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Bounding A .
—— Waypoints Trajectory @

((..)) Perception —>[ Prediction |—>| Planning |— .g
[

Sensor ﬂ ﬂ

VA SR

What are around? How will they go Where should | go?

Challenge | Various weather, e fies

illuminations, and scenarios
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Eﬂ#l:%iﬁgﬁ _ ﬁggs ﬁgu Credit to Prof. Andreas Geiger

Goal: Assign a semantic label to every pixel in the image (objects and stuff)

Semantic Segmentation

-

Goal: Localize (Bounding Box) and classify all objects in the image

Object Detection Instance Segmentation

Goal: Assign a semantic and an instance label to every pixel of an object

OpenﬂriveLab




Eﬂ#l:%iﬁgﬁ _ *ﬁﬂ)‘m (ZD) Credit to Prof. Andreas Geiger

Problem Setting:
® Input: RGB Image or laser range scan
® Output: Set of 2D/3D bounding boxes with category label and confidence
e There are many(c2) possible boxes and even the number of objects is unknown.

OpenﬂriveLab



Eﬂ#l:%iﬁgﬁ _ *ﬁﬂ)‘m (3D) Credit to Prof. Andreas Geiger
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Problem Setting:

® Input: RGB Image or laser range scan
e Output: Set of 2D/3D bounding boxes with category label and confidence
e There are many(c2) possible boxes and even the number of objects is unknown.
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IHEERS - IRER

Problem Definition:

e Given noisy object detections (e.g., bounding boxes) for each frame of a
sequence, associate those that belong to the same physical object

® Reject detections that are false alarms; initiate/delete object tracks

e [Estimate object state by con5|der|ng an observahon/ motion model

OpenﬂriveLab



IHEERS - IRER

® O
® ¢ O
® O
o
Detection Association Filtering

o Detection: Where are candidate objects in each frame?
® Association: Which detection corresponds to which object?

e Filtering: What is the most likely object state, e.g., location and size?

OpenﬂriveLab



IHRERS - kS

Problem Definition:
® Goal: find and follow path from current location to destination
e Take static infrastructure and dynamic objects into account
e Input: vehicle and environment state (via perception stack)
o Output: path or trajectory as input to vehicle controller
Challenges:
e Driving situations and behaviors are very complex

e Thus difficult to model as a single optimization problem

OpenﬂriveLab




IHRERS - kS

\

User specified destination

Route Planning

J‘
[

1

Road Map
(Road Network Definition)

Waypoints

\

Behavioral Layer

Negotiate
niersection,

(2

Parking
Maneuver,

}

Perception
(Agents, Obstacles, Signage)

Motion Specification

\

s

Motion Planning

T

Estimated Pose
and Collision Free Space

Path or Trajectory

Idea: Break planning problem into a hierarchy of simpler problems

Each problem tailored to its scope and level of abstraction

Earlier in this hierarchy means higher level of abstraction

Each optimization problem will have constraints and objective functions

v

Local Feedback
Control

\

Steering, Throttle, Brake

t

Estimate of
Vehicle State
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IHRERS - kS

Step 1: Route planning

15 Route Planning Behavioral Layer - Local Feedback g
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Road Map Perception Estimated Pose Estimate of

(Road Network Definition) (Agents, Obstacles, Signage) and Collision Free Space Vehicle State

® Represent road network as directed graph
e Edge weights correspond to road segment length or travel time
® Problem translates into a minimum-cost graph network problem

® Inference algorithms: Dijkstra, A*, ......

OpenﬂriveLab




IHRERS - kS

Step 2: Behavior planning

S Route Planning Behavioral Layer - Local Feedback g
E | ‘ l Negotiate g MOt]On Plannlng g C()Ilt.l'()l g
‘6 i E ntersection, 8 5 o
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:) T
Road Map Perception Estimated Pose Estimate of
(Road Network Definition) (Agents, Obstacles, Signage) and Collision Free Space Vehicle State

® Select driving behavior based on current vehicle/environment state
e E.g. at stop line: stop, observe other traffic participants, traverse
e Often modeled via finite state machines ( transitions governed by perception)

e Can be modeled probabilistically, e.g., using Markov Decision Processes (MDPs)
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IHRERS - kS

\

User specified destination

Route Planning

J‘L._
Il

i

Road Map
(Road Network Definition)

Waypoints

\

Behavioral Layer

Negotiate
ntersection,

t

Perception
(Agents, Obstacles, Signage)

Motion Specification

\

b

Motion Planning

T

Estimated Pose
and Collision Free Space

Thus often numerical approximations are used

Step 3: Motion planning

Path or Trajectory

\

Exact solutions in most cases computationally intractable

Local Feedback
Control

\

Steering, Throttle, Brake

T

Estimate of
Vehicle State

Find feasible, comfortable, safe and fast vehicle path/trajectory

Approaches: variational methods, graph search, incremental tree-based
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IHRERS - kS

\

User specified destination

Route Planning

i

f

Road Map
(Road Network Definition)

Waypoints

\

Behavioral Layer

Parking
Maneuver,

Negotinte
Intersection,

DI

f

Perception
(Agents, Obstacles, Signage)

Motion Specification

\

g

Step 4: Local Feedback Control

Motion Planning

!

Estimated Pose
and Collision Free Space

Path or Trajectory

\

Local Feedback
Control

1

Estimate of
Vehicle State

o Feedback controller executes the path/trajectory from the motion planner

e Corrects errors due to inaccuracies of the vehicle model

e Emphasis on robustness, stability and comfort
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IHRIEFRSG - EEZALN LaneSegNet

; @ road boundary ped crossing - :g:gw

: @ |aneline ped crossing @ centerline : I | lane segment ... non-visible

! 14 i . ||}:'L
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S

e Input: Surrounding
Multi-View Images

e Output: Lane Segment

(a) Planform view of an intersection )
lying in the Bay Area. (b) Map Element Detection (c) Centerline Perception (d) Lane Segment Perception (Ours)
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B4ZE: Tesla Al Day

o 2021 - HEASHIZ(EZMLE Hydranet / BJJFSDEYZSEIRAR BEV Layer/
WRIEHRICIZ . BI=SESlfeature/ BF Neural Network Heuristic J&&30%1 /
BEffFSD SoCit: A

o 2022 - HifgMZE Occupancy Network / ZEiEZ M [EGS 4% Lane & Object Perception /
EHTFVector SpacefIFSDIEEHK! / BEhiFRiEFNENHESIZE AutoLabeler & Data Engine /
FSDZEimRIEIRITEH & DojoilliRSS=S
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| Tesla/Waymo/Nvidia¥Jtb

Vision
Multi-task (still new?)

