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Abstract

Unconstrained optimization problems play an important role in fields such as engineering, econom-
ics, and computer vision. Their objective functions exhibit highly non-convex characteristics due to
system complexity and environmental uncertainty, rendering traditional algorithms doubly con-
strained in terms of efficiency and accuracy. For non-convex optimization problems that are three
times continuously differentiable with globally Lipschitz continuous third-order derivatives, exist-
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ing methods have significant limitations: first-order algorithms (e.g., SGD) converge slowly, are
prone to getting trapped in saddle points, and hardly achieve global optimization; second-order
methods (e.g., Newton’s method) are restricted by the storage and computational costs of Hessian
matrices, and the requirement for accurate solution further reduces their applicability; third-order
methods such as cubic regularization, although utilizing high-order information, incur high compu-
tational costs and struggle to construct globally smooth third-order approximations of objective
functions in some scenarios. Based on the trust region paradigm and fixed-point iteration, this study
combines the high-order derivative information of objective functions and designs a novel uncon-
strained non-convex optimization algorithm (SSFPI-HOA) by reducing iteration complexity, opti-
mizing subproblem solving, bridging theory and practice, and reducing parameter sensitivity. Nu-
merical experiments show that the SSFPI-HOA algorithm can improve the quality of optimal solu-
tions and computational efficiency for non-convex problems, providing new theoretical and tech-
nical support for the field and facilitating the solution of practical problems in areas such as deep
learning.
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Figure 1. Function plots of Function A and Function B in the case of one dimension
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Table 1. Analysis of results of the SSFPI algorithm under different dimensions and sampling sizes
F= 1. SSFPI BEEREIHEE n 5RAEFNE m MRS

PR 4E]% n KA H m IEARREL IEAT IR (] Yesta
10 2 13 3.25 -0.5926
10 5 14 114 ~1.4815
PR A 20 2 13 8.35 -0.5926
20 5 13 8.49 ~1.4815
20 10 14 8.20 ~2.9630
10 2 29 0.81 -0.4938
10 5 30 0.89 ~1.2346
% B 20 2 29 8.24 -0.4938
20 5 30 8.60 ~1.2346
20 10 31 8.90 ~2.4691
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Figure 2. Comparison of results of different algorithms on the ala dataset
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