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Abstract

In this paper, based on the adaptive cubic regularized Newton method, an inexact adaptive cubic
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regularized Newton method is proposed, and the monotonicity and convergence of the method are
verified by numerical experiments. Three algorithms are given in this paper. In this paper, differ-
ent imprecise solvers are used to solve sub-optimization problems, and the convergence of impre-
cise solutions and exact solutions under different absolute and relative truncation errors is com-
pared by numerical experiments. The numerical results show that when the absolute truncation
error is too large, the convergence rate of the algorithm will slow down, and the convergence rate
of the algorithm will gradually accelerate with the reduction of the absolute truncation error.
When the relative truncation error is too large, the convergence speed will be slow. In addition,
different imprecise solvers show little difference in algorithm 1 in numerical experiments, but the
difference is obvious in algorithm 2 and algorithm 3.
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1. 5]
AT ER T LA A 1]

ik

min f(x)
Hrb, f:RY >R IRAIME S, H I Hessian 4 B 2 B % 75 7k 2614 (Lipschitz condition).

T HRARA v LA ERR T i R EE AR i) 2 —, R 2B CAR M G BT 12 M .

o6 5T BB R BEATURE FE T Bk & SR A T 20 SRR ) R FH D J7VE[1] [2] [3]. FENLAS 2 IR,
TZIEE R U AT VR EBR T B SR AR 2 T T2 M5 . T BA WA Hessian 5 ) 7] 47,
— W 7R A IEAR SR FE AR AR LU NS, RO PR 70 FE T B B VA AE ISR il @ R S o AR T —B
BEEERY 7%, FIF Hessian #6 RS S K Newton VETEUS SICH BE 77 T BAG BRIV BE . SR, 248 M 2R RN
T T aR e e, I HAE WG B e AR s T A AN OSSO o A, BRGE AT EER Y Hessian
SR AT REAF AR A ) 8, 8T 5 EOBUERG FE 15% 2 RRV B SR e 7™ PR AN AR M Il 8o DA 7 AR R 1 2 i) R
N T 2 P52k 754 Newton v IR -

NfEUE Hessian FEFEIEIEE MR, & 5EH T LM k.

Levenberg-Marquardt 1EJU/46[4] [5]: 412R £7(x) A2/, A U — A Sin s Mg s itk . B,
G = f"(X)+y1 = 0F -G f'(x) KiATIEAR:

Xy = % _[f”(x)"'?’l]il f'(X)

SR Levenberg-Marquardt 1E A4 77 V247 £ 1R WAL 250y B3 ) R

N EAE R WA R MR ) (L, i HES)) 1 Line-search Al Trust-region J7 3% (BT 4t .

£ 2 (Line search) [6]: iXJ&—F A @ik 5eng, R4 LR 7, FAEiZm FRE
RS KN >0:
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Xy =% —h, [ f "(x)]f1 f'(x)
{H L3382 7 VA AE T B R 3 Rk DA % XY Hessian % [ 47 52 IS 30008 (8 TG R B
{EHik J5 1% (Trust-region approach) [7]: ARFEIXFN 7%, 16 x &, DAUERRE IR, HAmim—
PR PTRER o X —MEEXIRA(X, ) « BIATA(X ) ={X:|x=x] <&} (e>0) WRIFIEEE T s X,
R CA 58 Bl 10 S350 D £ -
M ! 1 ”
mm)[(f (xk),x—xk>+§<f (xk)(x—xk),x—xkﬂ

XeA(Xg

(U VA U AR T SRR T B, T RS AT 5 B B — 0 — £ L R i
SRR, AR

= RIEML(CRYHT7 e T — ML %, € RS, —ANESIIZHM >0, FA A {x, ),
St DA SRR AR R A

Sea =argminVf (x)'s +Lorves (Xc)s +M||S"3 ’
seRY 2 6

Xep =X+ S -

ZUAE WAL (CR) A0 7 v AR A A T VETE TR I e e s A B IR 34 [8]. R, 7E KA Ak
W, SRAE = IR FORAI) R C R 0 AR A — N AR IR, BT D2 VAR SRR = IR TR Ak v 8 ) A
SPNIIR NSk N

N T AR =R IE WAk 5 it R K HERE,  Richtarik and Doikov [913 H 1 BB Ak br R R HLA8n 7 =
CIENT) RBCN 5005, fEVF 2 )il b SR BE RS & A 1T B ¥ et Song and Liu [10]438 Az 2k
SUAE A A5 (PCNM) SRR A H A o8 H R S ™ o SO SR 1™ eR B B R4 7] 8, PCNIM J7 v 18
IR IE — AL E AR R B, SRk oK AR Hessian HHEFE R, FL@ 38— IE AT, SRARIIE 52
(RSSO ARG e i, 1% RIS R L2 M R S R, (BB G RIS TR R SIGE . FLIR,
X2 ORI AL 1 & R T RRARTH ESREE, WML EHIFE[1L]. FHIFE[12]. J7 ZE b dhAE
[13].

