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1. OUR PROBLEM

Overview of the Multi-Period Team Orienteering Problem with Time
Windows (TOPTW), focused on optimizing routes by considering power
generators, time constraints, and team availability.

2.RL

Application of reinforcement learning algorithms to address
combinatorial optimization challenges, emphasizing their adaptability
compared to heuristic methods.

3. HEURISTIC

Development of daily updated solutions incorporating merging
processes to effectively manage multi-period complexities, balancing
practicality with efficiency.

4. RESULTS

Analysis of average outcomes across 256 instances, demonstrating the
advantages of RL over heuristics in computational efficiency and
performance under specific conditions.
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LEARN TO DEVELOP RL ALGORITHMS T0 SOLVE COMBINATORIAL OPTIMIZA-TION
PROBLEMS.

* Understand the drawbacks of RL in comparison to heuristics.

* Explore the advantages of RL over heuristics.
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Heuristic RL Model
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