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Autonomous driving systems... Evaluation Settings (x. = 1):

FUSION: saFety-aware strUctural
Scenario representatION  Policy Mismatch (imperfect demonstration)

 Lacks structural awareness of the world .

» Desires safety & generalizability

Dynamics Mismatch (dense traffic)
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Existing approach along the pipeline... Step I: Causal Ensemble World Model hod | Roward (1)  Cost() Suce. Rate (1) | Reward (1) Cost (1) Suce. Rate (1
Safe BC 106.28+7.49  12.79+0.70 0.47+0.10 81.07+3.80 9.44+0.55 0.1240.06
. s ICIL 122.664+4.85 11.07+1.11 0.764-0.05 88.21+5.30 7.2940.72 0.3240.05
 End-to-end solutions that are scalable~ 4 — — BNN 118.614309 4.46+041 0744011 | 113.354568 19.16£055  0.59+40.06
History Context t-H: t-1 Masking Joint Prediction t GSA 89.94+684  13.18+1.26 0.34+0.08 102.40+6.44 11.8840.98 0.03+0.02
. . o [ [ _ BEAR-Lag | 109.62£391 4464029 0724006 | 11338525  7.864066 032005
- Balance safety and eff|C|ency : R B Policy BCQ-Lag | 111364526 0.89+008  0.79+008 | 122724764 6224076  0.39+008
CPQ 9.01+0.87 1.0540.18 0.0040.00 7.4740.59 0.7140.09 0.00+0.00
Offline . Online Safety-aware Causal Transformer op) - Dl FUSION (Ours) | 139.95+4.24 0.52+0.06 0.90+0.03 117.40+4.30 0.90+0.14 0.82+0.04
. ' 5 , ____fff‘_?_’f_[fﬁ__,_, Envi State FUSION-Short 100.86+3.40  0.77+0.09 0.34+0.07 98.63+236  0.79+0.06 0.34+0.04
Simulator: CARLA, MetaDrive emonstration nvironments @ @ @ @ Transition FUSION w/o CEWM | 94.24+650  0.67+0.11 0.4140.06 81.70+382  0.60-+0.04 0.2440.04
[Dosovitskiy et al., CoRL 17’], [Li et al., TPAMI 22’] = FUSION w/o CBL 104.54+4.04  3.46+0.21 0.584-0.09 90.34+4.28 5.60+0.32 0.08+0.01
Data S R . X FUSION 139.95+4.24  0.5240.06 0.90+0.03 117.40+430  0.90+0.14 0.82+0.04
Dataset: Waymo, Argoverse ata Source easoning <) Reward Expert Policy 313242960 16.02+946  0.81+0.15 | 129.71+2884 17.58+971  0.72£0.20
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