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Abstract

Sparse logistic regression is a kind of logistic regression model with sparse constraints,
which is widely used in the fields of neural networks, machine learning, and bioinfor-
matics. In this paper, based on the idea of approximating the /; norm, six smooth
functions are used to approximate each component of the /; norm in the sparse logis-
tic regression model, and the problem is transformed into a smoothed unconstrained
minimization problem, then a conjugate gradient method is designed to solve the
approximated model and the convergence analysis is given. Finally, numerical exper-
iments are conducted to compare with four known algorithms for solving the sparse
logistic regression model, and it is concluded that the conjugate gradient method is

effective in solving the sparse logistic regression problem.
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1. 5|5

IR IA] AR — i T A R o3 2 TR R R R AR S P [l VAR FENL AR 22 ). Bm iz il B Aa il
MG AF YU E T ZAE M. T2 58 B A58 2% bR B ™ M R B, DR R AE A AR B 2 4 AT R
THOL A ME— BB, AREARBOR TRAESON, Blm > n I, HAMERCRAX B, Zm < n 1
HOLATRE S FEOTME IR, — 7, m < n MIGHLEH MBEVF 2 SEERN AT R, Bl —fr 2 R RIE
BAEREA L BTN R AR, (B — B BT SR RESRASIR A IRIAEA. 5 — 71, RAEIX L
AP A V2 HRHE, B RN LR . B AR AT AR, X TS I 0] A R R R A
PRSP T B SR AN ST, D 1 R A A S B e S B ANRRAE, 7 A S S L
TR B 20 PR LAY R IEBOCR . TR CE B P2 IR AL AR 22 S BN o, AR T o A AL T 5 —

DOI: 10.12677 /aam.2023.128364 3666 I FH#e e t J


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.12677/aam.2023.128364

Pz

48

AL FA) R SRR U e 0% B PR UM BB 4 s AR AR TR . AR 2 2 G e X 38 A [ R AR AR AT IE L A B
MTTERAFHMR LA, TSt 7 0 A2 A [ VA i e K A Xt A 45 7 A BE R 4 P e v o A AR KA 34

24 I SR AR A L 2 A 18] ) i) ) VA AR £, B 0 bR S AR A BB SV (1), AR R S
22055, (HSRAZ BT I Sk AR N R A AR R, IRZ B B T IR A S
W7V 2 SO S, WK m [3]5F A BE6 IB AR [ AR T — A GRS TR B ROR
Friedman [4]% Nttt 7 —FEGUGERTT A0S F B s V8 i 2k 10, AR 15 B A #F AL b Bk
S /IME Z U BRI DO B, 2B ] DU ROt AL B R B AE; Yuan [5]55F @I B & B 5
TR R B 7 VR AR T — R SOH I GLMNET 55032 F SRR i 1 402 48 [51U3 190 ;. 55 4k Yuan [6]5F
NIEFE M T — il — 42107 1] A A HR T B T AR BRLIE U AL ) E; Bian [7)55 A JE T A8 45N e 2f
WL T — FfAS 75 O T PR AT SR AR RO, 3258 0] A i) L, %077 1% e B i R
FHFFAT PRI HA ARG RO AR . Peng [8]55 N K T BEALIE VT AR B 1 SROAR A5 1132 45 8] )3 ) o 2%
PSS, FEH R BEE B AE 0 A A% R 45 Hadoop [9)7E 5 B30 £ b Se Bl 35 s, phat,
Yu [10]558 AR AAAR T BEIER K A2 48 0] ) A0 5 1)@, Balamurugan [11]55 A$@H T — M= &1L
AT SR AR SR X 23 TE D A SRR I 1 A, 45 B OS2 B A AR AR . U4, X T8 4 [l
VAR, - YOS DA e RO RIT 9 R AR 22 ek B SR, A8 T EE PR B [12] 2 i SRR - Y
L U A i) 56 R R R 2 —, B R HL T R O TR T ORI I B B B Bk R
fift. UTEERNT, - JEBOIE A [ R SRARIIE FE B30 )32 i) — B Sk e s A i / BB (IST) 509 [13]. AR
PEIST 5%, EARMMRA T RAFARTRE T E A M EZ. flinHale [14)% A3 H T —FhkE
TETEHEARIIST A5 mUE 7. BUESS KLY IEIST J7 (B APIST [15]MHREIST!) A
ARG SE. HEANESTA [16]45 H 111 Y6 B8, SRS 1 HiNesterov R FEVE AT 35
[F] 38 F A Tsuruoka, [17)55 N\ AE 3 4 [a] U 1m0 A SRt o 5 BEATLASE B2 R Fedck, AUl A s 0 18 A R
.

