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End-to-end Driving via Conditional Imitation Learning
End to End Learning for Self-Driving Cars

Matthias Miiller'?  Antonio Lépez?  Vladlen Koltun'  Alexey Dosovitskiy'
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world model

predicts possible future world
states caused by imagined
actions proposed by the actor

short-term memory

configurator

keeps track of the current
and predicted world states

intrinsic cost | critic | and associated intrinsic cost
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LeCun, et.al, A Path Towards Autonomous Machine Intelligence, 2022
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The world model module predicts possible future world states as a function of
imagined actions sequences proposed by the actor.

Iy = f(St» It) ——Yann Lecun
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Predict next token Predict next frame

@OpenAI

® GPT-4

Sora: Video generation models as world simulators
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Driving into the Future: Multiview Visual Forecasting and Planning with World
Model for Autonomous Driving (CVPR 2024)
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Time step T (real)

Option 1: Go to the right lan > Imagine with Option 1: Go to the right lan

Reward & Decision/
Opt n 3
. . f t vertake)
> Imagine with Option 2: Go straight Option 2: Go straight (
diverse maneuvers
«At>
Reward & Decision/ Q
___________________ Continue rollout ...
E @ @ E Option 3: Go to the left lane Option 3: Go to the left {ane®
Accepted Opti

Time step T + K (imagination) Time step T + 2K (imagination) 14
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Driving into the Future: Multiview Visual Forecasting and Planning with World

Model for Autonomous Driving (CVPR 2024)
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Driving into the Future: Multiview Visual Forecasting and Planning with World
Model for Autonomous Driving (CVPR 2024)
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Driving into the Future: Multiview Visual Forecasting and Planning with World
Model for Autonomous Driving (CVPR 2024)

1 SERSRE REBISR

Method Multi-view Video | FID] FVDJ]
BEVGen [53] v 25.54
BEVControl [69] v 24.85
MagicDrive [17] v 16.20

Ours v 1299 -
DriveGAN [31] v 734 5023
DriveDreamer [63] v | 526 4520
Ours v v 158 122.7

(a) Generation quality.
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Driving into the Future: Multiview Visual Forecasting and Planning with World
Model for Autonomous Driving (CVPR 2024)
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Steering: 150°
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Driving into the Future: Multiview Visual Forecasting and Planning with World
Model for Autonomous Driving (CVPR 2024)
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Driving into the Future: Multiview Visual Forecasting and Planning with World
Model for Autonomous Driving (CVPR 2024)
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S Map

Object reward

Object

Reward Reward

L2 (m) |
Is 2s 3s Avg.

Collision (%) |

Is 2s 3s Avg.

. v
,,@«ﬂ
S0 o

4 A

0.51 0.97 1.57 1.02
0.45 0.82 1.29 0.85
0.43 0.77 1.20 0.80
0.43 0.77 1.20 0.80

0.34 0.74 1.72 0.93
0.12 0.33 0.72 0.39
0.12 0.21 0.48 0.27
0.10 0.21 0.48 0.26

Map reward

SRGPT4V (183K)

o 7\

Describe the road surface condition first,
please provide potential driving behaviors
and the corresponding rewards.

G J/

/I‘he image depicts an overcast day with wet

road conditions. There are areas of standing
water on the road.

- Avoiding Puddles: Steering around large
puddles. Reward: Positive.

- Driving Through Puddles: If unavoidable,
slowing down before entering the puddle to
reduce the risk. Reward: Positive; However,

if done at high speed, it could lead to loss of

!ont rol. Reward: Negative. /
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Driving into the Future: Multiview Visual Forecasting and Planning with World

Model for Autonomous Driving (CVPR 2024)
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L2 (m) ] Collision (%) |
Is 2s 3s Avg.| 1s 2s 3s Avg.

VAD (GT cmd) 0.41 0.70 1.050.720.07 0.17 0.41 0.22

VAD (random cmd) |0.51 0.97 1.57 1.02 10.34 0.74 1.72 0.93
VAD (sampled cmd) |0.46 0.83 1.31 0.87 |0.23 0.42 0.76 0.47
Ours 0.43 0.77 1.20 0.80 0.10 0.21 0.48 0.26

L2: THEFREIT S ESLHITRIZES: Collision: MG TERIAIEX G

Method
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Driving into the Future: Multiview Visual Forecasting and Planning with World

Model for Autonomous Driving (CVPR 2024)
1 SRR F i iR ES5RaYE) 73
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L2 (m) | Collision (%) |
OOD World Model f.t.
ore viode Is 25 3s Avg.| Is 2s 3s Avg

0.41 0.70 1.05 0.720.07 0.17 0.41 0.22
v 0.73 099 1.33 1.02|1.25 1.62 191 1.59
v v 0.50 0.79 1.17 0.820.72 0.84 1.16 0.91

Mt R E R B D RIRF ST

22




Y =g

iﬁﬂ@\E

BB

23



A= AN E =



