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World models in autonomous driving: A review and outlook

YIN Hongbo, TIAN Daxin

(School of Transportation Science and Engineering, Beihang University, Beijing 100074, China)

Abstract; Towards to general intelligentization of autonomous driving systems, the world models as a cognitive
engine that internally models, infers, and predicts the environment, is becoming a critical technical pathway to
break bottlenecks in traditional perception-decision paradigms and address long-tail scenarios. To synthesize the
research progress and key issues of the world models in autonomous driving, and explore their technical routes for
advancing the implementation of general intelligent driving, the research status and development trends in
autonomous driving are reviewed. Firstly, the basic concept of world models and their core functionalities in
autonomous driving are clarified, mainstream technical architectures are summarized, and the merits and drawbacks
of various paradigms are comparatively analyzed. Secondly, the latest progress of world models in three key
application directions are summarized including of future scene generation and understanding, end-to-end driving
policy learning, and data-driven closed-loop simulation systems, and practical value in enhancing the system’ s
forward-looking capabilities and interaction understanding is revealed. Thirdly, the evaluation metrics of world
models and the application scopes of public datasets are organized, which lays a foundation for the subsequent
analysis of their technical challenges. Overall, despite achieving phased breakthroughs in multi-scale
spatiotemporal representation and complex scene generation, the world models still face the challenges in adhering
to physical laws, safe and credible reasoning, long-term temporal stability, and lightweight deployment.
Accordingly, it is suggested that future research should focus on efficient computing architectures, long-term
generation consistency, uncertainty modeling, and self-supervised representation integrated with physical
knowledge, so as to promote the effective function of world models in various traffic scenarios.
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Fig.1 Framework diagram of autonomous driving world models
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Tab.2 Performance evaluation indexes of world models
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Tab.3 Performance comparisons of world models methods for motion planning tasks evaluated based on the nuScenes datasets

- i ) L2 (1% 2%/ m A/ %
1s 2s 3s Avg. 1s 2s 3s Avg.
ST-p3 (%) 2022 E3FEA 1.33 2.11 2.90 2.11 0.23 0.62 1.27 0.71
UniAD! 2023 [E3REA 0.48 0.96 1.65 1.03 0.05 0.17 0.71 0.31
UniAD + DriveWorld!®) 2024 E3EEA 0.34 0.67 1.07 0.69 0.04 0.12 0.41 0.19
Drive-OccWorld 7! 2025 GEES 0.32 0.75 1.49 0.85 0.05 0.17 0.64 0.29
DriveWM#!] 2023 GEES 0.43 0.77 1.20 0.80 0.10 0.21 0.48 0.26
Epona®7) 2025 EEE 0.61 1.17 1.98 1.25 0.01 0.22 0.85 0.36
FSDrive! 7] 2025 A 0.14 0.25 0.46 0.28 0.03 0.06 0.21 0.10
OccWorld! 7! 2024 Oce 5 H 0.43 1.08 1.99 1.17 0.07 0.38 1.35 0.60
RenderWorld ! 2025 Occ 1 0.35 0.91 1.84 1.03 0.05 0.40 1.39 0.61
OccLLaMA ™) 2024 Oce i 0.37 1.02 2.03 1.14 0.04 0.24 1.20 0.49
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