SEHERR LI AL — FhAT RO A R AR AR L ME DAL 1) R B0, B — R A BT P AT i
V2 A AR A T 10 (18], AH B B R L SRR A ] R A W SIOH A B T AR, [N g A
R T A7 At (4 SR DA K AE T S Hessian 8 FF R SR 00 RR R AR AN (2. LB FE V02 1) S 35 A0 0 Lok
AP IREE, RFRMEH HAR B — B S5 6T BT AN A7 ZRAR. B R HH AR P
R, AFLRPEILPERR BEVA AR R TR, I M T B AR [19]5 Uk, 14k
Bt SLBERR VL RO B AR P AT, — MRS RS, AT, S AR A
[l R SEHERE LR BT IR &, S RE B B SO FE B . XIS, MERBSER S
FRCRMA T B W2 AEAR TG T BRI RRCR, FlinPolak [20]55 N 5Polyak [21]4 t
TPRPILHERE VL, 1277 X FR T35 LS 406, #AT B SUNTTR @ T FR J775 B S0H
FZ; Hu [2258 NS T —FoB (U ILHERE B2V, X Fo8 B 558 1§ e Polak-Ribiére-Polyak [21]#2
LS H, 8 R TT [ ML TR A R K 70 TR, 3 WE ] T E bR fE WolfeZi 44
BIFAT UL AR HEArmijo S Z SR T R4 RISt 53 hoxt TR & JLHERR Lk 7T i 7 i A AR
Z 4R, Touati-Ahmed [23]% N & WG FRIZ S5PRP iE45 4, 51N TR A SLHIRE I, XA L5
b JEE B B0 — A bk, B SV IR I L & P b 7 ik A ROF S IR T FR R EE R I — R
Yuan [24]58 AT 7 — MR T T B SRS MU 5 A4S IE3EHERE FE V%, SR R T A 7S
SrRIA Y SRl T BRI S IS SERERE BE TR I A A VR, TR —E SR R AL T A RSl
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Ji, B S5 RR WG 1T 33506 AR L 5 R 4L AN B 2D 1) e A 24 ).

ARSI R AN AN 6T R BT A, -V E R RS 70 B, KRR IE 48 [0V 7 i A SR T AL e
I LR ARAL 1), BT — SN BESEHIRE B OE I Ja 101 -VE B2 4 el IR R HEAT SRR, JF 45tk
SOk 73 A, S R SR BT 7N AN G B BT DU R A [ U 1R AR ROR, R SR RERR R S
ORI 18 SR PR A X2 A [ ) i R e 0 DO S B30 AT LA, 45 HH SR P S50 SR A it A2 A [ 1 ) R )
R

2. &R

ARG HASSORT B S B O E SCRIEG 1.

5 JEARSLIR] 73 AT IAE (i, 0:), 5 = 1,2, ..., m, HHa; € REOSTIIRE, b; € {0, 1305 2l
MAE. WHFEX = (a7, a7, ..., al)T, bAWBA &, BIo = (b1, ba,...,b,n)T HxeR" AZSH A &,
TP REIRRE Y AR LR [25):

exp(bini(z)) i=12...m

Prob(bi|a;) = =
rob(bia:) 1+ exp(n;(z))

$erttn(e) = (@), (@), o (@) F(a) = a7 AECBURREL R 0
logHPr ob(b;|a;) = Z {bini(z) —log(1 + exp(ni(z)))},

=1

R, A48 222 3L () Logistic A AR Y.

:?el}%% f(z) = Z {log(1 + exp(n;(x))) — bini(z)}. (2-1)
PR AR R EUE SO
min (1/m) f(x). (2-2)

TER"

M IZ 8 1) (SLR), BI1-1ENALZ AR [R5, R B AR 40 R (2258 el IR, 32 B 202
ARFAELEHE 1) [26]. AR BRAZ AR B A A AR A E ST

min F(z) == f(x) + Az|]. (2-3)
Hor,
F@) = %Zlog(l + exp(—bialz)). (2-4)

S EPUR R, ||z L IERIAGEREL, A > 0. [ H AN EHE 2 — NI EE e { (i, b)) €
R" x {~1,1},i=1,2,...,m,m > 0}.
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P - 285 (B PR B¢ | PEO AR AR AN TR 1), DRI, - 50 0 DU A AR /A ) R — AN AN T Bl . 9 T o
R IX — PR 3, ZEATT R IRATEIN || BN I BB L -V A o L. N4 e
BRI 5 ORI

FEM2.1 [19]: a0 S [FIH 2 LLR AN 2% A4

(DPTE(p,t) € Ry x RIESAHL

(i) Xvt € R, }LILI(I) Y(p,t) = [t]. ILREEY:R, | x R — RZ|tIIIEIEREL

A TR R AN R €| G HT BRE. ¥ ST AR 2| 7T LAy P
= &)+ = ()~ = O+ + (=1)+,

Hrb(t)y = max{0,t}, (t-) = min{0, t}. (t)+ BIJEH BRET U@ 5I N—N3 R () s fd(¢) ik
TR, JLRd(t) > 0 AT d(tdt = 1. 52X
5(t,p) =

(=),

t\r—‘
t\“

Hodrpsg—ANES L W T 5 &4 oL
+oo
/ #1d(t)dt < +oo,

4 . ,
pt = [ (-9 Sewds= [ (095l uds = (0

— 00

() BGHEET. X TR (t) . = max{0,¢}, HATCH —LF LK REL [27], Flan:

t if  t>4,
Uy (p,t) =t +pln(l +e¥), Wa(u,t) = mt+8)7 if —4<t<t, (2-5)
0 if t< -5,

2 - 2
oty = YA VIS G ={ £ if o<t<p (2-6)

EATRE R R R 7 i
o {1 if-1<az<

w\»—t

0 otherwise,
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dg - 5 d4 -
0= —gr 0

9 {1if0§x§L

0 otherwise.

