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Autonomous driving decision-making model based on

language reasoning and cognitive memory
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(1. School of Computer Science and Technology, Dalian University of Technology, Dalian 116081, China; 2. Department
of Precision Instrument, Tsinghua University, Beijing 100084, China)

Abstract: To address the issues of insufficent safety performance and low learning inefficient in traditional
autonomous driving systems, an autonomous driving safety decision—making model capable of continuous
learning and understanding linguistic information was proposed. Referring to the reasoning decision-making
and experience accumulation processes in human driving, this model leverages a large language model
(LLM) as the decision—making agent, integrating chain—of-thought reasoning, a two-stage attention
mechanism, and cognitive memory storage and retrieval into the contextual safety learning of the driving
process. Meanwhile, a kinematic module is employed to convert LLM decisions into executable driving
commands, enabling the continuous learning of safe driving experiences. Experimental results demonstrate
that the proposed decision-making model significantly improves safety and efficiency compared to rule,
reinforcement learning, and knowledge—based approaches, and possesses the capability of continuous
learning and adapting driving behaviors based on human instructions, providing a reference for human-like

autonomous driving.
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Fig. 2 Architecture of ego—attention head
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Table 3 Decision evaluation index

5758 Jrvk C ¢ ¢ P, P, C,
LRCMM 0 128 264 135 131 13.89
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Fig. 6 Highway decision process
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Fig. 8 Continuous learning result
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Table 4 Ablation experiment

Y% TAM CM C ¢ t P, P, C,
X X 6 695 34.3 4.35 3.94 48.00
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Table 5 Driving behavior with different commands
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