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Special Topics on Optimization Theory and Algorithm

Zeroth-Order Optimization Algorithm for a Class of Non-Convex

Strongly Concave Mini-Max Problems

GAOQO Ruicheng, XIE Tao, LI Jueyou
(School of Mathematical Sciences, Chongqing Normal University, Chongqing 401331, China)
Abstract: A class of mini-max optimization problems is frequently encountered in machine learning. A large number of optimization
algorithms have been designed for mini-max problems based on the gradient and Hessian matrix information of the objective
function. However, in some applications, the gradient and Hessian matrix information are possibly computationally expensive or
difficult to obtain. Therefore, under the framework of mini-max cubic Newton algorithm (MCN), a zeroth-order mini-max cubic
regularized Newton algorithm (ZO-MCN) is proposed for solving the non-convex strongly concave mini-max problem by using
Gaussian smoothing method to approximate the gradient and Hessian matrix based on Stein identity. The convergence and iteration

%2y for achieving

complexity of the proposed algorithm are analyzed. The iteration complexity of the algorithm is the order of O(e™
a second-order stable point, where € is the accuracy. The results of numerical simulations show that: under the same accuracy, the
proposed algorithm is better than the algorithm MCN in CPU running time.

Keywords: non-convex concave mini-max problem; cubic regularized Newton algorithm; zeroth-order algorithm; complexity analysis
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