S A BRATT 0 I A R | | R 6 BR A (27, 28], W R BT
N +oo
Pt ) = Bt ) + Bt 1) = / |t — 5[3(s, 1)ds.

I (2-5)-(2-6), FRATIIE 2 || BTV S iRk
Ui(p,t) = pln(1+e7%) + (1 +ex)], go(ut) =4 S48 if —4

= if <,
Us(p,t) = VAp? + 12, Ya(p,t) = . (2-8)

it =4 if Itl>p
Fromlit, i REH AR AT e B A% bR Bk
d(t) =

0 otherwise.

{iﬂ—ﬂ)ifMSL

T2 (e RGH BREC
t if t>pu,
Us(pt) = § —br + 30 43 if <t <y, (2-9)

—t if t< —p.

YN, AT € R, ISR () = —L=e, WG

=
B 1= ) = e,
XA E] T |8 — PO R AL
G ) = terf(——) + \Fu (2-10)
V2 ™
SR EIRATR GRS 2 7NN R, R AT R B e AT T ARUR 5 32 5 B ] ) ) S - AR

IR

AL E 5 L3RI R ' bR A L G A AR 2 4 [l A, Sl T SRR VR X
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DG M 2 R (] e UREAT SR T TR ATI e T B AR H R R V.

F B LN LR A A ] -
min f(z),z € R

Hff:R" — R —DIELEAIAIREL, (o) RER f(x) KIBLEERE, B
g(z) = Vf(z).
SEHERS R A A AR i BA R A UG
Thi1 = Tp + i, k= 0,1

Horby 2 HANER, 2o 4 B VIR R, ap IV )T 1R AR A 2649 A5 2 /) 0 K
dp AR5 17 HE SCN

- k=0
dy=4{ ’ (2-11)
— gk + Brdr_1, k> 0.

(21T g RRY f(wx), B f () FE sy, AERIRR DT 1], JLHORR A I SR B AE TG A R Ty
1], BIS(2-11) HEHp, Mk, — RSO B, WA R F A A RSB RSO B 5. T4
K& U 2 IR HERE LIRS 40, ik

er Nal® pre 97 (96 — gr—1)
ko= 5 Be =T, (2-12)
| gr—1]] | gr—1]]
2 2
ws_ e =) op_ lal® v el 213
g df ygra 7" di_ ge—r’ 7" dl (g — gr—1)’

Horp|| - |[FRos AR RO LRARTER. FR UK 0 IR R BHE R A& R T RSN, (2
F& 2 H b bR AN FE IR R O SR I BUE A5 R R DL S WU 2 BB S 406, 5 P #1748
AT AN ], (E 2 MR 45 R AR I FIPRP J7 A48 R LE 26 4% R AN RER O/ 22 RS, PRI EHu [22]55 A
R T MBI S M6, B, AR St R I PERE B R E Wolfe Zii8 2 B /& Armijo 24
RN ARRE N B RAF ISk, I HAZILHURE FE 505 (NPRP) A2 BRI 27 81106 2 78 7 T B R A
B, W

llgx I

lgell” = ol gt ga T(lar_ |l gr — B
B, = Tgr 1119k _ 9ic (lgx-11l 9x — llgkll gr-1) (214)

2 3 ’
max {pellgll Il gl ) max {llgi-al®, e llgull g1 llde-a ] }

Hrbp > 2. EFIPRPICHIR: I HA BT AN A
(1)NPRP 7 RIS TAER LA R 7870 T Fesk At

(2)FVEAEBA BAR BB IO, R AR WolfeZi 1% 2R 2% fF slibn i Armijo £648 2 5%
ENELIET
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S1382.1 [22] WAEERTTHd, HNPRP VA K, U
gFdi < —(1— 2) gl
- [

Hrpp > 2.

3. BAHA R H S o

BT BT RIS AN R A, FRAT AT DA B R AR B R F () I AAR Y.
L (1, ) AL -TEHL |||, W BREL o) () PTRAR TR

%(M,x) :sz(ﬂ,a?j), L= 17233a47576 (3'1>
j=1
UES)
F,.(z) = Xp;(p, ) + f(z),x € R". (3-2)
He

flz) = % Zln(l + exp(—b;a] 1)).

=1

DRIE S SRAE i) 7 (2-3) T A SR AR DL T DI To 2 AR d /M )

min F, (z). (3-3)

FEASC I BRATT R Sk A FH L0 B B2 SRV SR AR 10 L (3-3). IS H A R O A SR P Ak
531 (I L BER B %)
Step 1. BENIME Ky € R, >0, pn>2, po >0, EFHESHp,6,v,7€(0,1), £k =0;
Step 2. W R L5 AT | gi]| < e WHFLE: I F]Step 3;
Step 3. WHk =0, Wdy = —go, FWRHAR-1)IHHELRTTFd, AR (2-14)1HH By

Step 4. Moy, = max {p’/,j =0,1,2,...}, e

Fo (e + apdi) < F (2) — 26(1 = v)an(VE,, (zx)) " di.

