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Abstract

Many machine learning problems, such as adversarial learning, reinforcement learning and image
processing, can be reduced to min-max optimization problem. Therefore, min-max optimization
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has recently become an important research frontier and hot spot in the intersection of optimiza-
tion and machine learning, attracting the attention and research of many scholars. How to effec-
tively solve min-max problem is one of the key scientific problems in optimization field and appli-
cation. Considering that the coefficient of cubic regularization term in min-max cubic regulariza-
tion Newton method is relatively fixed, it will affect the convergence of the algorithm. In this paper, a
class of adaptive min-max cubic regularization Newton method is proposed based on the selection
strategy of the radius of the trust region for the nonconvex-strongly concave minimax optimiza-

tion problem. Then, the iterative complexity of the algorithm is bounded by (’)(T Y 3) . Finally, the

effectiveness of the proposed algorithm is verified by a class of adversarial attack neural network
problems.
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® 3% 1. Adaptive Min-Max Cubic Regularized Newton Method (A-MCN)
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if o >m (BRI then
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else
Oy =720t 1
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B2 vy, =AGD(x_,, Y. K., B) (Accelerated Gradient Descent Algorithm, AGD)
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[xl;xz]eRdX yeR

Hr

L) = 20 (ki 0(:0) b5,
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o
(vi2)=y(1+exp(-y"2)
Ds(z)=1-log(z),
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D, (z)=log(1-2)

YEN L, (R FHIZ AR R R B IX L @ 2 — N B x NS 8, K/NA(28 x 28) x 200 HISREMZ /4% 6
FE— AL x, ABE, K/ R 200 x 20 x 10 [ =2 H 2 M 45 . #h 22  4& T ik 3% sigmoid BR EVE 9o s 50
ik q=1,1=02 1F NE R S %, HiLk GDA ML A-MCN W AGD # % S R & A
{c-107:ce{15},ie{1,2,3,4,5)} ., MTLELMATLILIIMQ(X) &AM, PILELKHHER AGD 5k
sl 7 Q(x) = max f (x,y) B

S B B BESESN MNIST [15]F1 MNIST-M 4B 4£[14]. MNIST £ 45637 60,000 4™ T4k
7~ 10000 /ST R R, Hdh & KT 587 Bg 2 Rt BAL T BHg e, BB
FelHE K/ 28 x 28 83R), HAE N 0 3 1. I HARAERE Y B I Fe 4y 784 (28 x 28)MRHIEI —4E
numpy #(2H. MNIST-M ##z 572 H MNIST 1407 K5 5 BSDS500 ##E 5 o i B AL €4 HUR & 11 o

5.1. SHME AN D

SRR RS ST SR BUE RO B R R, A& I 280k B AL R 3T SR 4
FIFRIBBR, R SH R RREAER . 7E TARSEEr, 3@ % F) A Bl S0 1) )7 208 e R et
ZH. BRI A-MCN 280, n, ULRSR AR = UCE AL A 02 10 LT Lanczos Tk 2 1k 5 25 4 h
B35 A-MCN SR M K, 3 B gy, mp, DR B0 PR 36 A4 S AR 2 15 BT ) A W s v, HL
1>n,>n,>0, Lanczos J7iEAER AP 2 1L 91y Lanmax o
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e=le—4. [HEn,=08, Lanmax XA 5, 7HhZHn MEE A-MCN PERERIF M. 14 1 fis. AR
B B READ I, 7% A-MCN B S E n, = 0.1 1035 2% bR BUE SR T oAb 2 R 0 2k sk 30l , B g,
EHUTE 0.2~0.5 2[R0 SVE I RESZ A K. PR % A-MCN B S50, IS BN 0.1.

