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Fig. 1: Our Survey at a glance. L. Pipeline and methods. We define end-to-end autonomous driving as a learning-based
algorithm framework with raw sensor input and planning/control output. We classify the 250+ papers surveyed into
imitation learning (IL) and reinforcement learning (RL). II. Benchmarking. We group popular benchmarks into closed-
loop and open-loop evaluation, respectively. We cover various aspects of closed-loop simulation and the limitations of
open-loop evaluation for this problem. III. Challenges. This is the main section of our work. We list key challenges from a
wide range of topics and extensively analyze why these concerns are crucial. We also comment on promising resolutions
to these challenges. I'V. Future trends. We discuss how end-to-end autonomous driving could benefit from the aid of the
rapid development of foundation models, visual pre-training, etc. Some photos by courtesy of online resources.
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Fig. 2: Roadmap of End-to-end Autonomous Driving. We present the key milestones chronologically, grouping similar
works under the same theme. The representative or first work is shown in bold with an illustration, while the date of
the rest of the literature in the same theme may vary. We also display the score for each year’s top entry in the CARLA
leaderboard [13] (DS, ranging from 0 to 100) and the recent nuPlan challenge [14] (Score ranging from 0 to 1).
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Figure 2. Pipeline of Unified Autonomous Driving (UniAD). It is exquisitely devised following planning-oriented philosophy. Instead of
a simple stack of tasks, we investigate the effect of each module in perception and prediction, leveraging the benefits of joint optimization
from preceding nodes to final planning in the driving scene. All perception and prediction modules are designed in a transformer decoder
structure, with task queries as interfaces connecting each node. A simple attention-based planner is in the end to predict future waypoints
of the ego-vehicle considering the knowledge extracted from preceding nodes. The map over occupancy is for visual purpose only.
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