Step 5. @xpi1 = 2 + apdy, Hppyr =Jur, k=k-+1, R[FIStep 2.

VE: LT BT S0 (10RO [22] 0 X BI7E T SCik (1] O 55 A R SLHRE I 5
SRR 0810 0 R, T 03,1 SRR AR SO [22] b SEHBR AR B, (LR A T I R 5
i (227,

N T o R ILHRR B S B, BT s th =5 L
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SIEE3.1 i f(z) = £ illog(l +exp(—bal@)), W[V F(z) = V) < LA |z -yl
'LEED% y‘ij((E) = —% in: (1 —Pi(ar))biai, /E\:E'jpi(x):m.
NNV f(x) = Z (1 — pi(@))pi(x) aal NIV f(z) = V(y) = [o V2 f(y -+t —y)(z —y)dt.

A = [a1, a2, ,a ] W ()R { (1 — pi(2))pi(2) }i2, AL AEE, A

IVF£(x) = VI < fy IV2F @+t — ) (@ — )| de
< Jy [|EATW (y + t(x — y)A| |1z — ylldt
< Jy LA Wy + e — y)] |z - ylldt
< LA Jlz — o,

Hop[W (y + t(z —y))|| < 1.

51 3.2 WrREF), (x) W1(3-2)5E X, WAFHHE—DNFRL > 0, XAz, y € R,
AIIVEL(x) = VE, ()| < Ll -y BoL.

WEB: AHMEREE M > 0, A TIUEMVE, (z)Lipschitz 5, T ERAEY, (i = 1,2,3,4,5,6)
(W LipschitzacfF. Btk FAT15r DU P FRME L 18

EOL(1): 245 =1,3,5,60F, XfVt,t, € R, &ty < ty, HPIHEEAH A EE B
|0 (s tr) — i (s t2)| = [0 (1, ©)| tr — ta] , € € (1, 12).

AT RERANTRE, WNTEAN=1,3,5,6, FATTHEM|¢" (1, )|
T =1, FATHE

1 eé e;5 2
’¢1H(N’§)|:7 . 5 + — 2 < —.
P14 en) (I+ew) H
X T = 3, IREFEIATAT LATS 2
: A
|¢3 (:u7§>| - (4#2 +£2)3/2 < 2#
¥ =5, 1A
1 if t>p, 0 if t >,
U (e t) = —fa 42 if —p<t<p, G"(wt)=4 -5+ if —p<t<y,
-1 ift < —p. 0 ift < —pu.
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SHFi =6, BATIHH

/ 2 /\/5;! 2 17 \/§ [
)= — g t) = B
1/16 (MJ ) ﬁ o € Uu, wﬁ (/J” ) \/E’ue ’

SR AT RSN /s
1 2
6" (1, t)] < N

B4R ES X (1, €)| A 025 e

3
|¢il(ﬂat1) - wll(,uﬂtQ)| S ; |t1 - t2| 7i = ]-737 55 67Vt1)t2 € R. (3'4>
THOL(2): 20 = 2, 4, REMFLL(L), R Mo, BEAT Al
XTi=2, WA
1 ift> g,
v (mt) =9 2 if —h<t<i,
-1 ift< -k
I T AEREA DX TS LA [ A0y (10, £) 223K 3K, PRIEFRAT IS¢ AR DX 18] ¥ B BEAT 3+ -
()Rt > 5, 12> 50 < =5, 1o < —5BFH L 1 € (-5, 5), B4
/ ! 2
| (s t1) — o (1) | < m [t1 —ta .
Wty > 5, ty < =4, WA
, , 2 2
|2 (s t1) — 2" (s t2)| =2 = p= < = [ty — L]
pop
(b)ﬁﬂ%tl > %, to € (—%, %), %B/A
2t 2t 2t 2
|4 (1) — o' (i, t2)| = 1 — e 1T
H H H H
(C)m]%tl < _%, ty € (_%7 %)’ %B/Z\
2t 2t 2t 2
|77/}2/(M7t1) - le(MatQ)’ =1+ = < -= + = - - |t1 - t2| .
H H H H
MRYE R THEIRATAT LS B BN 4518
' / 2
|7/12 (pyt1) — ho (M,t2)| < ; |t1 — ta], Vt1,t2 € R.
DOI: 10.12677 /aam.2023.128364 3674 I FH#e e t J


https://doi.org/10.12677/aam.2023.128364

=
NI
48

X =4, 18/ = 2500 TR RT3, FFEAT RS

1
|4 (1, t1) — 4" (s t2)| < L [ty —ta| , Vti,t2 € R.

