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% End-to-End BEhEEx

Instruction Completed? X X v

o, e, 0202020202 9
10 16

Control Signal

'®

Large Language Model #

Time: 24.650. Frames: 41. End prob: 0.00
Throttle: 0.04. Steer: 0.75. Brake: 0.00
Waypoints: (0.0, 2.9), (0.2, 6.0)
Instruction: Continue in a straight line along your current pat
Notice:

Multi-view RGB & LiDAR

To

Scene Description

DriveVLM

Large Vision Language Model

Scene Analysis

Hierarchical Planning

{ 7\
(E9 <SYSTEM> Describe the
driving conditions.

<DRIVLEVLM>

Weather: cloudy.

Road type: suburban.

Time: Daytime.

Lane condition: right lane
impassable, left lane passable.

Sequence of Images

Critical objects: police car at
[(x1, y1), (x2, ¥2)]......

p
(=8 <SYSTEM> Matched objects:

police car, history trajectory:xxx.
Unmatched objects: ...

Describe the critical objects and their
influence on the ego-vehicle.

(9 <SYSTEM> Ego state and
historical trajectory are [...],
determine meta-actions, decisions,
and plan future waypoints.

<DRIVLEVLM>
Characteristics: Parking on the right
side of the road.

Influence: Blocking the right lane and
indicating a potential for accidents or
other incidents.

Summarized Analysis: ...

<DRIVLEVLM>
Meta-actions: [slow down, shift
slightly to the right, go straight at a
constant speed].

Decision: Slow down and shift
slightly to the right to overtake the
barrier and then go straight at a
constant speed.

Waypoints: [(x1, y1), ..., (xn, yn)]. )

\ J
X.Tian 1, J.Gu 1, B. Li, Y. Liu, et al. Matching Prompting
"DriveVLM: The Convergence of has bean adlusted from 40 ki 1030 kv,

Autonomous Driving and Large when driving through the school zone

Vision-Language Models”, CoRL2024 DriveVLM: Approaching a school zone, D rereenion

M——— 1 &
speed limit is 30 km/h,

2025-05-22

DriveVLM-Dual

Motion Prediction

Traditional Pipeline

Trajectory
Refinement

Trajectory Planning

Hao Shao, et al., “LMDrive: Closed-Loop End-to-End
Driving with Large Language Models”, CVPR2024

Low Frequency

2D

High Frequency
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% Connected Cooperative and automated mobility
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o
« Dayl _
- Cooperative Awareness Message (CAM) Towards Cooperative, Connected and Automated Mobility
« Vehicle status information
- ETSI EN 302 637-2 (2014) Day 1 Day 2 Day 3 Day 4
« Decentralized Environmental Notification Awareness starts Automationstarts = Cooperation starts Future Mobility
Message (DENM)
« Traffic information fz; ' ) ) . 32
« ETSI EN 302 637-3(2014) E | share where | M K share whatTEEE ‘.{Ue sh:?re onur We coordmatc—l-lall E
 Local Dynamic Map (LDM) g andwhatl hear intentions manoeuvres S
+ Realtime database of surrounding environment = -E
o @
ETSI EN 302 895 (2014) % Hybrid connectivity Hybrid Hybrid Hybrid I
« Day? = 4G + ITS-G5 +5G + new technologies J| + new technologies f| ¢
« Collective Perception Message (CPM) = S
« Sensor information sharing 3 g
. ificati = Advanced Driver Some Roads Most Roads =
ETSI TS 103 324 (Specification, 2023) £ _ Fully automated :
« ETSI TR 103 562 (Analysis, 2019) 2 I Assistance Systems human backup NO human backup g
< Q
Q
 Day 3+ 2017 2019 2021 2025 2030 2035 2040 2045
« Future path sharing i Indicative timeline |
« Maneuver Coordination Message (MCM) Source: European Commission, “C-ROADS Platform for C-ITS in

Europe”, C-ROADS PORTUGAL STAKEHOLDER WORKSHOP, 2017

e EN:RUNIZEH (European Norm) RRINEZEOZEAEBICAR SN
ETSIXPIEEE WAVEDAZEE (CHEHL L = B k38 - BRI - TR,

« ETSI TR 103 578 (Analysis, 2024)

o TS :ETSIFEff{tHk (ETSI Technical Specification) ETSIIEES
o N CHEGE S N7 BiTERRE,
SRR o TR EZEERICERAEMES (TR, Technical Report)
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Commsignia YoGoko Coda
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% Autonomous Driving

