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Abstract: The rapid urbanization process has significantly exacerbated traffic congestion in metropolitan areas, creating an
urgent need for intelligent traffic management solutions. In this context, DRL (Deep Reinforcement Learning) has emerged as
a prominent research focus due to its superior dynamic adaptability in complex traffic environments. However, existing
approaches face critical limitations: single-agent DRL models lack coordination capabilities among intersections, while multi-
agent systems often suffer from high computational complexity and poor scalability. To address these challenges, this paper
proposes a novel DRI -based traffic signal control framework that integrates congestion attribution analysis with optimization
strategies. First, the Shapley value from cooperative game theory is applied to analyze congestion attribution. Considering

intersection signal strategies as game players and road network congestion as the cooperative result, it quantifies each
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intersection’s contribution to congestion. Secondly, it proposes a Shapley value-based attribution-assisted DRI optimization

framework. During multi-agent synchronous decision-making, it jointly trains only the Top-/ high-contribution intersection

agents, approaching full network joint - training performance. To address synchronous decision - making's stability issue, it

develops an attribution-assisted sequential decision-making approach, where decision-order selection is based on Shapley value-

based attribution analysis results. Experimental results verify the effectiveness of Shapley value-based congestion attribution.

Compared with baseline methods, the proposed framework improves the training efficiency and the overall traffic efficiency.

Keywords: intelligent traffic signal control, credit assignment, Shapley value, Deep Reinforcement Learning, congestion
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