DL EBATH G = 2, 44T T MW ihie, 75 H LU 4

2 .
| (patr) — i (s t2)] < u [ty —ta|, i =2,4,Vt1,t; € R. (3-5)

PG DL B85, Ve, y € R™ N (3-4)F1(3-5), [FIRF 45451 H#3.1, FA14

IVE.(2) = VE.(y)|
IM[Vei( 2) = Vil 2)] + V() = V()]
3z -yl + 125 2 -y

I IA

HH L = 3\ 4 1AI7
i m
S ¥E3.3 Wu > 0, MKTEL(xo) = {z € R*|F,(x) < F,(zo)} &H 1.

EWY: JAEVE. RIREE R L(w) LR, MAFIE—NEIREK, E3]2*| - oo,k —
00,k € Ky. HF,(z) W&, BATGE,(zx) — 00,k — 00,k € Ky. X5F,(x1,) < Fu(z0) T &,
R, AKFHEL(xo) 2H .

I FRATARYE L3k =A> 51 BREE H L3 L 4 R s 2 i
SEHR3.1 B {xy, ) NEIRA RIS,

lim inf ||V E, (z4)]] = 0. (3-6)
k—o0

EBA: *éé'af?ii&hgg}f |VF,(zr)|| = ONAL, IBAFEAE—H Heo > 0, 1115
IVE(xp)|| = €0, VE. (3-7)
B H2. 10 (VE, (v)Tde < —(1 — %)HVFu(xk)HQ. Aoy > 0, {15
Fu (x4 agdy) < F(zx) = 26(1 = y)a(VE,(x)) " dy. (3-8)

KRG {F, (x) i HA S, 1452, € Lxo) M{F,(xy)} RS, éf\klin;OFu(mk) =F. H
51 #2.1 F1(3-8) ﬂ?%"klim || VF,(zp)] = 0. BER|VE,| >0, HItAH

lim o = 0. (3-9)
k— 00
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HLF, () SRR e S, AR E R B > 0, (15
[VEL(zi)|| <7, VE.

R BAEEIEM {||dy ||} AT 0. BB ||de ||} TEFE, ALK AR | di || — oo,k — o0,k €
Ko, WO NV F,(z) 5d, 2 [ A, NI

—(VEu (i) dy _ IV Ey (i)l

cos By, = —
IV E (@) [Idll lld|

(3-10)

BRARN, ey < ||VFu(a)]| < 7AILIAF Hicos 0, — 0,k € Kok — oo , Bl — 2.k €
KQ, k — oo LRI LG (VE, (2r)) dy — 0,k € Ko, k — oo, EIFIITF KRR

2
(1- ;)||VF,L(xk)|\2 < —(VFu(zx))"dx — 0,k € Ka,k — oo,

B (3 TVR . B dil|} R A0, BOTFE— B > 01 1S

|de| < M*, VE. (3-11)
HH K (3-9) 5 (3-11) &5 Aiteok, W LS
Jim o [|di || = 0. (3-12)

,DD[J\J: /\ﬁ% Tﬁcosﬁk 80 ’ Jﬁ*/ﬁfﬁ

—(VE,(z1))" di = [ VE, ()|l l1di | cos b, >

I
FH B 3 AT 1
VFM(QI/C + Oékd;c) = Fu(l’k) + Oék(VFH(fk))Tdk
= F,(2x) + aw(VF,(21)) di + i (VF, (&) — VF, (1)) di (3-13)

< By () + o [ldi]| (EERA 1| VF, (&) — VE, ()],

oty < 6 < 2y + apdy. GBI T3 2RKTAEL (20) HOENE, ATBMB IV F, (2)2E L (xo) |- 5K
SRR, 5 (3-12) R IR B AEIE NG > 0 LA

2

IVEu(&) ~ VE )l < 5 (3-14)
Bk KIT, R (3-13)H
VE(wx + ondy) < Fy() +8(— 5 + 3 55) (3-15)
= F(ow) =
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X5F, (zg41) — Fu(zr) = 0,k — oo FJE. TRA T T AL

4. BEXLE

klggo inf |VE,(x)| = 0.

DR B8 AR S P i O TR A L B B SRR I O, AN IRATTRE R S AN T B BN L - Y
BB 7y BT, 43 7S AN [F) B 06 A A B 32 58 [ml S AT ) 6 98 A SL BE A B2 0] Dl T
S5 B 32 4 1] VAR R AT SR AR, R R OC IR IL RS 5L (NCG) WIBUE 45 R 5 AR ks
1% (Proximal Gradient Method) [1]. Z&PE&EITH: % (LS- Proximal Gradient Method) [1]+ B €f
I V% (Fast Proximal Gradient Method) [1]v £ 0 483 B FE V2 (LS-Fast Proximal Gradient
Method) [1]FI#E 45 R 3EAT 0 EE 7 #7.