Level acceleration, Monitoring | Fallback Modes and
steering, brake performance | limitation
Level O @ @ @ n/a to 2000
Human Machine
See Think Control  Sense Compute Actuate levell @ . E] - @ @ Limitation 2000s
@ Level 2 : 5 : @ @ Limitation 2010s

Level 3 ] 5 - : a : @ Limitation Today
Level 4 L Sy L — Limitation

0E 0E J0E By 2025
LeVeIS -III- -III -III- No

¥ 9 B | 9 i : 9 - limitation By 2045

@ Human 40JE system SAE (J3016) Automation Levels
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https://youtu.be/Ozz2QGAE8rQ
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https://tlab-wide.github.io/AutowareV2X/latest/
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Yu Asabe, Ehsan Javanmardi, Jin Nakazato, Manabu Tsukada, Hiroshi
"AutowareV2X: Reliable V2X Communication and Collective
Perception for Autonomous Driving", In: The 2023 IEEE 97th Vehicular
Technology Conference (VTC2023-Spring), Florence, Italy, 2023.

Host: Autoware @

Host: Autoware@ Router: vqn@ Router: v&’h‘@
CPM LDM CPM LDM Localization || 3D map
Detection :
TCP/IP BTP/GN BTP/GN TCP/IP Detection || Planning
Sensin :
& Ethernet DSRC DSRC Ethernet Control Sensing
Ethernetr | < ‘,)) ((‘ ’ > Ethernet
USB, etc. Ethernet Antenna Antenna Ethernet USB, etc.
Sensor CAN Sensor
@ﬁﬁ (( )) @gﬁ
= m Roadside networ (( ) QDD Gateway = m
LiDAR J— LiDAR
& Internet CAN-D
camera - -ous camera
Vehicle
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Planning

.. Scenario
Mission

o Planner Scenario Selector Lane Following

Perception

Obstacle Segmentation Dynamic Objects
Segmentation Detection  Tracking  Prediction

Vehicle Interface

Autoware (pixkit version)

Eile panels Help

Gyten GMove Camera

Cooperative
perception

E Perception
+ [ Ssegmentation
~ [ ObjectRecognition
» [ Detection
» [ Tracking
+ [ Prediction
TrafficLight
» @ OccupancyGrid
& Planning
» [ MissionPlanning
~ & scenarioPlanning
© scenarioTrajectory
~ B LaneDriving
» [@ BehaviorPlanning
» [ MotionPlanning
» B Parking
© ModifiedGoal
+ [ Diagnostic
& control
%: pointCloud2
¥ PointCloud?

2025-09-02

Add

Reset

Iselect

Focus Camera

ESCSESESESESESES

SRS

<

Measure

# 20 Pose Estimate

# 2D Goal Pose
°

© Pedestrian iitial Pose Tool

@ Car initial Pose Tool

9 Bus intial Pose Tool

_2.rviz* - RViz

9 Mission Checkpoint Tool

9 Delete All Objects Tool
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Co3S0P : X7 — 5 v b PHCP : REI5HERH 0 BRI
https://github.com/tlab-wide/Co3SOP
: : . You Share Beliefs, | Adapt: Progressive
Co3SOP: A Collaborative 3D Semantic Occupancy Prediction Heterogeneous Collaborative Perception

Dataset and Benchmark for Autonomous Driving
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End-to-End
PrefDrive : E2E X LLM TI{T8h2#1F

Yun Li, Ehsan Javanmardi, Simon Thompson, Kai Katsumata, Alex Orsholits, Manabu Tsukada, "PrefDrive: Enhancing Autonomous Driving through
Preference-Guided Large Language Models", In: 36th IEEE Intelligent Vehicles Symposium (IV2025), Cluj-Napoca, Romania, 2025.

h ://github.com/LiYun 7/PrefDriv
25
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Collaborative 3D Semantic Occupancy Prediction
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e LIDARR—XD7 /57— 3 7077—X'ft
- #FAXE (Collaborative Perception) ~ M Rt O https://sithub.com/tlab-wide/Co3SOP
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% 1B

" H)SSI) MonoScene OccDepth
FCN DeepLab FCOS  (yangetal) (Caoet al) (Miao et al.)

