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What’s Mobileye

- Tier1

- ZEBA+EE

- EEMADAS

- MEERTE.REES

- EBFEERE. BERME", MERI=E L

OpenﬂriveLab



What’s Mobileye - From “B #lI3 & 2" Perspective
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https://docs.google.com/file/d/1f2fUtoBCx_hhbsLIarICOTEvWeXNtaxi/preview

https://www.mobileye.com/ces-2024/

Mobileye Bi R %

Mobileye’s Product Vision:
> Eyes-off 2 No-driver

SuperVision™ Chauffeur™ Drive™

NO DRIVER IN THE CAR

‘\{t»_’/ “ 4
s ! A

* Basic safety features covered by * “Vision Zero” - comprehensive safety * Giving back time to the driver * Enables Driverless business models
front sector sensing covered by full-surround sensing for optimal utilization of the vehicle as
aresource
* Enhanced by cloud-enabled * Hands Off, point-to-point navigation * REM™-enabled scalability with * Geo-fenced
features gradual ODD expansion

Openﬂ riveLab


https://www.mobileye.com/ces-2024/

Mobileye Bt R g2k

About

Sensors

Unique
Mobileye Tech

Features

Video

https://www.mobileye.com/ces-2024/

)

Mobileye )
Chauffeur™ Mobileye
Drive™

No driver

Mobileye Drive™
Unique Mobileye Tech

Moblieye SoC: .72}, Responsibility-Sensitive Safety™ (RSS)
Mobileye's ECU Based on 4 x EyeQ™ 6H *J* Anopen source, comprehensive, and
verifiable mathematical approach to

@ Camera-Based Technology balance safety and efficient driving

.. Mobileye's proprietary computer vision
technologies . True Redundancy™
' Mobileye's sensor fusion architecture
based on two distinct independent

S¥e Road Experience Management™ (REM)
systems: a camera system, and a radar-

Mobileye’s crowdsourced AV mapping
technology lidar system



https://www.mobileye.com/ces-2024/

https://www.mobileye.com/ces-2024/

Mobileye Bt AR £k - Pipeline

Key Technology Enablers

Computer Vision REM" Mapping RSS Based Driving Pdicf

MTBF:
Mean time
between failures

T4 BYE]
K 8T Focus for this talk:

(FOMX AR X) =

How to reach sufficient MTBF for an How to reach scale while empowering the
Eyes-off system? OEM to own the driving experience?

OpenﬂriveLab
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Mobileye HiARERL: - ATFPinEI G

The End-to-End Approach in Autonomous Driving

Two types of end-to-end implementation:

OUTPUT

Monolithic: ] e S— Driving Poli » ﬁ-
= kg Full end-to-end: . oo EY -" ) —
STEHY. it I el LW - ‘,‘!?i!

G—H

integrated One monolithic DNN

(no “glue code”)

OUTPUT

0

End-to-end sensing: iy = A ’\s\ PP Driving Policy .u

Separate stack

One monolithic DNN
(no “glue code”)

OpenﬂrivsLab
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Mobileye - End-to-end Perception Done Right

End-to-End Perception Done Right

An en d_to_ en d Multi-camera: the information from all the cameras

perception system should be combined together

must tackle 5 “multi”
p rob | ems: Multi-frame: information from different time stamp

Multi-objects: the system must handle all objects
in the scene with spatiotemporal consistency

Muilti-scale: handling different areas of the image with
different resolutions

Multi-lanes (predictions, intentions): lane assignment of
objects to predict possible future behaviors, set priorities, etc.

OpenﬂrivsLab
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Mobileye - End-to-end Perception Done Right

End-to-End Perception Done Right

For example:

Mobileye's TopView Net Ml camet=

End-to-end BEV network that utilizes only parking cameras

Multi-frame

Multi-objects

Integrated into SV52 as a redundant subsystem and also functions as the
surround sensing backbone of our >R+ hands-off for highways

OpenﬂriveLab



Mobileye - End-to-end Perception Done Right - Multi-scale

AN

Transformer

BRR

End-to-End Perception Done Right

But is that enough?

Canonical BEV networks do not address the multi-scale aspect

Why?
In order to be useful, a detection range of ~200m in 360° is required
This translates to unwieldy compute and memory requirements.