Transformer - nV fusion
o FRFNEHTIARMNA
BT
O smart summon

Spatial-temporal

o IENWRRIEER
BT AYES BN

o BEITFREHE

o c.f. HDMapI{E

® MCTS + policy net
TEERTE

Simulation

itHas Perfect Labels

Labelling

o FItnF/E=RHinE
o EHAfFA, BWEME "o
o IE: in-house, 1k tRFiER |
I (3F5re) -

o BiltimE
O scalable
(@] GTEE 1E§NGRF/|_N*E:
self-supervised /5=,

o HUEHIE
0 60{Zlabel (&vel/depth)
O 250w video clip
o 1.5 PBTFfE
o BEREEHUE(diverse, clean,
large)
O Ref: waymo

o [HERM T KEcornercase
m 20w frame, 5 hours HiE, EBEIELNEMEEER
m 12M labels

o ATHENNSZRER
. WMTRBEIE, HE
iZ]FgJ? neural
rendering

Hardware/Infra/Dojo

Software
Compute Cluster
System

Chip

e mED1(DPU)

o R4

o R —_—
o iy  CTMHEHF

o TE{H 3.0 Al 1

e BFIE1T 100 7k

o 3 NgRAILY

e #Bid 3000 t HW3.0 EHR4BA;



| Overview

Andrej Karpathy
Ashok Elluswamy
Andrej/Ashok
Ashok

Milan Kovac

Ganesh Venkataramanan
Elon Musk

All

Tesla vision (core)

Planning and Control

Manual/Auto Labelling (core)

Simulation

Hardware Integration/Infrastructure

Dojo
Tesla Bot (skip)
Q&A (skip)
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| Overview

e Tesla vision

® Planning and Control

e Manual/Auto Labelling

e Simulation

e Hardware Integration/Infrastructure

e Dojo

22



e Algorithm

| Sum-up: the roadmap in Tesla Vision over the years e Ergdﬁf:t/software/version
e Labelling

2016~
® Regular Network
e 2D detector

e Software 1.0

e manual labeling
® image space labeling

640x480x1  640x480x4

ResNet/
RegNet[4]

raw

1] Tesla CVPR 2021 workshop video

2] Tesla Al day

3] Smart Summon released on Sep. 26th 2019

4] Radosavovic, llija, et al. "Designing network design spaces." CVPR 2020



e Algorithm
| Sum-up: the roadmap in Tesla Vision over the years ¢ Product/software/version

e Labelling
2016~ 2018-2019
® Regular Network e Multi-task learning -
e 2D detector “HydraNets”
e Software 1.0 e Autopilot 4.0
e manual labeling e manual labeling
® image space labeling e vector space labeling

Task 1 Task 2 Task 3

e (o g atr | ds |reg | os | reg | atr |
[ Decoder ] [ Decoder ]
Trunk Trunk Trunk

ResNet/

RegNet[4]

[1] Tesla CVPR 2021 workshop video

[2] Tesla Al day

[3] Smart Summon released on Sep. 26th 2019
[4] Radosavovic, llija, et al. "Designing network design spaces." CVPR 2020




e Algorithm

| Sum-up: the roadmap in Tesla Vision over the years ¢ Product/software/version

2016~ 2018-2019
® Regular Network e Multi-task learning -
e 2D detector “HydraNets”
e Software 1.0 e Autopilot 4.0
e manual labeling e manual labeling
® image space labeling e vector space labeling

Task 1 Task 2 Task 3
SRR (ds reg atr s g s reg | atr
[ Decoder ] [ Decoder ]
Trunk Trunk Trunk

ResNet/
RegNet[4]

[1] Tesla CVPR 2021 workshop video

[2] Tesla Al day

[3] Smart Summon released on Sep. 26th 2019
[4] Radosavovic, llija, et al. "Designing network design spaces." CVPR 2020

e Labelling

2019-2020

e Fusion - Smart Summon [3]

® Transformer

e Software 2.0

e Radar removed [1]

e auto labeling

e vector space labeling

multi-camera Fusion & BEV transform
Transformer

{

RegNet

RegNet

RegNet

=
o

s
o
=3
Craw

0000

-emoved
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| Sum-up: the roadmap in Tesla Vision over the years

e Algorithm
e Product/software/version

e Labelling
2016~ 2018-2019 2019-2020 2021 [2]

e Regular Network e Multi-task learning - e Fusion - Smart Summon [3] ® Spatial-temporal

e 2D detector “HydraNets” e Transformer e Video module

e Software 1.0 e Autopilot 4.0 e Software 2.0 e feature queue

e Radar removed [1] e FSD beta 9.0/10.0
e manual labeling e manual labeling e auto labeling e auto labeling
vector space labeling e vector space labeling ® vector space labeling

® image space labeling °

Task 1 Task 2

Task 3

640x480x1  640x480x4

?
ESEES

(—— )

[ Decoder ]

[ Decoder
Trunk

Trunk

]

g

Trunk

ResNet/

RegNet[4]

