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Join Order Optimization using query-information-driven

MCTS algorithm in Databases
* M.H.Hasan ** Y.Atassi

Abstract:

Query optimization is a fundamental component of database management
systems, as it is directly related to the efficiency of query execution.
Selecting the join order is a critical factor in database query performance
due to its direct impact on query execution time. The difficulty of this task
lies in the rapid expansion of the search space as the number of tables in a
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query increases, making join order selection a computationally complex

NP-hard problem.

In this study, we propose an approach to improve database performance by
selecting join orders using reinforcement-learning techniques. Our
proposed method is based on the Monte Carlo Tree Search (MCTS)
algorithm. The core idea is to simulate a large number of possible join
orders within a single tree structure and apply MCTS guided by query-
specific information (table size) to select the execution order that achieves
the best possible performance.

We conduct a series of experiments to evaluate the effectiveness of our
approach. The results demonstrate more stable performance and noticeable
improvements across different query sizes, as well as an overall ability to
adapt to data complexity. Specifically, the proposed method achieves a
speedup of 1.14x compared to AlphaJoinl.0 under the WRL metric, while
achieving a speedup of 1.3x compared to AlphaJoinl.0 under the GMRL
metric.

This study contributes to the field by presenting a methodology for join
order selection that does not require extensive domain knowledge in
database management systems. Our work highlights the potential of
integrating machine learning with database management systems to
improve performance.

Keywords: join operation, join order optimization, machine learning,
reinforcement learning, MCTS algorithm.
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Systems — Faculty of Informatics Engineering — Homs University —
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