Konstantin Mishchenko #& T Levenberg-Marquardt 1F 4k BAE$E H 7 IEMI4k Newton J5i%, IFBH &%
WS 45 T BRI A R WSRO BORD = 3 UL S H [ 14] -

22 JULI) = R AP T DARS 2 S ks

Xy = %, —(sz (% )+ H X =% |1 )71Vf (%),

HFH>02—AEHL | ZHAIHERE. Konstantin Mishchenko B y = ,/H ||Vf (%, )|| ~H X - %], BUEH
EWIpSE

X = X, —(vzf(xk)+,/H [V (x| )71Vf (%),

SR IX — J7 iR AT SR LA 2o M 5 2 AR 1 SR A e o O ELSR RS B A s LI ORI S|, LR 7 78
Hessian 5 FEMESR, 7 FH A A7 RS XL

AT IE N Newton J5%, R FIEARIEATLL SR A 12 U4 Newton VA i mdEZe 7 F2 40, #2877
JEREAA = IE N4k Newton 757, @ HUH SLI8 36 UE T 75 0 St FiAs 251k
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2. A= X ENKEFmSZE
2.1. EBHLIE

ARG B 21 W02 (4 A S 2 R RS AR AL DR A% Newton J5 RE 4L IR, 220KE B AL — € BRI it a)
P IEIEAR,  BABETHSE I — N — R L EOR AL . BRI, AR UGS, SRR B0EA
A U S Hessian J 05 H, , R HEH Hessian 560 H, 5 s, H4iaMERE g, BT
THE ARSI AR [15]:

s)=s) 1+ f (Hkskj’l,gk)

I, TR ZE L — E SR AR kA

% J8 B ARG R A0 A TR D DL A AR 5, BT AAS SCILK AR RS 1 A= iy Y 315K
it = U E A ORI AR R R A, DL — P BRI R

N A e AR R SR AR L T R A R T vk

CG (GLHEkE %) HkAAZ O AR B A AOR F IR AU . FERE AP R, B4R — I
77 1] (conjugate direction), %77 [ 5 2 BT 77 & ILHER, SRS AE1ZTT 1A BT AV R DL e P K,
T 5 4 1 LA AR & X

GMRES (Generalized Minimal Residual)/772%: %7771 EAEZ R A Krylov F7 EEPER, %5750
H A FIRIEE R ZE b-Axo AL, Hort xo W IESE IR ) & . GMRES AT — ML BliE, &1E Krylov 1
7 1) e M B ZE T A

2.2. EFAKR

ARSCHE AR B -1k 12 FH 7E Konstantin Mishchenko i H # 1E JU 4k 7 i 7 1) B % AR A -
(sz (xk)+/1kl) s, ==V (X )+6,

Xisr = X + S
3t 4, = JAVE (o 0, e ER = SR T 122
2.3. Bk

7E Konstantin Mishchenko 2% #F 7T 38Rl I, MRIGASCIE H I AERE B AR, AXAE TED
HIZHH RS L.

HYE 1 H DR ERE i = R IE M Atk
1: Input: x,€R*, H>0, >0

2: for k=0,1,--- do

3: /1k=1/HHVf(xk)H

4: s, =inexact_solver((V*f (x,)+41)s=-Vf (x,))

S = (V2 (x )+ A]1)s, =—Vf(x,)
satisfy ||5, | <7 (absolute error) or |5, | < 77||s,||(relative error)

5: X, =X+,

6: End for
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Bk 1 fEsEbriz A, BT RERTANERESE H, XX FESE ORI AMER . BT LR EX
VEBHATE R, [ R RENS HE R )53 S8 H. 523 Konstantin Mishchenko #F 48[ 8 7x, A 30X}
S 1T TR, HE 2 Bk R Ak F A EN S H.

ik 2 H SRR ARR ) = UOE A A B0k

1: Input: x,eR®, H,>0, >0

2: for k=0,1,--- do

3: Initialize H, =H,,/4

4:  repeat

5: H, =2H,,, 4 =/H[vf(x)]

6: s, = inexact_solver((sz (X )+ A1 )s=—Vf (xk))

5, =(V?f(x)+A]1)s, =-VF(x,)
satisfy ||5, | <7 (absolute error) or |5, | < 77||s,||(relative error)

7. until f(x +8)<f(x)
8: X, =X +5S

9: End for

T4 x 7Rt T &8, FreliET Konstantin Mishchenko [IRfF9T, A HEMEE 3, TTLLEE

Rz TS HOH.