This problem is acknowledged in the academic literature, and as mitigation a list of papers
use priors for sparse processing to work in multiple resolutions (e.g., BEVFormer, DeTR3D)

The question becomes what is the optimal way to obtain accurate priors?

i

&
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Mobileye - End-to-end Perception Done Right - Multi-lanes

End-to-End Perception Done Right

But this is not the only problem: g i

Need to solve also “multi-lane”

The optimal solution — Use a map! Multi-frame

REM-based attention layer

1\;\ i / T, Multi-objects
\ \ y %
'// s
' ‘ : \ “}‘/4;, 7 4 B> The ultimate prior
&
& @,

o“%‘ ( Multi-scale
W

g Lane assignment

o

/@,é//\\\

Multi-lanes

OpenﬂriveLab



Mobileye - 8%k / HEREHIA A

- TopoNet: hitps://arxiv.org/abs/2304.05277
- From landline detection to topology reasoning

|——— 1. Feature encoding ——————— 2. Deformable decoder ———— 3. Scene Graph Neural Network ————— 4. Prediction heads —

ey e
g2| O |
o S = Embedding Y
. Multl-Vlew o o] Network

Vision-only Input g8

KV |8 g v

) N eE R

= — () ol

View
Transform \>(

s ‘—EH o

\ ;
[ JIomIaN Auo)) ydein

i-1 i
& |8 | ¢ o
KV = a 1
rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr Fggy g8
Traffic Element Query U @
; (=T
Centerline Query i1 é @ D
B B T
3 Adjacency Matri ;
3. ] Transformer decoder layer XN
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https://arxiv.org/abs/2304.05277

Mobileye - Redundancy

Redundancy Is Key to Robustness

4 “axes” of redundancy in Mobileye’s sensing architecture:

SENSORS
‘ﬁ i ' Radar/ Lidar

CV ALGORITHMS P ————

Appearance-based !l I . —- Geometry-based
L " 3 :

SENSING ALGORITHMS
(CV+RIL)

Learning Model-based

SENSING ARCHITECTURE =
Decomposable . . e . ¥ End-to-end

Openﬂ riveLab



Mobileye - Redundancy

Redundancy Is Key to Robustness

Why multiple approaches for sensing are required?

For example:

Decomposable

SYNERGIES

Model-based sensing excels at
solving edge cases for safety

End-to-end

End-to-end sensing excels at common
driving scenarios; best for comfort
applications

Openﬂ riveLab



Mobileye - How to scale while empowering OEM to own driving?

Key for Designing a Good Solution

Separating universal from the unique

Intimate relationship
Sensing -«

Driving policy needs to be tailored to sensing

since sensing is never perfect /

Universal

Openﬂ riveLab



Mobileye - How to scale while empowering OEM to own driving?

Key for Designing a Good Solution

Separating universal from the unique

Universal (OEM-agnostic) Unique (OEM-specific)

Facts Discrete driving decisions
*  Perception of the surroundings (objects, road users, etc.) Lane changes, overtakes, yield or take-way, negotiation, etc.
Semi-facts (predicting the future) Continuous longitudinal planning
Intentions of road users Acceleration and braking profiles/ jerk limiters
Uncertainties Margins (keeping distance, headway, etc.)
Lack of visibility, occlusions, error bars, etc. Lateral planning
Optimization Lateral acceleration and velocity
Efficient data structures (e.g., “find all lanes at distance dfrom a Offset parameters per road user
Query point’) Control

Optimization engines (e.g,, “given desired offset per each road HMI

user, and lateral limiters, optimize a trajectory”)

OpenﬂrivsLab



Mobileye - How to scale while empowering OEM to own driving?

Breaking Down Driving Policy into Universal and Unique

The driving policy sequence:

Universal

For example:
Approaching a
stop sign

Approachinga
roundabout

OpenﬂrivsLab
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Vehicle Dynamics & Control - 03
- Review: Kinematics of a rigid...

Prof. Georg Schildbach, University of...
13K views - 3 years ago

e Creditfrom
e Vehicle Dynamics & Control - 05
https://www.youtube.com/watch?v=CgOL H s P e e Kinematic bicycle model
ZYX P4 and And reas Geiger s Prof. Georg Schildbach, University of...

37K views - 3 years ago

e Knowledge of vehicle dynamics enables ' " Vehicle Dynamics & Control - 04
accurate vehicle control Qi /\ckemann steering geometiy

Prof. Georg Schildbach, University of...
15K views * 3 years ago

Vehicle Dynamics & Control - 07
Tires: Terminology and basics

Prof. Georg Schildbach, University of...
16K views -« 3 years ago

Vehicle Dynamics & Control - 09
Dynamic bicycle model with...

