()
ﬂ (\) Engineering Management JEMSC.QOM
Online ISSN: 2538-2675
s

and Soft Computing

University of Qom

Portfolio Optimization using Deep Reinforcement Learning
Somayeh Namdari-Birgani®, Amir Hossein Seddighi?**® and Saber Molla-Alizadeh-Zavardehi®

1. Ph.D. Student, Department of management, Masjed Soleyman Branch, Islamic Azad University, Masjed Soleyman, Iran.
Email: Somayehnamdari90@gmail.com

2. Corresponding Author, Assistant Prof., Department of management, Masjed Soleiman Branch, Islamic Azad University,
Masjed Soleiman, Iran; Information Technology Research Department, Iranian Research Institute for Information
Science and Technology (IranDoc), Tehran, Iran. Email: Seddighi@irandoc.ac.ir

3. Assistant Prof., Department of Industrial Engineering, Masjed Soleiman Branch, Islamic Azad University, Masjed
Soleyman, Iran. Email: Saber.alizadeh@gmail.com

Avrticle Info ABSTRACT
Article type: This research aims to train an intelligent trader by using artificial
Research Article intelligence concepts that can help to make optimal decisions for

investing in the stock portfolio. For this purpose, a method based on Q
deep reinforcement learning is presented for portfolio optimization. In
this method, the policy network and the target policy network are used to
learn the actions, and the learning network and the target network are
used to estimate the optimal Q. The data related to the companies
constituting the Dow Jones Industrial Average (DJIA) from March 2008
to October 2021 are used to evaluate the proposed method. Moreover,
the performance of the proposed method is compared with conventional
investment strategies and two deep reinforcement learning algorithms,
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Q Deep Reinforcement Learning,  the highest value, which implies this strategy performs better in
Dow Jones Industrial Average. balancing profit and risk.
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