B2 3: H BIER A ARRE B = IR A A 0%
1: Input: x,=xeR, 7>0

VE (%)= VF (x,)- V2§ _
nmmRHﬁH(m (%) ZUM&&)
X=X,

N

3: for k=0,1,--- do

IV (%) =V (%)= V2 (%) (% = %)

Ix - Xk—lH2

Hk:mu{Mwﬂ;%, A=AV O]

6: s, = inexact_solver((sz (X )+ A1 )s==Vf (x, ))

5, =(V?f(x)+A]1)s, =-VF(x,)
satisfy ||5, | <7 (absolute error) or |5, | < 77||s,||( relative error)

by

M, =

(&)

T: X =X, +S

8: End for
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3. H{ESCIE

FEARTT 24 SO i B S B0 0 AR SCHE R T v I B T SR I o AR 10 3 AR SR AN IR A 5 22
AN EV AR5 22 LA S AN TR ARG B SR A AR AEBUE SR 30 R AR . A SCHE 4K A mashrooms #i4i5 4 (8124
% x 22 4E).

H ZIRIENAL B2 R )5 -

Y L 1 1 Ly
min—>» | -b log| ———— |—(1-b. )log| 1— +—(X|[",
xeR? n.zl:( ' g(1+ea‘TX] (a-b) g( 1+ea‘TxD 2" ”

A=(a;) e R™ RAHEMFE, b {01} 5 i MEAIIRLE . AR E EMLREL =107 (643 i B2
TS o
ME L HRRTBLE ], ESEGE 1 PSR LI iR 22 T AR i A A R BB SR e a5 RARZE A K. H
FESEVE 2 vhn] DA st 5 BILARAS 08 2 W00 TT DAAE m SR A SEAR WA Ao B, 8 5 JAI ey T o gk i 22
R, SFEOLITREIL B B MERS EEANGE . RS 3 rhaT DU IS [RIRE B2 0 4 X 48 i 1 22 01 w04k
SEMAANK B S AL S0 P A0 LEAS RS B A o

BRI RREETIRE HiE R RBIIRE

102 4 10% 4

10" 4

Loss

100 4

100 4

BERIRRETIRE

FERRRR
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Figure 1. Numerical results for L2 regularized logistic regression problems on the “mushrooms” dataset using exact solution
and three algorithms with absolute truncation errors (4 = 10°, 10, 10°°)
B 1. xt “mashrooms” HiE&EfE FREHRMABRITERNRE (= 10°, 1073, 10 )49 3ANESAM L2 ENKIBLEEYT )20
HIBESER

S 1ML E 2 R RAE B, ARSI 1PN R R R 22 N AR RS A i Se g A R
FZEAK . [FIRERT ARSI 2 o A B AR R AT % 22 FT DAAE AT ISR SEAR A MCBIGE L, e T2 AR X A
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WRZE, Ji AR JE B B R OR B MBS FE B BRI DL . TR REAS [RI R A AR O BT iR Z2AE 5% 3
HIORAL LM AN K, {ELJS 35T RT DR AR X 5% 22 /N W S50 e R

102 A

100 4
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Figure 2. Numerical results for L2 regularized logistic regression problems on the “mushrooms” dataset using exact solution

and three algorithms with relative truncation errors (3 = 10°, 1073, 10°9)

2. X} “mashrooms” #iE £ 15 FIFS AR FI A HEXTEBTIRZ (5 = 10°, 10°%, 10989 3 NEEA L2 IEN{LiB4E[E YT ja) 550
RBESER

L 3, HA RS sR AR N cg GLHEERETE). gmres (Generalized Minimal Residual). 5 1 24ul,

FESE 1 o] — sk I 1% 72 T 08 P AR [R) SR AR 38 1) AR RS i 2 0 (0 U SR 30 45 RAHZE A K. [EIRERT DATE
Bk 2 FUR B cg JiVERE AR T gmres Jrik . FESE 3 A AN IRISR AR A8 75 B IR0 B AR ], HS HATER
SR E | cg KA EFI&EL T gmres Ji k.
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100 4

HE1 T ER gL

BRI ERARER L
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Figure 3. Numerical results for L2 regularized logistic regression problems on the “mushrooms” dataset using exact solution
and two algorithms with absolute truncation errors (3 = 10°°)

3. Xt “mashrooms” BUEE(FREFAMBMALEXTEHENRE () = 10 O/ 2 NESER L2 ENLIBERYIE) VAL R

4. ZRERE

AICHEET Konstantin Mishchenko 273 $2 H H & S AR W7 VA 1 ARSI H & S = R E AL A 073 .
ASCE R ZH H CRINUR ARG DU 1 3 Al AR, R IE e B{E S IR 0 IR 13K L8 SR 0 S PR AL Sl
AR EE T AR BT iR 22 . AR XTI R 72 . SRR AR & LA 0 T SE M SRR Bl .l I iX L
XTEESER AR, AR BINT IR 2 R, 5% 2 2 FERBUA R e MENRE AR, (HEEE 480
VRZE I/ B BURRG FE TT CAAS 25T o AN BT R 22 5 Kt 25 I — Beas AUE I RCR AN I L.
G, AN BHERS R s AR BUE e e RS 1 ERILES AR, (HAERNE 2 5% 3 i — e E R .
AL S5 S NER VR 125 0 I OR R B PR P AT 2% 1 IR IS SO O 4t AE v 4R AR T R BB SR A R
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