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ABSTRACT

The Knapsack Problem, one of the combinatorial optimization problems, has no known method for finding
the optimal solution within polynomial time. Potential applications of solutions to this problem include logistics
and warehouse management, manufacturing and production planning, resource allocation, and scheduling.
Recently, attempts have been made to solve the Knapsack Problem using reinforcement learning. However,
many proposed approaches are dependent on the number of items in the problem, requiring individual model

training for each set of items. This paper proposes a Markov Decision Process and a neural network structure
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that exploits the scale-invariance of the Knapsack Problem and is independent of the number of items. As a

result, the method proposes and tests the performance of an approach applicable to the extended

Multi-dimensional Knapsack Problem, independent of the number of items. The method’s generalization

performance, a key strength, is evaluated to demonstrate its scalability, reusability, and generality.
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