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01 Motivation
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e 1) Enhanced safety

 2)Improved framework completeness

limited capacity on OOD data



Al Human driver can drive safely
‘© © eveninunseen scenarios.
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Contributions

The E3AD paradigm is
the first to incorporate
human driving
cognition to enhance
end-to-
endautonomous
driving models.

Achieving substantial
improvements in
driving performance
with small
computational cost,
while reaching the
level ofstate-of-the-art
method.

Make novel
contributions to the
field of
embodiedhuman
intelligence
augmentation in Al
algorithm
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02 Cognitive Dataset Collection



Cognitive Data Collection
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Cognitive Data Collection

ha el

1
Enter the main road \ Turn Right
from the serviceroad 1

Participants: 20 drivers (10 expert, 10 novice)
Driving Conditions: 14 varied conditions
Total Driving Time: 400 minutes (20 minutes
per driver)
Model Training Data Duration: ~100 minutes
~50 minutes from expert drivers
~50 minutes from novice drivers
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03 METHOD
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04 Results and Discussion



Open-Loop Evaluation

ST-P3 Metrics UniAD Metrics
Method L2(m) | Collision(%) | L2(m) | Collision(%) | RS
15 25 35 Avg. s 25 3 [ Avg | s 2s 35 Avg s 2s 35 Ave.
ST-P3[9) 133 201 280 211 023 062 127 071 1.6
VAD-Base[ 12] 041 070 105 072 007 017 041 022 - - - - - - - - 4.5
VAD-Tiny|12] 046 076 112 078 021 035 058 038 - - - - - - - - 16.8
UniAD[10] 048 08 165 103 005 017 071 031 1.8
GenAD|31] 028 049 078 052 008 004 034 019 036 083 155 091 006 023 L00 043 67
BEV-Planner| 18] 028 042 068 046 004 037 107 049 - - - - - - - - _
LAW]16] 026 057 101 061 014 021 054 030 - - - - - - - - 19.5
VAD-Tiny|12 046 076 112 078 021 035 058 038 0,81
FFAD{VAD-Tiny) 040 066 098 068 008 033 055 035 B.8F
12
FE*AD(VAD-Base) 0.35 0.62 096 064 006 003 036 0.18*
UniAD[10] 048 096 165 103 005 017
EAD{UniAD) - - - - - - - - 048 096 Le4 103 007 0.10
GenAD(official ckpoint)|31] 046 076 049 0.11 045 026 0.33 081 158 091 006 043
GenAD(Rey ) 046 076 0.49 0.14 (.50 0.30 0.33 079 1.58 090 0,17 049
EXAD(GenAl) 044 074 047 00 021 042 0.24 032 078 152 087 015 035
LAW(16] 0.57 1.01 06l 014 021 .54 0.30
FEXADLAW) 0.28 057 098 061 001 013 042 022 - - - - - -




Closed-Loop Evaluation

Table A.6: Comparison of E3 AD and Baseline Models on Closed-Loop Metrics.

Closed-loop Metrics |

Method Layouts Collision(%) Pedestrians Collision(%) Vehicles Collision(%) Running Red light(%) Stop Infraction(%)  Off-road(%)
VAD-Base 15.46 0.91 30.46 3.64 2.73 23.64
Ours 15.00(}3.1%) 0.91 18.64(]38.8%) 2.27(137.6%) 2.27()16.8%) 22.73(}3.8%)
- i - i Frame 1 Frame 2 Frame 3
Method Open-loop Metric  Closed-loop Metric .
Avg.L2(m) | DSt  SR(%)1
AD-MLP 3.64 18.05 0.00
UniAD-Tiny 0.80 40.73 13.18
UniAD-Base 0.73 45.81 16.36
VAD 0.91 4235 15.00 _
E’AD(UniAD-Base) 0.69 5007 20.12 i PAD | i
E_?AD(VAD) 0.86 47.63 19.54 Frame 1 Frame 2 Frame 3




Ablation Study and Comparison

Table 3: Ablation study on the impact of the Driving-Thinking model on driving models is conducted,
using the E*AD(V AD — Base) as the experimental baseline.

Contrastive Learning Freeze L2(m) ) Collision(%) ).

Expert Novice Video Encoder  1s 2s 3s Avg. s 25 35 Avg.
- - v 039 068 1.02 070 013 021 040 025
v v - 040 064 104 069 015 018 042 025
v - v 033 059 092 061 005 018 040 021
- v v 038 065 099 067 007 018 038 021
v v v 035 062 096 0.64 006 0.3 036 0.18

Table 4: Comparison of different Frameworks, using the E3AD(V AD — Base) as the baseline.

L2(m) | Collision(%)|.
Framework 1s 2s 35 Avg. s 2s 3s  Avg.
Attach to Spatio-temporal features 0.38 0.67 1.02 069 009 0.17 039 022
Interact with the Ego Query 0.37 0.66 1.04 069 006 0.14 041 020
Interact with the Planning Features 0.35 0.62 096 0.64 006 0.13 036 0.18
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