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Towards Driving Agents: Evolution and Outlook of Cognitive Architectures for

End-to-end Autonomous Driving in the Era of Large Models

LIU Rui-Qi' FANG Ke' WANG Yuan-Da*? WANG Xiao***? SUN Chang-Yin"**

Abstract As a pivotal application of embodied intelligence, autonomous driving is shifting from modular to end-to-
end frameworks. The surge of large models provides a key driving force for its leap from perceptual intelligence to
cognitive intelligence. The paper reviews the evolution of autonomous driving technology, dissects limitations of tra-
ditional modular structure and the rise of end-to-end paradigms, and points out the deficiencies in interpretability
and causal reasoning of supervised learning-based end-to-end models. Then it introduces how large models, espe-
cially multimodal large language models, empower autonomous driving, systematically categorizing contributions of
large language models, vision-language models, and vision-language-action models. It also sorts out the develop-
ment of emerging world models and their capability for environmental reasoning in autonomous driving. Further-
more, it explores changes in training paradigms and validation systems for autonomous driving, analyzing dataset
evolution from geometric perception to cognitive understanding, and evaluation methods from open-loop to closed-
loop verification. Finally, it summarizes the challenges currently facing the technology and envisions future direc-
tions for integrated autonomous driving systems that are data-driven, cognitively enhanced, and based on a virtual-
real closed loop.
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Fig.1  Schematic diagram of three autonomous driving architectures
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