk)— H (Xk7yk)
(3.16)

({1 ()R ()
g (V) H () =g (vF)+ H (X y)),

R £ () + H (XY )= (£ (X)+ H (X y* ) ) AL T et
SIZ 3. MR LHOL (X)) ﬁmmwﬁ¢ﬁyi*mmwﬁ&¢&mﬁﬂ m

(“”)+H(Xk“ k) (f( )+H(X'y))

it 2 VH (3 ) - [

2
+<VXH (%", yk)—v‘x‘,+,a;+ (VXH (x,y*)-V,H (Yk,yk))+/1xkdxk> (3.17)

2 1 1 k af [k
+[20!;+ 2a)l:] X = pvt (X )
2

1 X —pet (x)[

k
20,

2

k+l sz"_

B KT H R JATME AR R 5 BT AT
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LX
II(XK+1’yk)<II<Xk’yk) <VXII(Xk,yk),Xk+l Xk>

f (Xk+1)+ H (Xk+1, yk)

<< ’1: df v, xk”—p;’g (xk)>+<V§,p"i(xk)‘pff(xk»
ot g
e J

Py (x)=p™ ()

2
XK+ gk " ’

—|X

k
20:X

BTG

1 2 1 K 2
-—— ||Xk _ykt . xkH p% (Xk)
K 2a 2a K
X,+ X,+
1 k 21 K 2 Lx 2
- pﬁx (Xk)_pax(xk) - p% (Xk)_xk =2 Xk+1_Xk||
200, 17 % 20, 2

k

S<VXH (Xk,yk)+;TXd: —v;+,xk+1_ p\z('x‘ (Xk)>

X,+

+<VXH (Xk’yk)_vt, p\‘l)’; (xk)— pai (Xk )>+[20:5L;+ _%J "

2

kil ok ”2 1
X=X ———
2aX,+

21

k
20,

K
Xk+l _ pOLX (Xk)

Vx

p (x)=x¢ -

FIR ARG R 2(a.b) < ot [alf +—Jbff 778

X

f (xk*1)+ H (xk”, yk)—(f (xk)+ H (xk, y¥ ))

2
ak, 2k k
< ; VXH(xk,yk)+—akX dy —vi,

2
X

+=XV H (x5, y*)—vE
- S |VH () -
1 1 2L 1 e kP L ok ek o\
+ XK — + =X XK XM = ——[Ix* = p™ (x
{Za 2ak J p ( ) {2 2a;+j " 2af P ( )
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K 2

a)(,+

<Pl H ()Y H (R )

X,+ 2

b +aTVXH(7k,yk)—v:
+<VXH( y) . a:+(VXH(x",y")—VxH(Yk,yk))+/1fdf>

k
+%X x (Xk’yk)_vt 2+(20¢1;+_2i:j Xk_pvatt(xk)

L 1 2
+ =X ———|Ix
2 2af,

1 o
24 o)
ﬂ¢§§:/\$%it%ﬂﬁﬁ7||a+b||2sz||a||2+z||b||20 HE2P, AU H (%, y) K TAS L x LT L
X = x* + pid¥ nI#3(3.17).

HAhdth, AT AR gy k+1) H (X y ) =(g(y* )+ H (X, y*)) IR LT et
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