[1] Tesla CVPR 2021 workshop video

[2] Tesla Al day

[3] Smart Summon released on Sep. 26th 2019
[4] Radosavovic, llija, et al. "Designing network design spaces." CVPR 2020

multi-camera Fusion & BEV transform
Transformer

—

video module

e
e
e

RegNet

RegNet
-emoved

RegNet

-
i
i
i

—
—
—
—
—
—

RegNet RegNet RegNet

0900
0000
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| User Interface Performance



http://drive.google.com/file/d/1cNYJ3iXpkEN_kYAQS-30QXccKtJpQeiT/view

| Network Design - at the beginning

BiFPN

b

28



Network Design - at the beginning

‘) cls H reg ‘[ attr

| cls { reg I attr |

]

‘ Decoder Trunk

Decoder Trunk

Fully Connected |

!

|

fuse different level features

weighted different features for better
fusion

repeated blocks epable more high level
feature fusion

RegNet

1280x960 12-Bit (HDR) @ 36Hz

raw input
HDR: high dynamic range(12-bit)
36Hz

12-bit: have larger illumination representation
36 Hz: add temporal information

29



| Network Design - four years (roughly) ago

Object Detection Traffic Lights Task Lane Prediction
[ cls J [ (] J [ attr J [ cls J [ reg J [ attr ] [ reg J
[ Decoder Trunk ] [ Decoder Trunk ] [ Fully Connected J

[ ] I

===
7 BiFPN \J

RegNet

R —

1280x960 12-Bit (HDR) @ 36Hz

a.

efficient at test time
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| Network Design - four years (roughly) ago

Object Detection Trafﬁ; Lights Task

Lane Prediction

L cls J[ reg ][ attr] | cs ‘ reg ‘ attr |

—

)

5

Decoder Trunk ] Decoder Trunk

r Fully Connected J

l

I

T
T

RegNet

1280x960 12-Bit (HDR) @ 36Hz

a.

able to fine-tune tasks individually

31



| Network Design - four years (roughly) ago

Object Detection Traffic Lights Task

Lane Prediction

(o ) (m ) (o) (oo J L (o]

reg

J

.

Decoder Trunk ] Decoder Trunk

J |

Fully Connected J

l

I

T
=5

RegNet

1280x960 12-Bit (HDR) @ 36Hz

a.

able to feature cache & speed up fine-
tuning
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| Network Design - four years (roughly) ago

BEER

O ego speed

o P/Y/R

o fpsi15~
Cutin or not
Scene classification

o HBA

o T

o EERS8

o [RITXIH
car detection
lane detection
stop sign
distance
measurement

33


http://drive.google.com/file/d/1IYhzOaDXWEvm07v7pM1EWgBFkBdVhx8F/view

Smart Summon - Per-camera detection then fusion

e fusion process is hard to write
explicitly
® image space result is hard to use

34



| Smart Summon - Per-camera detection then fusion

GoaKls’]u\r{%on vehicle to the person nearby

Problem: Per-Camera Detection Then Fusion

Traditional method:
- project from image plane to vector space.—»
- assumption ground is horizontal.

Don't have
depth per pixel

which is not ture

See previous talk at CVPR workshop or earlier

Fusion is difficult as objects span differently across images.

35


http://drive.google.com/file/d/1-ZDZH7sorbek3qlTd8L5g87W4_ZrbCzl/view

| Smart Summon - Per-camera detection then fusion

(nV)

Goal: summon vehicle to the person nearby

Vector Space Road Edges

results

Multiple Cameras

See previous talk at XXXX

Directly predict
vector space

[ BiFPN ][ BiFPN ][ BiFPN ]

RegNet

RegNet

RegNet

differentiable, e2e
camera pose varies

massive labelling
(coming up)



| Caveat1

® Because of the geometry of road,
projection cannot precisely project
corresponding point to BEV. (e.g., 3D ZFj&ELk:

)
o if some part is occluded, the projection

will be wrong. (FEIZAR &G

Need to find relalionship
between BEV grid and
images patch.

L1

Approximate Projection Based
On Camera Calibration?

Problem

Projection depends on the road
surface geometry. And if the point
of interest was occluded, you may
want to look elsewhere.

37



| Solution to Caveat 1: Transformer Transformer - Model structure

Qutput
Probabilities

Vector Space Road Edges
t

Head
i -to-BEV t fol oy .
= | 0 Mimit-camentuson  “Raster” position encoding,
— generate a position encoding
C aveny vector for every grid on raster.
MLP

—— ()~

Multi-Head ead
_ for location Attention Attention
— Ly ]
(i,j) in BEV
view Positional
ositional Positional
Encoding @ @D D @ Encoding
Input Output
BiFPN ) 1’ BiFPN J [ BiFPN QKT I
\ <N = )V Inputs Outputs
N [ )
( ( vV d. (shifted right)
RegNet \ RegNet RegNet
N J
P T me ) we
main R N O] Repeater [[Of

|
\

Multi-head attention 38



https://arxiv.org/pdf/1706.03762.pdf

| Side issue in Caveat 1: Variations in camera

02s camera 0175 camera 04 1 1 camera
0.20 NAITOW 0130 — OATTOW 0.3 — AITOW
fisheye 0125 —_— fitheye — fsheye
01 eftpiiiar 0.100 — eftpiiiar — eftpillar
. . . . nghtpiilar —_— m?'hrn- lar 0.2 —  nAghtpdiar
Extrinsics in different o e ooy [ oripere- etvepeater
0.050 i e nqht_leg\rntel
cars 003 s
Neural networks in different cars ™+ = "7 s Biche, BENNC TS AU SOUTN. I
. . roll (degrees) pitch (degrees)
are ! But input images
are slightly different! mount error distribution in roll/pitch/yaw
: S distort to kee
align extrinsics P
more
ormati
Rectify Images Into — = =
a “Virtual Camera”
Undistorted Rotate Distort

1. how to determine virtual camera?
2. why distort again after rectify?

(Mean of statistics data)
(To keep more information)

39



| - to a Common Virtual Camera

Head Average Repeater Image Feeding Into Network

Rectifying
images works!

