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Fig. 2 Effects of transaction costs on SGP strategy
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Universal portfolio selection strategy based on sub-gradient projection

LI Bin ZHANG Dt TANG Song-hui

Department of Finance Economics and Management School Wuhan University Wuhan 430072 China

Abstract: Online portfolio selection is important in the field of quantitative investment. Recently the emer—
ging investment opportunities call for portfolio selection strategies that can be efficiently computed. However
online portfolio selection strategies with high performance often require exponential or polynomial computation
which hinders their practical applications. This paper proposes a novel universal portfolio selection strategy:
the “Sub-Gradient Projection” ( SGP) . This paper first applies the SGP idea to portfolio construction and
gains the rebalance rule. lts competitive performance is analyzed theoretically which shows that SGP is a uni—
versal portfolio selection strategy. Moreover SGP strategy needs linear computational time which is quite effi—
cient. Empirically SGP strategy is back-tested using the datasets from US and China. The results show that
SGP strategy can achieve a similar cumulative wealth equivalent to that of the latest strategies with much shor—
ter computational time. The experiments on parameter sensitivity show that SGP is insensitive to its parame—
ters. Moreover it can sustain reasonable transaction costs.

Key words: online portfolio selection; universal portfolio selection; sub-gradient projection; best constant re—

balanced portfolio