Prof. Georg Schildbach, University of...
26K views * 3 years ago

OpenﬂriveLab


https://www.youtube.com/watch?v=Cg0L_HZYxP4
https://www.youtube.com/watch?v=Cg0L_HZYxP4

BN N - Kinematics@ns vs Kinetics ez, rme

Kinematics:

» Greek origin: “motion’, “moving”

» Describes motion of points and bodies AT v+ dvadv
» Considers position, velocity, acceleration, .. p /
r
» Examples: Celestial bodies, particle £ —, ':"dr
systems, robotic arm, human skeleton rl/e+dr t
Kinetics:

» Describes causes of motion
» Effects of forces/moments

» Newton's laws, e.qg., F' = ma

OpenﬂriveLab




ZEEN N - Coordinate Systems

Horizonia/ Flane
Horizontal Frame

-
-
-----
-
-
-----
-

Vehicle
X Reference
Point

Inertial Frame

» Inertial Frame: Fixed to earth with vertical Z-axis and X /Y horizontal plane

» Vehicle Frame: Attached to vehicle at fixed reference point; x,, points towards
the front, y, to the side and z, to the top of the vehicle (ISO 8855)

» Horizontal Frame: Origin at vehicle reference point (like vehicle frame) but z-
and y-axes are projections of x,- and y,-axes onto the X /Y horizontal plane

OpenﬂriveLab




MR N - Kinematics of a Point

The position rp(t) € R3 of point P at time ¢ € R is given by 3 coordinates.
Velocity and acceleration are the first and second derivatives of the position rp(t).

Trajectory of point P

OpenﬂriveLab
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=D 2 - Kinematics of a Rigid Body

Arigid body refers to a collection of infinitely many infinitesimally small mass points
which are rigidly connected, i.e., their relative position remains unchanged over time.
It's motion can be compactly described by the motion of an (arbitrary) reference point
C of the body plus the relative motion of all other points P with respect to C'.

(. Reference point fixed to rigid body
P: Arbitrary point on rigid body
w: Angular velocity of rigid body

Velocity: vp = vo +w X rop

=
2
=
» Position:rp =rc +rop
4
» Due to rigidity, points P can only rotate wrt.
>

Thus a rigid body has 6 DoF (3 pos., 3 rot.)

OpenﬂriveLab



Rigid body motion:

Different points on the rigid body move along
different circular trajectories

ZEEN N5 - Kinematic Bicycle Model (1/n)

Rotation Center

OpenﬂriveLab




ZEEN N5 - Kinematic Bicycle Model (1/n)

% 4

» The kinematic bicycle model approximates the 4 wheels with 2 imaginary wheels

OpenﬂriveLab



MR N - Kinematic Bicycle Model (1/n)

Rotation

Assumptions:
Center P

- Planar motion (no roll, no pitch)
- Low speed => No wheel slip
(wheel orientation = wheel velocity)

Turning

Radius Front Wheel

Veloclty Efait

Steering

Back Wheel
Velocity

-
-
-

vy

B 2 Center of Heading
Gravity ~ Angle

Wheelbase L =/{, +{; CourseAngle ¢+

» The kinematic bicycle model approximates the 4 wheels with 2 imaginary wheels

OpenﬂriveLab




MR N - Kinematic Bicycle Model (1/n)

Model

Rotation Center

Motion Equations

X =wvcos(¢+ B)

Y = vsin(¢ + 5)

. wvcos(B)
Y = i+l (tan(df) — tan(é,))

5 5 — tan-! (s tan(d,) + £, tan(dy)

(proof as exercise)

OpenﬂriveLab
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=iz 15 - Dynamics of a Rigid Body

Translatory Motion of a Point:
» Consider point P with mass m in R3
» Letrp(t) € R? be its position in an inertial reference frame
» Let vp(t) denote its velocity and ap(t) its acceleration
» The linear momentum of P is defined as pp(t) = mvp(t)
» By Newton's second law we have

d
app(t) maP(t = net Zb

where F, (1) represent all forces acting on the point mass P

OpenﬂriveLab
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=R 15 - Dynamic Bicycle Model (1/2)

Assumptions:
» The vehicle's motion is restricted to the X/Y plane
» The vehicle is considered as a rigid body
» Only lateral tire forces, generated by a linear tire model
» Small steeringangled: sind~d§ tand~d cosd=~1
» Constant longitudinal velocity v,

OpenﬂriveLab



=R 5 - Dynamic Bicycle Model (2/2)

State Space Representation:

: _erter erlir—cfly cf
Uy MUz 0 mug T Uy m
bie—l7ef i _ Geptlier i By

I vz I, vg I, F

N——— ~—~
State Input

Can be augmented by the global position to a nonlinear state space model

OpenﬂriveLab
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EREN EE - Summary

e A vehicle can be modeled as arigid body

e |tissubject to holonomic and non-holonomic constraints

e The bicycle model approximates the vehicle using 2 wheels

e The kinematic bicycle model assumes no wheel slip (low speeds) &% #&#
e However, modeling tires requires to consider slip

e Sliding friction ;&znE2 is smaller than static friction

e We want to operate in the static friction area of the force curve

e Thecircle of forces tells us that lat. and long. forces are dependent

e The dynamic bicycle model takes into account tire forces and wheel slip

OpenﬂriveLab



Vehicle Dynamics meets Vehicle Control (1/3)
Approaches to Self-Driving

Sensory Input Steer
Modular Pipeline ﬂ J
Low-level Scene Path Vehicle
Perception Parsing Planning Control . :
Gas Brake
Sensory Input Steer