Table 1. Analysis of the influence of parameters 7, on the performance of algorithm A-MCN
= 1. S8y WEZE A-MCN MEERZNT 5347

c=le—-4 A-MCN A-MCN A-MCN A-MCN A-MCN

SRk EL n,=0.1 7, =02 7, =03 n, =04 7,=05

IEAIEL PSR- G Tk R Tk R K% R Tk R
10,752 8.1642885 8.294297 8.294297 8.388242 8.388242

B ERAERNRIE S, =01, Lanmax %N 5, 5%y, 6 5Lk A-MCN PERERIF .
UNZE 2 s . AT LAG BIEE R ZIEUE T, 5k A-MCN SRS %, = 0.8 45 2% bR B S T HoAd 15 7
NP B, Hon, BEUE 0.5~0.7 Z (A% EIE M RE RS AN K. IR B VL A-MCN SEEU S, HIH
i8N 0.8.

Table 2. Analysis of the influence of parameters 7, on the performance of algorithm A-MCN
= 2. B n, WEE A-MCN MEEERNT 5347

e=le—4 A-MCN A-MCN A-MCN A-MCN A-MCN

SRR 17, =0.5 1,=0.6 1, =0.7 1,=08 17,=0.9

bES A6 Pk R HUE ik R HUE Pk R HUE Pk R HUE ik R HUE
10,752 8.18876 8.222577 8.222577 8.1642885 8.226245

a2 Hn, =0.4n, =08, 7-HTZ% Lanmax X5 A-MCN PERERISZM, G 3 fir
N, AT LUE BITE R ZRAUP I, % A-MCN JEHUS 5L Lanmax = 5 45 2k B BB 4% T FLARKE T T 45
ReRHUE, FULTER E &S n, =01, =08, S Lanmax SALERCH 5. 7R AT HELIE 2
&, ARSCERIIRESHCN: n,=01n,=08 Lanmax=5.

Table 3. Analysis of the influence of parameters Lanmax on the performance of algorithm A-MCN
= 3. B Lanmax W HEE A-MCN 14 RESZME 7347

c=le-4 A-MCN A-MCN A-MCN A-MCN A-MCN

ZHREL Lanmax =3 Lanmax =4 Lanmax =5 Lanmax =6 Lanmax =7

EARIREL PN PN PN PN PN
10,752 8.62405 8.588853 8.1642885 8.304988 8.588853

5.2. IEXHEER LKL

AR FTF LB A-MCN . BEHLES B L7t T B 515 (SGDA)  [16]H1AR /N i A Bl AL = ¥k 1 Tl A4 4 i 92
(MSCR) [12]7EHAMNASE A HE S : MNIST AT MNIST-M 22 1] (1) [ 3 B 2 > ), J T Se S 8ont 532
A-MCN PEREFZ I S5 v &1, 5% A-MCN F12%(n, =0.1,n, =0.8,Lanmax =5 . FFF 5L A-MCN. Hi%
SGDA 5% MSCR 515 2| (145 2% B BB 5k ARREOIEAT R L, BB SE Ran & 1 A1 2 B B 108
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HEREE MNIST BEHEEE MNIST-M [ HIGEM #2455, K& 2 AEHESE MNIST-M 2I%dE4E MNIST F1H
TGN 2RSSR, TR IR G ) i IE AR BOR Lh i vk A-MCN L SGDA. H.vk MSCR &g,
Toe A ] 138 2 1 2 YT LU 31, 7638 B A [RITH SRS FE IR, B9 A-MCN 78 Tl be s vh 2 33 00 T 5% SGDA
FE%: MSCR.

10.5
10.0 - ’
) S
.
\
)
\

9.5 \
9.0 \

8.5 N

0.'0 0.'2 0t4 0i6 0.'8 1.‘0
number of oracle calls(x 1E+04)
Figure 1. Adaptive learning results from MNIST to MNIST-M
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FRBETE T — RO g S
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UE TAZSERA R AT SCRR[12] 52 H 5% MCN, AR H 572 A-MCN B & R 175 = IRIE
) e 51 ) 22 K

6.2. RE

AT AR KA 7E LA 2 ZAH LUR JLAS 51

1) RN I S s v S SR RSO B2 AR 1 b B o B2 SCHR[L 71 AR AR A
AT BT TAF R A 55 SCRR[L7]7F 2 B DAL, SRANSE AR ST H 1 @ MR OR = T 4k
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