Before

( ) ( -

BIFPN ] ( BIFPN ]

-

O (I - R ~cones cavaton
Main . Pillar n Repeater - \

front view side view rear view

40



| Improvement after Transformer and Rectification

Vector Space Edges and Lines Detections: SingleCam -> MultiCam

Single-Cam
Multi-Cam

Before After (nV, Transformer + Rectify)

41


http://drive.google.com/file/d/1x4f51fY5Rijf2F1SR1ceOZNC63C7iVca/view
http://drive.google.com/file/d/1frT_x6vi5GNAXvWpKZgiC7Znq9LV7dNX/view

| Stepping further - Motivation: Lack of memory

1. Impossible To Predict Objects
Despite Occlusions, Velocity/
Acceleration, Blinkers, Moving/
Stopped/Parked Vehicle States, Etc.

How Fast Is This Car Traveling?

Is This Car Double Parked?

Is There a Pedestrian Behind This Crossing Car?

2. Keeping Track of
Markings & Signs

42



| Video Neural Net Architecture

Velocity of Detected Cars

20 x 80 x 300 x (sampled)

WxHxCxT window size T = 60

_I 1 — G -

‘ Multi-camera fusion & BEV transform ’

( BIFPN ) ( BIFPN ) ( BIFPN

| !

Rectify ) ( Rectify ) ( Rectify
Pillar
front NEY side view rear view
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| feature queue

G, |

Hx C x

‘ subsample ]
20x80x300x60
Concat N e
Positional Encodings 1\"1!4}0’(6?( _
‘ BIRIBI 20x80x256x60
Multi-Cam Features Wl e T
Uy L

Ego Kinematics 1?1243(60

X HxCxT
lpop PushT

Positional encoding (40): encode (x,y) as does in Transformer paper
Ego kinematics (4): velocity, acc. etc

44



| feature queue

Input to video module

O |
WxHxCxT

subsample ’
[ 20x80x300x60
Concat ’ WxHxCxT
Positional Encodings ‘ ‘ ::,1:4::88)( .
20x80x256x60
Multi-Cam Features Wk ok O T
Ego Kinematics w:4:ioc .
l Pop Push I

Positional encoding (40): encode (x,y,z) to higher frequency [1]
Ego kinematics (4): velocity, acc. etc

-1 -1

~

]

L

=> time-based queue
(e.g. push every 27ms)

45



| feature queue

Input to video module

O |
WxHxCxT

subsample ’

( ’ 20x80X300x60
WxHxCxT

1x1x40x60
Positional Encodings WXHXxCxT

wwsmrn ([T e

Ix1x4x60

Ego Kinematics WxHxCxT

Positional encoding (40): encode (x,y,z) to higher frequency [1]
Ego kinematics (4): velocity, acc. etc

R

=> time-based queue
(e.g. push every 27ms)

=> space-based queue
(e.g. push every 1 meter)

Lane
Geometry
Predictions
aided by

46



(1

| video module

20x80x300

1

[ 3D CONV ]

A

( T )
[ 3D CONV ]

A
LU0

20x80x300x12

20x80x300 20x80x300

Read out Token

I'

I

20x80x300x12 20x80x300x12

Axial Transformer [1] 47


https://arxiv.org/abs/1912.12180

| video module

Hidden state h(t-1) Spatial Feature Grid: h(t) Output h(t)
\13
Input x(t) (°
2
€
kinematics — @
features — Each cell is
a RNN
20x 80 x 256 \ J

ze =0 (W, [he—1,24])
re =0 (We- [he-1,a4]) e RIF—E (300/256)
hy = tanh (W - [ry % he_y1, 24)) e 20x80 - BAIAVIERE

he = (1 —2¢) x hy—q + 24 * hy

48




| video module

Spatial Feature Grid: h(t)
haau’c\“ec"bq

ze =0 (W, [he—1,24])
re =0 (W [hi—1,24])

hy = tanh (W - [re * he—1, 24])

he = (1 —2¢) xhy_q + 24 % hy

® to save computational cost

49



| video module

Spatial Feature Grid: h(t)

feaut\"‘es’bq

C»

ze =0 (W, [he—1,24])
re =0 (W [hi—1,24])

hy = tanh (W - [re * he—1, 24])

he = (1 —2¢) xhy_q + 24 % hy

® to save computational cost

50



| video module

Spatial RNN - Feature Channel Visualization

51


http://drive.google.com/file/d/1gOjVWxYe4nzCfEPKYjuA7VFBWA4Z3Bau/view

| video module



http://drive.google.com/file/d/1hse3TZe5kDtd5m7kxG_soZBZPRwqrMZt/view

| Road reconstruction(HDMap Net)

Predicte HD map directly from images/lidar data

Traditional mapping pipeline

/ & LiDAR Pairwise
3\ . scans alignment

N—

- (i'z_:_o

Centimeter-level
Globally consistent point cloud Static HD map localization =
MU @ — I
[ T Manual . o

aPs " 3 78 =3 Annotation . )
Q \  Wheel 8
Qp odometry

Online map learning (Ours)
Surrounding cameras LIDAR L
\ Local HD map

Li, Qi, et al. "HDMapNet: An Online HD Map Construction and Evaluation Framework." arXiv preprint: 2107.06307



| Road reconstruction(other solution)

Predicte HD map directly from images/lidar data

transform to BEV

T —
LR -9
¥ w / Semantic segmentation
_— < Neural view
Surrounding images PV image encoder tersformation / '/
' . Post-process ——— g~ | |
BERN=(
Instance embedding )
/decoder o Vectorized HD map
—_—
rcm\ Ih-$
LiDAR point clouds Voxelization Shared PointNet

Direction prediction

HDMapNet architecturel!

[1] Li, Qi, et al. "HDMapNet: An Online HD Map Construction and Evaluation Framework." arXiv preprint: 2107.06307

Features in ego vehicle
coordinate system

BEV feature [1]
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| Road reconstruction(other solution)

Predicte HD map directly from images/lidar data

transform to BEV spatial RNN added temporal

similar to Tesla and space information

7/ latest version
———
—rl
= - =, —
\ Semantic segmentation T e
S g Neural view
Surrounding images PV image encoder transformation - —E /
. Post-process =
= ~=0 i "rf
\: A
BEV Instance embedding i
i / decoder 7 Vectorized HD map
! i\\\\ . "._’ ‘ > imulti-scale features | multi-scale features
{ BIFPN BIFPN BIFPN
LiDAR point clouds Voxelization Shared PointNet Direction prediction o~ e _
Rectify Rectify Rectify
raw raw
HDMapNet architecturel!