Direct Perception

\_
Neural Intermediate
Network Representations

Gas Brake

Vehicle
Control

» Self-driving cars and driver assistance systems require vehicle control

OpenﬂriveLab




Vehicle Dynamics meets Vehicle Control (2/3) - open loop

I
Disturbance
2(t)
Correcting Controlled
Variable Variable
Reference r(t) u(t) y(t)
| —_— —
Variable > Process

» Requires precise knowledge of the plant and the influence factors
» No feedback about the controlled variable

» Cannot handle unknown disturbances, resulting in drift

OpenﬂriveLab



Vehicle Dynamics meets Vehicle Control (3/3) - closed loop
|

Disturbance

z(t)l

Correcting Controlled

4 Variable Variable
r(t) u(t) y(t)

Reference >0 > PrOCeSS >

Variable

Measurement

v(t)T

Measurement Noise

» Exploit feedback loop to minimize error between reference and measurement

Open.@ riveLab
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Datasets / Benchmarks / Ecosystem

Dr. Hongyang Li

Shanghai Al Lab and OpenDrivelab
Mar 13 2024



Openﬂ riveLab

b N TR ORE R K %
An cllge

BB AR R

4 Datasets/Benchmarks/Ecosystem



#BEm

A ENEEHRERRATRES AR

FE—RBUIEENERES E XEENEIE. HIEEMERTER/D, B
REBBTFRAEZES, LAHT 2012 FHKITTI AKE,

MEETFE—RBIER, E-AHEERNFTEARBRESEZERS.
HIEENESLSHMRES. MTETSMNEMY REITWN, St L
2019 E R 12 H A nuScenes. Waymo AR,
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#BEm

Task Category Sensor Type Data Scale

O Perception Camera %—) Can-bus
O Prediction/Planning @ |igar @ Map m
Hybrid
0 E”) Radar Language @
Impact A

High O

wa | i:j ______________________________________________________________________________________________

L .
ow Time

> 1st Generation )

I T T T T
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Dataset ' & [ 1} 2 g 1
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Sensor Type Data Scale

Task Category

O Perception

Camera %-) Can-bus

©

@ Map

Lidar

O Prediction/Planning

Language

Eﬂ) Radar

0 Hybrid

#BEm
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Time

2020
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2012
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Mid

Low
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S b

B &1 I3 %0128 (Perception) E S BIRZHES = HEWAIEN, 1B
R, AIATOR R AT . #4& 42 (Occupancy Detection) IR A

BRAESABESEIZEORBAROFER, FBEMHRLUREE
KB LA ERMA
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S b

RENKHIREE (815)

