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Abstract

In this paper, we propose a two-step regularized Newton algorithm for solving non-convex uncon-
strained optimization problems within the trust region framework. Under appropriate conditions,
we prove that this method possesses local convergence. Under the condition of a local error bound,
the method exhibits third-order convergence rate. Additionally, numerical experiments are con-
ducted, and the results show that our two-step regularized Newton method outperforms the sin-
gle-step regularized Newton method in terms of fewer iterations and faster convergence speed,
indicating its higher efficiency.
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[3] 7 [0,2.7998] 3.9e-15
[2.3]
Algorithml 5 [0,2.806] 6.64e—20

f12: B REUn T L AR ALAL i

min f (X)=sinx, +cosX, + XX

WG 1E Hik BRI X" BRI HE
[3] 16 [4.712, 6.37e-17] 1.17e-17
(33] Algorithml 6 [9.51, 3.82e-17] 2.11e-17
[3] 15 [4.712, 1.6e-17] 3.12e-21

7.1 Algorithml 9 [4.712, 3.82e-15] 2.39e-21
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UNEE S

113 B REUn T L A AAL ]

Min f (X) =X +X5 + X5 + XX, + XX + XX

HIUEAE Rk BRI X BRI HE
[3] 8 [8.6e-12, 8.6e-12, 8.66-12] 4.47e-20
(] Algorithml 4 [3.76e—18,3.76e—14, 3.76e—14] 8.56-34
[3] 13 [8.95¢-11, 8.95e—11, 8.95¢—11] 4.8e-18
[66.8] Algorithml 9 [4.3e-11, 4.3e-11, 4.3e-11] 1.1e-18

MR FATATCLE R 56 T2l pR i) JE 20 SR AK 190 R i LA A 28D T HAS [

IR, AR P BT 225 TE A 2R 0, TR BRI 2 B0 S T 4T 1Y
5. &

ASCIRAE AR TE 2y AACAL ] R B0 TE A AR 0 AT BSOS 1 AR T e L SR A 1 R 7 2 T )

AR, X7 E ST I L. TR TR B 2 N 2T i 4 RN OF BLAE SR AR 22 A

A

A=EGERE . B HTIE], IZEIEAE RIAFROTEBUFUEN] 70 R SRR Rt . AR

SR AT IEHAT T BUE S, RS AR S D I A AR AT T, BATRE A A
UFROTERT, BE— B RE T ASCRIL A R .
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