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Portfolio construction method based on deep reinforcement learning
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(1 College of Computer Science and Technology, Donghua University, Shanghai 201620, China;
2 Shanghai Zhaogian Investment Co. LTD., Shanghai 201107, China)

Abstract ; Traditional portfolio construction methods based on data analysis often rely on simple statistical models that are unable to
discover market patterns and can be inefficient when processing large amounts of data. In contrast, deep reinforcement learning
algorithms possess powerful data processing and analysis capabilities, allowing them to extract valuable information from massive
financial data, handle complex and changing market environments, and provide scientific advice for investment decisions by adapting
strategies through self—learning. To address the issue of non—stationary asset price characteristics and interdependence between assets
in the financial market, this paper proposes a parallel feature extraction network, PPFNet, based on the deep deterministic policy
gradient (DDPG) algorithm in deep reinforcement learning as a policy network for constructing investment portfolios. Experimental
results demonstrate that PPFNet outperforms other mainstream portfolio construction methods in terms of profit efficiency and
exhibits excellent stability.
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Fig. 1 Overall architecture of portfolio construction model
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Fig. 3 Architecture of asset dependency information extraction module
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Table 1 Comparison results of performance of different models

Model APV SR CR
UBAH 1.43 0.040 1.09
UCRP 1.23 0.038 0.98
RMR 5.36 0.065 9.74
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PPFNet 80.35 0.101 264.19
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Table 2 Comparison results of ablation experiments

Model APV SR CR
PPFNet-up 66.35 0.072 171.17
PPFNet-down 47.76 0.081 54.93
PPFNet 80.35 0.101 264.19
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