Dataset Year i i Annotation Impact
Scenes l Hours | Region Camera LiDAR Other

KITTI (23] 2012 50 \ 6 EU Front-view v GPS & IMU 2D BBox &3D BBox High

Cityscapes (10] 2016 - - EU Front-view X 2D Seg Mid

Lost and Found ['?] 2016 112 = = Front-view X 2D Seg

Mapillary te 2016 - - Global Street-view X 2D Seg Mid

DDD17 [39] 2017 36 12 EU Front-view X GPS & CAN-bus & Event Camera =

Apolloscape 14 2016 103 2.5 AS Front-view X GPS & IMU 3D BBox & 2D Seg Mid

BDD-X (7 2018 6984 77 NA Front-view X Language

HDD [3%] 2018 - 104 NA Front-view v GPS & IMU & CAN-bus 2D BBox Mid

IDD 139 2018 182 - AS Front-view X 2D Seg

SemanticKITTI 24 2019 50 6 EU X v/ 3D Seg

Woodscape [29 2019 2 = Global 360° v GPS & IMU & CAN-bus 3D BBox & 2D Seg Mid

DrivingStereo (25] 2019 42 - AS Front-view v -

Brno-Urban 4 2019 67 10 EU Front-view v GPS & IMU & Infrared Camera -

A*3D [41 2019 - 55 AS Front-view 4 3D BBox Mid

Talk2Car [4?) 2019 850 283.3 NA Front-view v Language & 3D BBox

Talk2Nav (2] 2019 | 10714 = Sim 360° X Language

OpenﬂriveLab




EIESETE
5 & ABIB RN

Data Diversity Sensor
Dataset Year Annotation Impact
Scenes | Hours I Region Camera LiDAR Other
nuScenes %] 2019 | 1000 5.5 AS & NA 360° v GPS & CAN-bus & Radar & HDMap | 3D BBox & 3D Seg High
Argoverse V1 [19 2019 324k 320 NA 360° 7 HDMap 3D BBox & 3D Seg High
Waymo [ 2019 1000 \ 6.4 NA 360° i 2D BBox & 3D BBox High
KITTI-360 [26] 2020 366 2.5 EU 360° v 3D BBox& 3D Seg Mid
ONCE (%9 2021 - 144 AS 360° v 3D BBox Mid
nuPlan (%] 2021 - ‘ 120 AS & NA 360° v 3D BBox High
Argoverse V2 [19] 2022 1000 4 NA 360° v HDMap 3D BBox Mid
DriveLM [©2] 2023 1000 5.5 AS & NA 360° by Language Mid

OpenﬂriveLab




S b

I N REHLT BRE S LI F R B BRI :

o KITTIZEEEREHFTHAT ASHEIIEREE, HFENXTEEMIT. B
Friem . BARIRIEE 10 MES S HEMMIEN TR

e Waymo, nuScenes, Argoverse F#EE & LB % T IMIFEA, FHH1i7
=SMEREMEE, ZIFHEBERA. TN & RRAKE LS NMERES

e Hm, nuScenes MIEEXLEE T SfRMEEE, ML=~ ETR
AL RRER A
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B EXMEE

B ERZEESEX THSYAMRIMER, ATIHESHELXF
SRR AL,

SR PHRBETRBRANN L EXBEITRINEES ., AREERMIR
7, EEIER BT, RIBAREE F SR RITIRSHE X TRIRF
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B EXMEE

— " Data Diversity Sensor Annotation
Scenes Frames Camera LiDAR Type Space | Inst. | Track.
Caltech Lanes [™ 2008 4 1224/1224 X PV v X
VeG4 2017 - 20K /20K X PV X -
TUsimple [7°] 2017 | 6.4K | 6.4K/128K X PV v X
CULane [7°] 2018 = 133K /133K X PV v =
ApolloScape [14] 2018 235 115K /115K s PV X X
LLAMAS [ 2019 14 79K/100K | Front-view Image X Laneline PV v X
3D Synthetic (7] 2020 = 10K /10K X PV v =
CurveLanes ! 2020 2 150K /150K X PV v =
VIL-100 (80 2021 100 10K/10K X PV v X
OpenLane-V1 B! 2022 1K 200K /200K X 3D v v
ONCE-3DLane 521 | 2022 = 211K /211K X 3D v =
OpenLane-V2 831 | 2023 | 2K 79K/72K | Multi-view Image X LaneiConterline. | ap & v
Lane Segment

Open.ﬂriveLab
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EBG AR Rk

_________

2D Lane
Detection
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3D Lane » Scene

Detection Understanding

N
.
V-

2D Lane

_—
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~>]

7/
[
r

OpenﬂriveLab



B E R B RER
I
B ERETHIA Kl & R AR 4R

P
P <
P <
. ~ A
. . / K
. < . 5
e Ss 2 So
~ P y o >
~ < ~ - -
~ g ~ -
~ e ~ s
~ 4 ~ -
~ 4 ~ -
~ i ~ -
N7 N7

Detection Understandin -
g HD Map Driving

N
.
-

2D Lane

//
j—

e

[
~F

‘ERM, BibE BREMNEZRAR !

OpenﬂriveLab



-5 50 3 28 B4 S

RGRRBIEAHER AR B G R HIEESERFTS AT RLEENFES, BIAH
LS AR A . ERRLR A 5 ZEWER A .
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-5 50 3 28 B4 S

RGRRBIEAHER AR B G R HIEESERFTS AT RLEENFES, BIAH
LS AR A . ERRLR A 5 ZEWER A .
o ML H: IRiESFHhEIR M AR S E R H MR Z R W R DRt AY SR E
TERE , AT LUEATR@E RTINS AR, ML ME R B2 S B91THES
%, BE LR/MEITIERAZ SR ITET B 9 B #r.
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T 5 AR 28 B 3w R

RGRRBIEAHER AR B G R HIEESERFTS AT RLEENFES, BIAH
LS AR A . ERRLR A 5 ZEWER A .

o RRMIEA: RiF S F b EIR M MFHFSERAHBFENFE RS R O RESFE
WAERE  AILETIORRTUNARR MK, MR ML = BI2E R B91TI0ES
%, BE LR/MEITIERAZ SR ITET B 9 B #r.