Repeater 8]

[1] Li, Qi, et al. "HDMapNet: An Online HD Map Construction and Evaluation Framework." arXiv preprint: 2107.06307



| Road reconstruction(HDMap Net)

HDMapNet experiment
Li, Qi, et al. "HDMapNet: An Online HD Map Construction and Evaluation Framework." arXiv preprint: 2107.06307


http://drive.google.com/file/d/1P8UenBJsmz1DkAOAHo2WqYhe1DWWOgzv/view

| Object Detection - Improved Robustness to Temporary Occlusion

Single-Frame

| Video
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http://drive.google.com/file/d/1b7XhAVxdOBi_ejrxRtat4M-3IDnDr3ZR/view

| Improved Depth & Velocity from Video Architecture

Improved Depth & Velocity From Video Architecture

Predicted Longitudinal Depth

§
30
LEGEND %
24
Radar Signal (GT) 6 Predicted Longitudinal Velocity

Single frame (velocity from
differentiable)

meters / second
] )



http://drive.google.com/file/d/101ipNtK36oEhtfidUzNpVpx8LygBrR4p/view

| Putting everything together (ntesia Al ay)
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http://drive.google.com/file/d/1s57QvkPHVaQFqwtEv8h0wAc03PuZ2jqR/view

| Putting everything together (i cver 2021 workshop)

img

Tensor Video Queue

img

v

v

img

v

Tensor Video Queue

3D conv/Transformer/RNN

image image image —
v v extract extract extract A
v A4 B
&N £2 || t1 or o or -
t-1 t-2 t-N 'y
(I
I I
v v Guess:
| Multicam fusion | | Multicam fusion | different fusion methods
and video modules for
different tasks
a4 N Y
4 v v 4 4 4
video module video module video module video module video module video module
trunk trunk trunk trunk trunk trunk trunk trunk
[ | [ | [ | [ | [ | [ |
\_ J L Y
Y ¥ ¥ ¥ ¥ Y L 220 2 Y Vv VY Y V Y Vv v N Y Vv VY Y Vv VY
object attributes kinematics future trajectory lane detection TSR/TLR depth scene classification

detection
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| Future Work

E Head J[ Head

)

Trunk

—— Y )
I
o
o

=

c p—
—
I
[

N N

J

&

- |

image-to-VS transform
Transformer + multi-camera fusion

o
z

(e )— =
e )
(o ) ( ) ( )
RegNet } ‘ RegNet ’ [ RegNet
B G

a
]
a
o~

1. Fusion (time & space) at early stage

2. Dense raster outputs, which is expensive (to compute)
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| Overview

® Tesla vision

e Planning and Control

e Manual/Auto Labelling

e Simulation

e Hardware Integration/Infrastructure

e Dojo
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Why

Plan Jointly?
| Coreissues in Planning

Action Space Is:

1. Non-Convex
a. Discrete Search

2. High-Dimensional

b. Continuous Function Optimization
Solution:

Hybrid Planning System

Vector Space okl iy Continuous

Search

Optimization

: \
oncoming car's a .1

prediction to yield
(low probability)

|

(-

|
ﬁ

—

Smooth Trajectory

oncoming car's
prediction to go around
other parked cars
(high probability)
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| Route Planner: a comparison

JE—

.. . Smooth Trajectory
Optimization :

Continuous

Vector Space Coarse

- Search

Convex Corridor

VS

Baidu Apollo 6.3 EM

EM Planner

Reference Line Generator

Lane 1

Reference Line Frenet Frame Reference Line Frenet Frame

Optimizer Optimizer

SL Projection (E-step) SL Projection (E-step)

Path Planning (M-step) Path Planning (M-step)

ST Projection (E-step) ST Projection (E-step)
Speed Planning (M-step) Speed Planning (M-step)

Reference Line Trajectory Decider

Fig. 2: EM Framework
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http://drive.google.com/file/d/1l26vhLuXxsCyCimqi9fuVPZm_zTzPMpC/view

| AVP Route Searching: a comparison



http://drive.google.com/file/d/1FqrWAOLfs045Lb7gIEXMT7Utieakczhs/view

| Final architecture

‘ Vector
Space

Vision
Intermediate
Features

Explicit
Planning &
Control

Trajectory
Distribution

Neural Net
Planner

Steering
& Accel

e
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| Overview

® Tesla vision

e Planning and Control

e Manual/Auto Labelling

e Simulation

e Hardware Integration/Infrastructure

e Dojo
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| $EREE

Data Engine

To get any neural network signal to work need:

DATA SOURCE DEPLOY

1. Large (millions of videos)
2. Clean (labeled data, here: depth, velocity, acceleration)
3. Diverse (a lot of edge cases, not just nominal/"boring" scenarios)

dataset.

And train a large enough neural network on it.

