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A sequential convex approximation algorithm

for portfolio optimization model

LI Weiguo'?,
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LIANG  Xijun’
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2.Liaoning Geology Engineering Vocational College, Dandong 118303, China;
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Abstract: CVaR has drawn extensive attentions as a representative convex optimization portfolio

model in recent years.

To overcome the limits of convex approximations in traditional portfolio

models, a DC programming model for portfolio is proposed. In the proposed programming model, a

DC function is used as a surrogate for the convex approximation function in the CVaR model. All the

constraints are satisfied in the probabilistic sense in the DC programming problem. Moreover, a

sequential convex approximation (SCA) algorithm is designed to solve the DC programming problem.

The SCA algorithm is implemented by employing Monte-Carlo method. Preliminary experimental

results have shown that the objective function values of the DC programming are better than those

with CVaR approximation when the income factors satisfy "high peak and fat tail” distributions.

Key words: portfolio; sequential convex approximation; convex optimization; Monte-Carlo method