o EREH: USRS SHNERENASE, RIEEHMEN. BAFL. EXKSE
RFE AR ATIR AR B EMHER/IEEME RIS BRAER, FUNE EFERRER
WESENELET ja*ﬂiiijli}liu,i&ﬁﬁ%ﬂillﬁjzré~F§&~§T£ TR B EEEIM

U8
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T 5 AR 28 B 3w R

RGRRBIEAHER AR B G R HIEESERFTS AT RLEENFES, BIAH
LS AR A . ERRLR A 5 ZEWER A .

o ML H: IRiESFHhEIR M AR S E R H MR Z R W R DRt AY SR E
BRTERE , AT LUEAT RGBT S K], ML ME R B2 S B91TRES
%, BE LR/MEITIERAZ SR ITET B 9 B #r.

o EREH: USRS SHNERENASE, RIEEHMEN. BAFL. EXKSE
RF R AR B ERHER/NMER M ERIDRBREAMER, FUNE B EHR LR
RN B RTAMSEINGE, ZMAMEHR S, S, FETRNBE LI

gllﬁo
o MBI LA EWTHNFEMNEN HFEER, FKREURINZE 0 RLRFOEE [ P %F B2 A48

VTS FZEBRITIE, ARESERLER, Us/MENRMBIRTR TIREZEMT AL
BERITRIE,

Open.ﬂriveLab
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Subtask Input Output Evaluation Dataset Reference
Spatiotemporal Argoverse [1°! e, B,
Motion Surrounding Traffic Trajectories of _ nuScenes [/ [138], [139], [140]
Prediction = States Single/Multiple Difplacere Waymo [ [141] [142] [143]
: Error ’ ’
Vehicle(s) Interaction 1144 [145], [146]’ [147]
MONA [148]
[18] [149] [150] [151]
Motion States for Ego B o nuPlan ’ ’
isplacement Error, & B4 &
Trajectory  Vehicles, Scenario Trajectories for - ] CARLA B9 ol ifeel R
. . . Safety, Compliance, - } ) }
Planning Cognition and Ego Vehicles i MetaDrive [155] [156] [157] [158]
Prediction Apollo [159] [160], [161]’ [162]
OpenStreetMap [263] [164], [165], frog]
Transportation Networks [167] [1e8] {res] f{r7e]
Path Maps for Road Routes Connecting Efficiency, Energy s ) [172] [173] [174]
Planning Network to Nodes and Links  Conservation ’ .
PeMS [175] [176] [(177] [178]
New York City Taxi Data 178 [1801, [181], EL

Open.ﬂriveLab




-5 50 3 28 B4 S

AHEAE S5 BOVEA 75 BT LAKI 53 A FFERVE AR ER 47 -

o FFIMEHZiEUHIERATIRENERBERNSMITEERER (A, L%, 5%
F)ERWA, FIREUE MR R BT &,

o MG BIEILFTMEMERBEBEDNTSHRPHEITRIE, HE MR BE EHIT
179, REEWMSREEETABMERERARN,
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BRFEAR AR

o KEHE, FRETIISEENBFEEFTEMSBEELER
MRBAREES], MEREHEEM R, EEHTREXIX %
=R IERIER

Open.ﬂriveLab



BRFEAR AR

o KEHE, FRETIISEENBFEEFTEMSBEELER
MRBERZ Y], MERTHEENE, BT exhxtihsk
WG HIETRRZER

o XTETFHMAEIR, BT AT TSN K FEERIMEHFTF S
ARGITEEIE R, 12T ZRENFEN, FEHLUBEZFRAR
M, AARSHESERRGEXERIA T TRY
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PR FEATMER

o KEHE, FRETIISEENBFEEFTEMSBEELER
MRBAREES], MEREHEEM R, EEHTREXIX %

B0t IE RO ’
PRAEERDER = EREE
o XfETHMARR, BT AT RSN RERRIEE TS

ARGITEEIE R, 12T ZRENFEN, FEHLUBEZFRAR
M, AARSHESERRGEXERIA T TRY
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BRFEAR AR