7 1 million

rounds of shadow mode 8-camera 36fps 10-second videos A
¢ g g Triggers
<0f hlghly d|Verse ScenarIOS) Developed and maintained 221 triggers. E.g.:

- radar vision mismatch

- bounding box jitter

- detection flicker

- detection in Main camera but not Narrow camera

- driver didn’t break but tracker thinks CIPV is rapidly decelerating

- break lights are detected as on but acceleration is positive

- rarely high/low velocity or acceleration

- CIPV cuts in / cuts out

- CIPV has high lateral velocity

- bounding-box derived depth disagrees with network-predicted depth

- - - rarely sloping road surface (hillcrest or dip)

6 b I I I l o n 1 - 5 peta bytes - rarely sharp turning road surface

- driver breaks sharply on the highway
. - stop an go traffic
0 bjeCt |abe|S, - Main or Narrow or both cameras appear to be blinded
= h d h/ l - - driver enters/exits tunnel
- objects on the roof (e.g. canoes)
Wlt accu rate ept ve OCIty - driver breaks harshly and there is a VRU cloys to us but there is no intersection

- motorcycle on the highway at night

For details, see
CVPR workshop
video.



| Data Labelling Growth:
bring the labelling instead of third-party

1,000-Person In-House Data Labeling Team
Fully Custom Built Data Labeling & Analytics Infrastructure

e infrastructure
e labelers

#labels ]

Iﬂ“p l Ilimult

,,uwrlr”#lmrwlm mlilliﬁﬂﬂ I m"m ] I“‘ﬂﬂ]]y\ |

time



| 2D image labelling

2D annotation is not sufficient

71



| 4D Space + Time Labelling

Label in vector
space. Project to
different cameras

thus obtain 8x data!

Final Dataset

v the first r

7

rounds of shadow mode 8-camera 36fp

6 billion 1.5 petabytes
object labels,
with accurate depth/velocity
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http://drive.google.com/file/d/1IhyCUh_eSULsR8hAjP_oyh0LaoziLQgC/view

| Auto Labelling

Ego Trajectory
& Static World
Reconstruction

Moving
Objects &
Kinematics
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| Restructuring the Road

xy)
Orthographic View

Ground Height

Lane Line

Curb

Asphalt
Crosswalk

Reprojected Points
with Semantic Class

Cross-Entropy Loss

Network Predicted Class
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| Prerequisite the Paper: NeRF (ECCV 2020)

SRN [Sitzmann 2019] NeRF

Nearest Input

Mildenhall, Ben, et al. "Nerf: Representing scenes as neural radiance fields for view synthesis." ECCV, 2020.
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http://drive.google.com/file/d/14GA0wf7ouidG452GeWnQKLJFrX5_baVX/view

| Prerequisite the Paper: NeRF (ECCV 2020)

5D Input Output
Position + Direction Color + Density

(x3.2.60.9)— |:||:||:| = (RGB0) ——n: o
- F | |

Ray:2
(]

o™~

A\ 4

Whole pipeline is

MLP implicitly differentiable. So the

represent MLP can be trained

scene. using
backpropagation

Mildenhall, Ben, et al. "Nerf: Representing scenes as neural radiance fields for view synthesis." ECCV, 2020.

Q

Q

Volume

Ray I/

Rendering

Rendering Loss

N
| -t

Ray 2

N

” B-ct

Ray Distance

(c)

(d)

2
2

2
2
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| Restructuring the Road

xy)
Orthographic View

Ground Height

Lane Line

Curb

Asphalt
Crosswalk

Reprojected Points
with Semantic Class

Cross-Entropy Loss

Network Predicted Class

77



| Restructuring the Road

leftpillar rightpillar



http://drive.google.com/file/d/1HciSE61h55Ellp1oSI2LQ9jQoeyZDOX8/view

Static Objects

Walls, Barriers & Everything Else
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http://drive.google.com/file/d/1prhImi_rUJugF2agkRX3DNjVrZ1rMXLJ/view

| Dynamic Objects

We are applying at-scale auto labeling to all other FSD tasks
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Dynamic Objects

We are applying at-scale auto labeling to all other FSD tasks
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| Dynamic Objects

2D loss optimization

Differentiable
SDF Renderer

9D Pose
(R t,5)

SDF vector f(x; Z%/ /

LIDAR
A
e:ﬁ" = . .' N M

Zakharov, Sergey, et al. "Autolabeling 3d objects with differentiable rendering
of sdf shape priors." CVPR 2020

Differentiable Shape DB: DeepSDF

= & g e A9
B} 1] DeepSDF network
Code & SOF  maps [x.yz.cade] - W I e vNe

(e B to an SOF value

- G S T -
3D madels represented in the shape space

N S

3D latent code represents a unique car shape

DeepSDF works as a differentiable DB of
shape priors



http://www.youtube.com/watch?v=VQcDcYsWk00

| Dynamic Objects

83


http://drive.google.com/file/d/1c0xvgrLWqmpvv0VyERyPWWjPO_Zn-Ejf/view

| Auto Label Dataset

84


http://drive.google.com/file/d/1od--NJo8K4KIUXLVmdRvVlY5jeNa3KbD/view

| Removing Radar
® Why

Fail in some cases(front car brake harshly).

Mismatching(scene below, mismatch static bridge and

car)

More analysis in CVPR workshop video

® How

I Data Driven

And the Fleet Giveth Back

10k Such Clips Collected &
Automatically Labelled in One Week

85



| Removing Radar -Results

Before



http://drive.google.com/file/d/1vc0MGGIB6povEopz44xrL55653u6JOZ-/view

| Sum-up: data labelling at Tesla

Labeling Techniques and Requirements

® Label in vector space
O Label infrastructure

e Auto labeling
o offline neural network
servers
O big model for distill
O data collection

® Pure vision based labeling
O 3D reconstruction
O Visual SLAM

enable

label massive data in short time.
label sufficient data for complex
neural network training.

collect specific scene data in short
time, then label it and fix corner
cases.



| Overview

® Tesla vision

® Planning and Control

e Manual/Auto Labelling

e Simulation

e Hardware Integration/Infrastructure

e Dojo

88



| Simulation is equipped at Tesla

l b _
= o ey ¥ o diash ect Labels



http://drive.google.com/file/d/19vh6Dzp3j5cElgBPS6MaBUmH9IokpGbS/view

| Simulation helps when data

Is Difficult to Source Is Difficult to Label Is Closed Loop

R i 1,.,|'4f|i|‘

_‘u;

" *ﬂll
ahr l{

L —
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http://drive.google.com/file/d/17-kyE22M4m3z5WmCyHMs6huYnJwSsDpX/view

| Necessity 1: Accurate sensor simulation

On Semi
ARO136AT
1.2MP

1/3"

