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Abstract

End-to-end autonomous driving planning reduces reliance on manually designed rules and module
interfaces, enabling models to be jointly optimized toward the final driving task. However, increas-
ingly complex scene representations, auxiliary tasks, and model architectures do not necessarily im-
ply that actual driving capabilities have been adequately validated. Whether scene information can
effectively support planning, how different technical mechanisms generate driving behaviors, and
whether existing evaluation methods can reliably reflect model capability still require systematic in-
vestigation. To address these issues, this paper reviews end-to-end autonomous driving planning
along the main line of “scene representation - planning generation - evaluation and validation”. First,
the task boundaries and classification criteria of end-to-end planning are defined. Major scene rep-
resentations, including bird’s-eye-view representation, occupancy representation, vectorized scene
representation, semantic-enhanced representation, and latent world-state representation, are sum-
marized, with emphasis on how they support planning through spatial relationships, three-dimen-
sional occupancy, road topology, high-level semantics, and future evolution. Second, according to the
dominant mechanisms used to generate and refine planning results, existing methods are categorized
into four groups: imitation learning, multi-task joint learning, generative models, and vision-language-
action models. Their planning basis, generation mechanisms, output forms, and capability bounda-
ries are then compared. Subsequently, open-loop evaluation, closed-loop simulation evaluation, and
language-action consistency evaluation are compared in terms of evaluation objects, major metrics,
and applicable scenarios, and their applicability and limitations in measuring offline planning qual-
ity, continuous driving capability, and semantic-behavior consistency are analyzed. Finally, the com-
mon challenges faced by existing studies are summarized, and future research directions toward
closed-loop trustworthiness and verifiable safety are discussed.
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Figure 1. Overall framework for scene representation, plan generation, and evaluation and verification
in end-to-end autonomous driving planning
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