o KEHE, FRETIISEENBFEEFTEMSBEELER
MRBAREES], MEREHEEM R, EEHTREXIX %

5t RO ’
o NWEFTHMAIRR, BT AT SN RERRGHEFS

ARGITEEIE R, 12T ZRENFEN, FEHLUBEZFRAR
M, AARSHESERRGEXERIA T TRY
o NIZEED, BIFERENSIAZAAIERMIINILIE~ER
oM, FFEHERE T RE

Open.ﬂriveLab



BRFEAR AR

o KEHE, FRETIISEENBFEEFTEMSBEELER
MRBAREES], MEREHEEM R, EEHTREXIX %

5t RO ’
o NWEFTHMAIRR, BT AT SN RERRGHEFS

ARGITEEIE R, 12T ZRENFEN, FEHLUBEZFRAR
M, AARSHESERRGEXERIA T TRY

o VIRt BIEMEEIA SR B LT A -
220, FERHEASE A = EEREXRE

b Eo

Open.ﬂriveLab



PR FEATMER

My, s RohihEs RS RENEEE— T FRENEE, F
ARFEE TR FHZEHNERBEEARANAEFTRERE, BRRE.
BRERE, FEBRRF ST EHRESBRENTEEERAREHRTIL,

Open.ﬂriveLab



BRFEAR AR

DR ER, MR REREMOMERE—
ARFEE TR FHZEHNERBEEARANAEFTRERE, BRRE.

BRERE, FEBRRF ST EHRESBRENTEEERAREHRTIL,

I BIEREREE, F

Solution

Owner

Data Catelog Data Retrieval Auto-labeling Model Training Simulation Open-Source
Autonomous Object and Lane
Driving Data ama;on S'ccnc Description OpenSearch Detection via Y v 2
Framework via Scene Metadata Open-source
(ADDF) [234] Models
Full Self P— Static Scene
Ditsting T Misprediction Identification, Label Correction, Annotation via N S Scene Generation X
(FSD) (235] reeim and Selection on Most Valuable Examples Multi-trip in Minutes
Reconstruction
MagLev Generating Dataset Elastic Search and Multi-node Training
[236] @ANVIDIA | via Searching, Collection, | Categorization via = and Parallel Evaluation DRIVE Sim X
Labeling, and Export Active Learning
Multi-modal Retrieval
OpenTrek e? based on Semantics,
[237] Alibaba - - v v X

Images, Labels,

Similarity, ete.

OpenﬂriveLab
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R ARSI : KiESRE B I BEREE
AEMA R, Eﬁ‘/:/ég%' FRE#iE.

% + inference >

nuScenes ChatGPT

OpenﬂriveLab



BRFEAR AR

BRAEHM: KIEEEM BT BIEEE
AIrEAZR, £ERBESRERE.
verify & select

A car el
% + inference } o

nuScenes ChatGPT Pool of
Image-text Pairs

OpenﬂriveLab



BRFEAR AR

BRAEHM: KIEEEM BT BIEEE
AIrEAZR, £ERBESRERE.
verify & select

L ’ A car d
- o -3 -
N + —— ——— | text2img

nuScenes ChatGPT Pool of
Image-text Pairs

OpenﬂriveLab



BRFEAR AR

R ARSI : KiESRE B I BEREE
REMERR, ERBESRERE

verify & select

A car
isin
front.

train
) text2img

+ inference >

nuScenes ChatGPT Pool of
Image-text Pairs

inference * train

B / @Voulube = | img2text | E—

New Images

OpenﬂriveLab
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FOMBERGR  BIXNEERREEA, AR SUARET XA
AEREREBEERERHIB R,

(a) Abus is driving down a street in (b) Abus is driving down a street in a (c) A city street with a crosswalk. (d) A car is driving down a city street.

fizea

(g? A city street with a lot of trafficand | (h) A city street with palm trees and tall
ot of people. .. buildings.

"F ‘ Ilfu

Open..qriveLab
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HFEER

fERREENLZR ALFEHNERERNREFSEEHTIBRRT
HEKES, EXTSHARBRMRE—WHIE. nBlin. KRBEFHTRLE,

REVENG Xt MBE—FEMAIRYAEQNERE St E#D, TRENE
1 B T [R] B Bh & R 4E B #R97A.
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FEER

Test
Title Host Year Task Evaluation # Entry
Server
— Perception / OpenLane Topology OpenLane-V2 Score (OLS) v
Driving CVPR Perception / Online HD Map Construction mAP X
OpenDriveLab L Ji ) )
Challenge 2023 Perception / 3D Occupancy Prediction mloU v
[27]
Prediction & Planning / nuPlan Planning Mean Overall Score X
Perception / 2D Video Panoptic Segmentation weighted Segmentation and Tracking Quality v
CVPR Perception / Pose Estimation Pose Estimation Metric (PEM) v
35
2023 Prediction / Motion Prediction Soft mAP 4
Prediction / Sim Agents Realism Meta Metric 4
Waymo Prediction / Motion Prediction Soft mAP 4
Cpen CVPR Prediction / Occupancy and Flow Prediction AUC on Joint Occupancy and Flow Metric v
Dataset Waymo 128
2022 Perception / 3D Semantic Segmentation mIOU v
Challenges
[9,28] Perception / 3D Camera-only Detection Longitudinal Affinity Weighted LET-3D-AP v
Prediction / Motion Prediction Soft mAP 4
CVPR Predirction / Interaction Prediction mAP v
115
2021 Perception / Real-time 3D Detection Mean Average Precision with Heading (APH) v
Perception / Real-time 2D Detection mAP v