Global Shutter

Sensor Noise/Integration Time
(&R A/ S YRR

Photometrically
Calibrated Sun & Sky

HEERER AR RS
FSD Computer Exposure in Loop
FSDEEBXTEIR IR EARHL

Light Diffraction From Heater Grid
b= B b A ER VT

IES Profiles & Physically-Based

Light Transmission

|ESEEy L/ B TR R BRIt
Retro Reflection

WS
Motion Blur
IEREHA
Optical Distortion & MTF
gi‘?‘-ﬂlﬁﬁ&MTFi}%ﬁU{ﬁii@



http://drive.google.com/file/d/1j28lUpsXRPqE47bgvyn0msk9SKY_cJCO/view

Necessity 2: Photorealistic rendering (Y{REE4L)

Goal of being visually indistinguishable from reality with a hybrid real-time raytracing and neural rendering stack

@)

[\
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http://drive.google.com/file/d/1rMlcOy8cGoaut1x92ytB8ovrHK2xIbgi/view

| Necessity 3: Diverse actors and locations

Thousands of Unique Vehicles,
Pedestrians, & Props

2000+ Miles of Hand-Built Roads
Using In-House Pipeline

93


http://drive.google.com/file/d/1wm_4Mv51RF8AZTHPhIJV5g-Fk5qMq75c/view

| Necessity 4: Scalable scenario generation

Tip of the iceberg
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http://drive.google.com/file/d/1hbdmANfLSI1gX6NL5vSrJNIUNxooEr0y/view

| Necessity 5: Scenario reconstruction

Real World Clip

a) Goal: Novel image generation

: Surfel scene reconstruction

Auto-Labeled Reconstruction Recreated Synthetic World

m

SurfelGAN

Yang, Zhenpei, et al. "Surfel GAN: Synthesizing realistic sensor
data for autonomous driving." CVPR 2020.

) Step 2: SurfelGAN image generation
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http://drive.google.com/file/d/17h77E8Tp0jNc6jXnvaDASk42projS5Lz/view

| Neural rendering

State of the Art on Neural Rendering

* 0. Fried” . Tl
© S. Fanello®

n the various metha

Tewari, Ayush, et al. "State of the art on neural rendering."
Computer Graphics Forum. Vol. 39. No. 2. 2020.
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http://drive.google.com/file/d/1b2AMeDyhzDKq9aQftU3iPbWiiaV1BNsQ/view

| Simulation works! and has improved so far:

Pedestrian, Bicycle & Vehicle
Detection & Kinematics

The Networks in the Car
Were Trained On
371 Million Simulated Images
480 Million Cuboids

What’s next:

General Static World
Road Topology
More Vehicle & Pedestrians
Reinforcement Learning



| Overview

Tesla vision
Planning and Control
Manual/Auto Labelling

Simulation

Hardware Integration/Infrastructure

Dojo

10 billion (10042) labels on 250w video
clips

2000 CPU cores

multiple GPUs
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Al Compiler & Scheduling

( Neural Networks ]

[ Algorithms ]

FSD Chip:

72 TOPS

FSD Computer

Minimize Latency
&
Maximize Frame Rate

99



Al Compiler & Scheduling

Pytorch Model

COMPILER

..................................

Neural Net Package (program, weights, ...)
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| Al Compiler & Scheduling

Dual FSD Chip:

144 TOPS

EE Hm
@ I Nl NIEwE
il e
|Tcontrotls |
SOC-1
¥
Control

Outputs

Only one of the two engines
outputs the control comments
The other one serve as an
extension of compute

Roles are interchangeable
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| Al Evaluation Infrastructure

Road to develop the Al Cycle

1M+ runs/week

¢ 3 datacenters + cloud

¢ 3,000+ Autopilot FSD computers

*Bit-perfect evals on real FSD Al Chip hardware
e Custom job scheduling & device management
software

;"I'-".-g W 3 ? i\

[ &
0
1

Qv 4 Vol g
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| Debugging Tools
Helping the development and iteration of Neural Network

@ Voxels ¥ Tools ¥ Options ¥ ® § Voxels v Tools v Options v+ &

® Avisualization platform

e Comparing different
NN

® Increase efficiency

& image timestamp: 358.8368 . & image timestamp: 358.858 . @ image timestamp: 358,888 " Image timestamp: 358,886 M |

b braking_distpy = # + i il - L__L___ BURa
35 delta - (len(inp)-1) / (new_len-1)
36 dx_interp - interpolate(road_runner_timestamps, lcm_dx, lcm_timestamps)
37

38 braking_dist - (vel®*2)/(Z"long_accel)

39

40 - for 1 in range(len(vel)):

41

42 fFind critice vent

43 if(long_accel[i] > 10): #find decel that indicates AEE

44 if (lat_accel[i] « 1) ond (lat_accel[i] 1): i region before swerve

45 print("Vel: ",round(vel[i], 3),"Long_accel: ",round(long_accell[i], 3),\

46 "Braking Distance: ",round(braking_dist[i],3), "dX: ", round(dx_interp[i],3))

W v v v

v
> ' " E 358.888
1 s 285 47 569 7n 853 ofEEMS7 1279 421 1563 1705 1847 1989 2131 2273 2415 x1 103


http://drive.google.com/file/d/1UFJrjM2s9Ps4yDFgY7pvVu7BCxUdfNJY/view

| Overview

® Tesla vision

® Planning and Control

e Manual/Auto Labelling

e Simulation

e Hardware Integration/Infrastructure

e Dojo
Dojort iR EfEAT
https://mp.weixin.gg.com/s/40MMérTEFmSuJhvwTOkcNRg
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https://mp.weixin.qq.com/s/4OMM6rTFmSuJhvwTOkcNRg

| Dojo at a Glance

15 KW Heat Rejection

C Plane

18000 Amps

Power & Control

Running at 2GHz
>1 TB/s Die-to-Die BW at App-Level
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| Compute Scaling for Training

Total Off-Chip Bandwidth (Normalized)