Table 1. Comparison of numerical results of six smoothing functions with 260 iterations

= 1. EAR2600 M /N FIOEHT BR BN BE LB A R

JEI R AL ERINEEACIEN wEE CPU [H] (FAfz: )
U Inf 0.003531 8.46
P 0.801205 0.000002 8.42
3 0.794706 0.000001 8.44
Py 6.706516 0.000086 50.23
s 0.797260 0.000002 8.44
g 0.373946 0.001343 8.24

10t The rglative sglution error ,

= = +Proximal Gradient

10° =—==-=:S-Proximal Gradient
5 E Fast Proximal Gradient
e | - LS Fast Proximal Gradient
g 10 r“a{\_{% ———NCG i
5 10 2, \4’9\:;;;&'
2 L T
g 10 ~~....._.~.__ —
g L e
210 ij
2
" 105 11‘1
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Number of iterations

Figure 1. The plot of the relative errors about the
approximate solutions of the models corresponding
to the six smoothing functions
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The decrease of the objective value
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Figure 2. The plot of the relative errors about the
objective function values of the models corresponding
to the six smoothing functions

2. NG BRHOnT AR H B R BB AR R R 22 A

Table 2. Comparison of numerical results of five algorithms with 260 iterations

& 2. 2600 M TR RA I BUE 45 R LR

ik SRANEE 1§ X R 22 CPURT A (#LA7: 5)
PGM 0.468644 0.001012 7.61
LS-PGM 0.455093 0.000839 10.96
FPGM 0.454174 0.000978 7.65
LS-FPGM 0.454130 0.000418 15.29
NCG 0.794706 0.000001 8.44

(b1, ba, -+ b)) T RT366 x 1A, HH (a;,b;) € R* x {—1,1},i=1,2,...,m,m > 0. {EMATLAB
AT R, FRATH B RE IR B 9260 X, BIESHEUEL T:

2% = zeros(300,1), A = 0.008, p = 0.5, = 0.002,y = 0.2,7 = 0.4, o = 0.1, p = 2.4.

L2 T AR Z, Bk L.

[|Zr11 — 2|

< 1.0e78.
|||

454 DL E S HOR FIMATLABYw F2 SN 6 W of H00 0L R R B2 48 [m] A A 2 1047 3R A, FRAT145 2
FIFH 7S Tl T8 oR B0 A 32 48 (R AR B, - B AU 45 R a1, AEXTaR ZE . kAT A1 ARk
K1, B2 s, HA g, B29i “1. 20 3. 44 5. 67 2 BIXT NG R Ey, . .. Y.

SR URIFEIL, 2004 5 B TAT DAt DA LA 418
1) 1 3R VA5 R PR SR A A R HORE S 8 B 72 40 L VY, A R P30
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Figure 3. The plot of relative error changes about the
approximate solution for the five methods

& 3. TAP i AR IR AL

BOORAET, G BR K AR 2 H AR o8 BUE A T8 75 KN B s By 2 5h, DUt
PR EOR AT B 1 H AR R BUE A Z A K, I HOCI R B, s, s HARBREUE 2035600, ZERIR 2
AR/ i B8 B (1 1R 22 BRI T BROCTE o8 £y SRITDYASETE BB R, (H R Bl AT i i 2
THFERICP U ] /& TG R B /D 1. BRI 2 AM BRI bR Bl Rl B3 SR Al 45 SR AR R 22 A
5, (HHEARREUEM A AR, BT KICPU I EAHZR /.

2) TG bR BN N A6 1 038 B [ VAR AR SR A R B ARG Bk 22 AR R R 22 RO W SiAT 9 7y
INEL B2 fros. WEL. E2RT UG HOEHE R, s, ¢s & A AR Z SIRZMZR D 4
HRL 1RGN R Ho N FE SR AR T AE I CPU B (8] 2 BRI B3y, e Z SR, (HRTE
FHFREACREC R 6 B s B AR o8 BUE 1R AN T SEOVERAR, 10 ELNKEIL. 2B a] LS
T BR ARG B b bR B AR G 22 3B S iR 22 5 LR LA i R O L RSCR B
DRl LB ATT 45 65 LU ALAS HE G T R s 60 s 0322 A [ A R o (40, - SR R B IAROCR B 45
ERTRAE S L B2, BATR AR RZSAS6HE s B AR R ZHUE R BT

Y3 = o X s = Py = P = Y1

AR b — 3873 ) FH L B0 0 B2 725 SR e 7N b Ol e R 50K Y 1) B &5 SR AT O T B B XL - T8
HAEEA 7 BRI ROR B, R FRAT TR I HEAR B S0 RO T R By AU BB 45 2R 5 ] 4TI
1 B2 7% (Proximal Gradient Method). &4 ] SLAR T Hf BE7% (LS-Proximal Gradient Method). il
LR A B 1 (Fast Proximal Gradient Method) £V i Jd 21T 1 £ % (LS-Fast Proximal Gradient
Method) HIEUE S5 RBEAT 0 A B P _E—38 50 B FH 2 088 FI S 8UH, 1 1 3RA TR B oREAR IR
B B ON260 K. HRMPENENBUESS R IR IR 2, Bk Rz kAT HI b B3, E4FTR.