(Long et al.) (Chen et al.) (Tian et al.) e
YOLO RetinaNet ~BiSeNet i S 1 FB-0CC
R-CNN (Redmon et al.) (Lin etal) (Yuetal.) s_\l()xh FCOS3D BEVFormer WO | BeeaD (Tian et al))
(Girshick et al.) I ] I (Liu etal)) (Wang etal.) (Li etal) " (Tian et al) ]
1 & %

Faster R-CNN PointPillars Voxel R-CNN BEVDepth OpenOccupancy

l
s | 26 lzon rmsl 2019 w0 Lo \zozz ! \ | l

= [mage PointNet
(Ren et al)) 1;"”‘4 ;) ang étal) (Lang et al)) pEvDe (L€l (Wang et al.)
m— iDAR | Qietal) yoyelNet StereoRCNN | AEVDS l PETR OccFormer
— RV SSD (Zhou et al l Winetal) | oo 58 g6 (Liu et al) l (Zhang et al.)
s Occupancy ~ (Liu etal.) CornerNet (Philion et al.) BEVFusion SurroundOcc
(Law et al.) (Liang et al.) (Wei et al.)
Fig. 3 Chronological overview of the image, LiDAR, BEV and P repr i Only rep ive approaches are
demonstrated.

X.Yan et al., “Forging vision foundation models for autonomous driving:
Challenges, methodologies, and opportunities,” arXiv [cs.CV], 15-Jan-2024.
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LMSCNet (l—lDAR/\\\ _X), SSCNet LMSCNet - S_urE)undOcc
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« Co3SOP: HiA®I3DE~> T4 v 7 &

OccFormer Co3SOP (ours) Ground Truth
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ﬁ %/ 4 ‘J D 7L &b D *)J 0\) =R j( %Ejt;-t Method SSCNet LMSCNet OccFormer SurroundOcc Co3SOP-Base
>/ ; al—v g7 — & 17 vy I\ 7& TIEE Modality Lidar Lidar Camera Camera Camera
'f:H: Range | 25.6m 51.2m | 25.6m 51.2m | 25.6m 51.2m | 25.6m 51.2m | 25.6m 51.2m
/\O mloU | 13.21 0.58 2492  20.35 2048 2541 28.71 25.76 | 30.01 27.32
—_— | — Buldings | 1.84 0.17 8.67 3.09 11.63 11.93 10.63 7.57 9.12 8.71
3 . ~ )7 ~
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Stage I: ego fine-tune adapter by self training

Stage lI: ego inference

(@t (Adapt)] 9%

Hao Si, Ehsan Javanmardi, Manabu Tsukada,
"You Share Beliefs, | Adapt: Progressive
Heterogeneous Collaborative

Perception”, In: International Conference on
Computer Vision (ICCV2025), Honolulu,
Hawai'i, 2025.
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TABLE I
COMPARATIVE ANALYSIS OF LANGAUTO BENCHMARKS IN CARLA TOWN 01 AND TOWN 04

Method Composite Penalty Route Layout Traffic Light Route Vehicle
Score (1) Score (1) Completion (1)  Collisions (}) Violations ({) Deviation (]) Blocked ()

Town 01

LMDrive (baseline) 53.00 0.86 59.10 0.73 0.22 1.32 0.11

PrefDrive (ours)

56.12 (15.9%) 0.88 (11.5%)  64.15 (18.5%) 027 (163.5%) 016 ({28.1%)  1.36 (13.0%)  0.00 (}100.0%)
0.61 ([17.0%) 020 (111.9%) 174 131.7%)  0.08 (}25.0%)

NoPrefDPO 5145 (J2.9%) 091 (14.8%)  55.17 (16.7%)
Town 04
LMDrive (baseline) 60.11 0.93 65.25 0.00 0.24 1.86 0.00
PrefDrive (ours) 65.93 (19.7%) 096 (13.2%)  69.93 (172%)  0.00 0.0%)  0.00 (J100.0%)  1.77 (|4.8%) 0.00 (0.0%)
NoPrefDPO 62.27 (13.6%) 0.94 (10.7%) 6835 (14.7%)  0.00 0.0%)  0.05 (|80.1%)  1.77 (|4.6%) 0.00 (0.0%)
Chosen Response Reward Rejected Response Reward ———— Reward Margin
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Fig. 6. Training process of DPO.
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