OpenﬂriveLab




Autonomous Grand Cha”enge https://opendrivelab.com/challenge2024/

—
CVPR 2024 Workshop

v Occupancy and Flow
Perception
End-to-End Driving at Scale
Multi-View 3D Visual Grounding Embodied
Al

CARLA Autonomous Driving Challenge

Mapless Driving
Driving with Language

Prediction

Predictive World Model

OpenﬂriveLab



https://opendrivelab.com/challenge2024/

Autonomous Grand Challenge

& FEE 5iB8h{h 3t / Occupancy and Flow

o BEEM: SAEAGRTUBR— MK SNBAZHIMNES, TF
RN SR AR AL S S 2R B & B IWRTON. 73X 1 iR, 3RS

Tﬂ% & =4 ZE B MR E R R, 004 A& RIS BTN .
o ELZPEE:OccNet https:/github.com/OpenDriveLab/OccNet/tree/occnet
o 1R HEFR: H1E 2 %k (occupancy score)
o BEE:nuScenes, R HFEMIBHERIESE.

OpenﬂriveLab


https://github.com/OpenDriveLab/OccNet/tree/occnet

Autonomous Grand Challenge

EEE Y / Mapless Driving

o HEHHR.ERASAFAMEMNERLT, BB AETES/KEMISIEE
BEN, AEESEERIISHIERE DBIRER, 52 ARG R G EE S
Eﬁ*Mn,.,\ HEMBE AN EMEFENRBITRMIRINGER, REHTIH S
ZFEZE)., FEMRKBTTRZEEIFXR,

o LRI aneSegNet/ TopoNet / TopoMLP / MapTR
o FHE#R: OpenLane-V2 UniScore (OLUS)
o ¥MHEHE :OpenlLane-V2 #iE&E

OpenﬂriveLab



Autonomous Grand Challenge

w1t A& & / Predictive World Model

o FERIHEE : (F A RAVIHRAITZERAE, tHFARE AT LURYE RS TuN
RFRT HFREF ST ER AT N B SRR H— TSR UIZR 789
EiiRE ERAEUREMANELT, MEMEMERKMR T, LUEHA
Hxftd SREO TN EE 1 .

o LA VIDAR https://github.com/OpenDriveLab/ViDAR
o TEM$EER: Chamfer Distance

o ¥HEHE: OpenScene

OpenﬂriveLab


https://github.com/OpenDriveLab/ViDAR

Autonomous Grand Challenge

AR i35 E e / End-to-end Driving at scale

o FREHHR: BT Z2aTEIEENEERE, BEFMNANEFR2 BFEERE, R
A A ESL IR AR S EWBCRHTRE AN EA kT, AAFTETD, #
iI1E A KXAMHE OpenScene #MiEE, BT E/NAMHIELEX 2 BRIZEER,

o RLEAE:NAVSIM

https://github.com/autonomousvision/navsim/blob/main/docs/agents.md

o HMIEE:OpenScene

OpenﬂriveLab



https://github.com/autonomousvision/navsim/blob/main/docs/agents.md

Autonomous Grand Challenge

BYEES B RIEE / Driving with language

o FEEHIR: XTMEZESIBEERAX, FHURIEEERE (VIM) EB8HEBH RS
PR, IZIE BTGB AM GBS R B M HE TR jJEIEﬁ&tH/J&aE F B3R aT 48t
H.AEENERITA. AEZUARGEMMA, BEREEZRESRER
&4~ A mE R a) R,

o HRLZIEH - (lama-adapter v2 (Finetuned with DriveLM)
o TEHMIEHR: Chamfer Distance

o L DrivelM

Open.ﬂriveLab



Autonomous Grand Challenge

CARLA BEiZB ¥ #kiE / CARLA Autonomous
Driving Challenge

o FEREHLE: N THIEAD REMBME, BRNFE—TEFAFREMER
MEIMEL, CARLAAD BEfTHEER R EBE BT —ANE XKL, X T8
Figtk, NEHMFAERERLMRIE, 81T GPS NAKR, thE SAIREIRLTE
TR, ERER Bt R, BRI ESMBERATEN, 2fFE
RN WX EERMZ AR, HTERE G AD KEBEESHXSEH
TR, 2FBAX. B%. X, EXMERBKF,

o 1EM{AR :CARLA Leaderboard 2.0
https://leaderboard.carla.org/leaderboard/

Open.ﬂriveLab


https://leaderboard.carla.org/leaderboard/
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