RN BRI BUE S R IATAT LA BU R L 468
1) HR2BATAG H A2 A [ S AR B AN, ) SRR B iR (PGM) L £ 1 T B 403 B 2

DOI: 10.12677 /aam.2023.128364 3679 I FH#e e t J


https://doi.org/10.12677/aam.2023.128364

@

s
NI

48

The decrease of the objective value

102
- - 1
EP - a2
©10° |} 3|
© e P 4
[J]
; ................................................ 5
L0 N e 6
8 ACY
iy A
o D
210°r \ 3
g - S
T L T s——
g 106k - ‘a\ 3
= 3
.
108 ; . : ] .
0 50 100 150 200 250 300

Number of iterations

Figure 4. The plot of relative error changes about the
objective function values for the five methods
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TRIRAR T 5 22 5 AR DUAN SR (AR SRR X 158 22 22 BE W 5, 6 AR R S SR A ) R X iR 22
Mo T A DAL, 1X 3B I A IR 8 S50 SR A i 2 0 [ ) ) e 281

=S al=

B R R A H NI H : 202110595047.

S22 3Rk

[1] Beck, A. and Teboulle, M. (2009) A Fast Iterative Shrinkage-Thresholding Algorithm for Linear
Inverse Problems. SIAM Journal on Imaging Sciences, 2, 183-202.
https://doi.org/10.1137/080716542

[2] Scheinberg, K. and Tang, X. (2016) Practical Inexact Proximal Quasi-Newton Method with
Global Complexity Analysis. Mathematical Programming, 160, 495-529.

DOI: 10.12677 /aam.2023.128364 3680 I FH#e e t J


https://doi.org/10.1137/080716542
https://doi.org/10.12677/aam.2023.128364

=
NI
48

https://doi.org/10.1007/s10107-016-0997-3

[3] Koh, K., Kim, S., Boyd, S., et al. (2007) An interior-Point Method for Large-Scale -Regularized
Logistic Regression. Journal of Machine Learning Research, 8, 1519-1555.

[4] Friedman, J., Hastie, T. and Tibshirani, R. (2010) Regularization Paths for Generalized Linear
Models via Coordinate Descent. Journal of Statistical Software, 33, 1-22.
https://doi.org/10.18637/jss.v033.i01

[5] Yuan, G.X., Ho, C.H. and Lin, C.J. (2012) An Improved GLMNET for ¢;-Regularized Logistic
Regression. The Journal of Machine Learning Research, 13, 1999-2030.
https://doi.org/10.1145/2020408.2020421

[6] Yuan, G.X., Chang, K.W., Hsieh, C.J., et al. (2010) A Comparison of Optimization Methods
and Software for Large-Scale £;-Regularized Linear Classification. Journal of Machine Learning
Research, 11, 3183-3234. https://www.jmlr.org/papers/v11/yuanl0c.html

[7] Bian, Y., Li, X., Cao, M., et al. (2013) Bundle CDN: A Highly Parallelized Approach for
Large-Scale ¢1-Regularized Logistic Regression. In: Blockeel, H., Kersting, K., Nijssen, S. and
Zelezny, F., Eds., Machine Learning and Knowledge Discovery in Databases, Springer, Berlin,
Heidelberg, 81-95. https://doi.org/10.1007/978-3-642-40994-3_6

[8] Peng, H., Wang, Z., Chang, E.Y., et al. (2012) Sublinear Algorithms for Penalized Logistic
Regression in Massive Datasets. In: Flach, P.A., De Bie, T. and Cristianini, N., Eds., Machine
Learning and Knowledge Discovery in Databases, Springer, Berlin, Heidelberg, 553-568.
https://doi.org/10.1007/978-3-642-33460-3_41

[9] Peng, H., Liang, D. and Choi, C. (2013) Evaluating Parallel Logistic Regression Models. 2013
IEEE International Conference on Big Data, Silicon Valley, CA, 6-9 October 2013, 119-126.
https://doi.org/10.1109/BigData.2013.6691743

[10] Yu, H.F., Huang, F.L. and Lin, C.J. (2011) Dual Coordinate Descent Methods for Logistic
Regression and Maximum Entropy Models. Machine Learning, 85, 41-75.
https://doi.org/10.1007/s10994-010-5221-8

[11] Balamurugan, P. (2013) Large-Scale Elastic Net Regularized Linear Classification SVMs and
Logistic Regression. 2018 IEEFE 18th International Conference on Data Mining, Dallas, TX,
7-10 December 2013, 949-954. https://doi.org/10.1109/ICDM.2013.126

[12] Figueiredo, M., Nowak, R. and Wright, S.J. (2008) Gradient Projection for Sparse Reconstruc-
tion: Application to Compressed Sensing and Other Inverse Problems. Journal of Selected
Topics in Signal Processing, 1, 586-597. https://doi.org/10.1109/JSTSP.2007.910281

[13] Nowak, R. and Figueiredo, M. (2001) Fast Wavelet-Based Image Deconvolution Using the EM
Algorithm. Conference Record of Thirty-Fifth Asilomar Conference on Signals, Systems and
Computers, Pacific Grove, CA, 4-7 November 2001, 371-375.

=

DOI: 10.12677 /aam.2023.128364 3681 I #ev


https://doi.org/10.1007/s10107-016-0997-3
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.1145/2020408.2020421
https://www.jmlr.org/papers/v11/yuan10c.html
https://doi.org/10.1007/978-3-642-40994-3_6
https://doi.org/10.1007/978-3-642-33460-3_41
https://doi.org/10.1109/BigData.2013.6691743
https://doi.org/10.1007/s10994-010-5221-8
https://doi.org/10.1109/ICDM.2013.126
https://doi.org/10.1109/JSTSP.2007.910281
https://doi.org/10.12677/aam.2023.128364

@
N
NI
4z

[14] Hale, E.T., Yin, W. and Zhang, Y. (2009) Fixed-Point Continuation for ¢;-Minimization:
Methodology and Convergence. SIAM Journal on Optimization, 19, 1107-1130.
https://doi.org/10.1137/070698920

[15] Bioucas-Dias, J.M. and Figueiredo, M. (2007) A New TwIST: Two-Step Iterative Shrink-
age/Thresholding Algorithms for Image Restoration. Transactions on Image Processing, 16,
2992-3004. https://doi.org/10.1109/TIP.2007.909319

[16] Becker, S., Bobin, J. and Candes, E. (2011) NESTA: A Fast and Accurate First-Order Method
for Sparse Recovery. SIAM Journal Imaging Sciences, 4, 1-39.
https://doi.org/10.1137/090756855

[17] Tsuruoka, Y., Tsujii, J. and Ananiadou, S. (2009) Stochastic Gradient Descent Training for L1-
Regularized Log-Linear Models with Cumulative Penalty. Proceedings of the Joint Conference
of the 47th Annual Meeting of the ACL and the 4th International Joint Conference on Natural
Language Processing of the AFNLP, 1, 477-485. https://doi.org/10.3115/1687878.1687946

(18] MREM. R 55EEM]. Jbat: HHERH R, 2005: 294-305.
[19] Wu, C.Y., Zhan, J.M., Lu, Y., et al. (2019) Signal Reconstruction by Conjugate Gradient

Algorithm Based on Smoothing ¢;-Norm. Calcolo, 56, Article No. 42.
https://doi.org/10.1007/s10092-019-0340-5

[20] Polak, E. and Ribiere, G. (1969) Note sur la convergence de méthodes de directions conjuguées.
Revue Frangaise d’Informatique et de Recherche Opérationnelle, 16, 35-43.
https://doi.org/10.1051/m2an/196903R 100351

[21] Polyak, B.T. (1969) The Conjugate Gradient Methods in Extreme Problems. USSR Compu-
tational Mathematics Physics, 9, 94-112. https://doi.org/10.1016/0041-5553(69)90035-4

[22] Hu, Q.J., Zhang, H.R. and Chen, Y. (2022) Global Convergence of a Descent PRP Type
Conjugate Gradient Method for Nonconvex Optimization. Applied Numerical Mathematics,
173, 38-50. https://doi.org/10.1016/j.apnum.2021.11.001

[23] Touati-Ahmed, D. and Storey, C. (1990) Efficient Hybrid Conjugate Gradient Techniques.
Journal of Optimization Theory and Applications, 64, 379-397.
https://doi.org/10.1007/BF00939455

[24] Yuan, G.L., Li, T.T. and Hu, W.J. (2020) A Conjugate Gradient Algorithm for Large-Scale
Nonlinear Equations and Image Restoration Problems. Applied Numerical Mathematics, 147,
129-141. https://doi.org/10.1016/j.apnum.2019.08.022

[25] A&, Hlass ) [(M]. dbat: iEHERE R, 2016: 57-60.

[26] Wang, R., Xiu, N. and Zhang, C. (2019) Greedy Projected Gradient-Newton Method for
Sparse Logistic Regression. Transactions on Neural Networks and Learning Systems, 31, 527-
538. https://doi.org/10.1109/TNNLS.2019.2905261

DOI: 10.12677 /aam.2023.128364 3682 I FH#e e t J


https://doi.org/10.1137/070698920
https://doi.org/10.1109/TIP.2007.909319
https://doi.org/10.1137/090756855
https://doi.org/10.3115/1687878.1687946
https://doi.org/10.1007/s10092-019-0340-5
https://doi.org/10.1051/m2an/196903R100351
https://doi.org/10.1016/0041-5553(69)90035-4
https://doi.org/10.1016/j.apnum.2021.11.001
https://doi.org/10.1007/BF00939455
https://doi.org/10.1016/j.apnum.2019.08.022
https://doi.org/10.1109/TNNLS.2019.2905261
https://doi.org/10.12677/aam.2023.128364

Pz

48

[27] Saheya, B., Yu, C.H. and Chen, J.S. (2018) Numerical Comparisons Based on Four Smoothing
Functions for Absolute Value Equation. Journal of Applied Mathematics and Computing, 56,
131-149. https://doi.org/10.1007 /s12190-016-1065-0

[28] Voronin, S., Ozkaya, G. and Yoshida, D. (2014) Convolution Based Smooth Approximations
to the Absolute Value Function with Application to Non-Smooth Regularization.
arXiv: 1408.6795

DOI: 10.12677 /aam.2023.128364 3683 I FH#e e t J


https://doi.org/10.1007/s12190-016-1065-0
https://doi.org/10.12677/aam.2023.128364

	1 引言
	2 预备知识
	3 算法描述及其收敛性分析
	4 数值实验