TPU v3

Dojo D1

GPU

(HBM+Links)

Startups o

TFLOPs

* Based on publicly available information

512 GB/s in each cardinal direction,
each node

354 Training Nodes
362 TFLOPS BF16/CFP8

22.6 TFLOPS FP32
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| Compute Scaling for Training

Total Off-Chip Bandwidth (Normalized)

4x

Ox

TPU v3

GPU

(HBM+Links

Startups

Dojo D1

TFLOPs

* Based on publicly available information

362 TFLOPS sris/crrs
22.6 TFLOPS rpr32

10TBps/dir. on-chip Bandwidth
4TBps/edge. oft-chip Bandwidth

400W TDP

645mm2
7nm Technolo

50 Billion
Transistors

11+ Miles
Of Wires
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| Distributed Compute Architecture

NORTH
WEST 1288
1288

64B to local
SRAM
P I 1288
—

648 from local
SRAM

1288

Superscalar in-order CPU

4 wide scalar + 2 wide Vector Pipes

4-way Multithreaded

Custom ISA Optimized for ML
Kernels
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| Dojo Architecture
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| Dojo Architecture

Logical view of the System

DPU - Dojo Processing Unit

Virtual device that can be sized
based on Application Needs

D1 Accelerator Chips (Compute + Local Memory)
Dojo Interface Processors (Ingest + Shared Memory)

User view of the System

device = torch.device (acuda:0%)

|

device = torch.device("dojo”)

Host

Compiler performs mapping onto DPU (virtual device)
automatically without user involvement

DPUO

DPU 1

Mem

Mem

Mem

Mem

D1

D1

D1

D1

D1

D1

D1

D1

D1

D1

D1

D1

D1

D1

*))

D1

D1

D1

D1

D1

D1

D1

D1

D1

D1
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| Dojo Architecture

Chaining

M-l

Hybrid Partitioning

= e

Data Parallel Model Parall

;
2
i

Graph

Memory Allocation

- |?=- -
> <
- ==

%
%

Placement

111



| Dojo Architecture

Dojo Compiler Engine

PCle

Dojo Interface Processors

Serdes

v

Neural Net Models

PyTorch Extension

JIT NN Compiler
LLVM Backend

Multi-host, Multi Partition Management

Ingest & Shared Mem

ExaPOD
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OpenﬂriveLab
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End-to-end Autonomous Driving

An Introduction



[B]i: Why end to end?

(a) Classical Approach Bounding box Trajectory

(b) End-to-end Paradigm (This Survey)

— backpropagation
: T
-« o S~ N -
—> -Module)( -ModuleY —> -Planning
Q Mapping ? feature

https://github.com/OpenDrivelLab/E
TE | P S PN s nd-to-end-Autonomous-Driving

o [FRIEREREIRIENBAN
o AHHUTANIL, BURKBIRVEEIES

OpenﬂriveLab


https://github.com/OpenDriveLab/End-to-end-Autonomous-Driving
https://github.com/OpenDriveLab/End-to-end-Autonomous-Driving

[B]m: Why end to end?
+  BEEEREFI—NIBREIIERR R —RE T RAEFITE
+  EBEREREIZITTERAIREREEIR

+ EEHNREESHTHG (FR/SaEmn)

+ HHEERS (22 backbone), AT R&IF

OpenﬂriveLab



[Bi: Why end to end?

L1

E2E vs Non-E2E

REeERSRFOALZN

BHTHFRER(Closed-loop
/N\

evaluation)

ST
- BROESHHFHE

,
. ETRRERMEE i

CARLA g \ "
100 CARLA leaderboard Y,
—— Modular | We are here!
Credit to Andreas End-to-End

80

Geiger @ CVPR 2 o >
Workshop 2023

Credit to Dr. Yue Cao @ Zhihu

OpenﬂriveLab



Roadmap | End-to-end Autonomous Driving

CARLA Launched CARLA CARLA CARLA CARLA v2 Launched
DS: 8.94 DS: 24.98 DS: 47.65 DS: 79.95 DS:0.01
. . . nuPlan Launched
Reinforcement Policy Modality / Data Score: 0.90
Learning (RL) Distillation Advanced Structure Generation o
CIRL, MaRLn, GRI WOR, Roach, TCP InterFuser, ThinkTwice Advsim, L2C
A;Tr :gil:N Drive in A Day LBC Transfuser KING
0(50 Ag_ent / Reward Exgjrt - g K ﬂ\Tﬁic‘ger [- « _:'Ejj; = E|
K E Privileged | > Sensorimotor | u i SESE;EID i
Input Agent Agent
1988| 2016 2019 | | 2020 2021 \ 2022 | 2023 2024

Summary (1/2)

e Carla leaderboard gets much improved over the years. With new mapping /
routes (Carla v2) and nuPlan benchmark, this field got so much to do.

o RL method is prevalent in the beginning (since it's natural)

® Input modality and more advanced structure boosts the performance

OpenﬂriveLab



Roadmap | End-to-end Autonomous Driving

Summary (2/2)

e The First Neural Net based method dates back to 2016 using Imitation Learning
e Learned policy from Experts (IL), with data augmentation, could prevail in performance
e Interpretability, with explicit design in the network stands out recently

o End-to-end design comes to obsess many merits in previous attempt

1988 2016 2019 | | | 2020 | 2021 | | 2022 | | | 2023 2024
— >
" . . |
_ Expert I |
. I ﬁ)xpe ) Attention rl] " - ;r ~
=3 Drive by Critical | 5amPle| on-Policy N, Offsets | Policy |p,
B vire rl_ Learned States * | Data SR B u R Pretraining | * [ " >
interface I3 li ? e r
Command ™ s e SL’;’,EEHUUH Downstream
CNN E2E CIL DARB NEAT PPGeo UniAD
BDDV CILRS AgileAD, SafeDAgger NMP, BDD-X, PlanT SelfD, ACO P3, MP3, ST-P3
Imitation Conditional Policy Modular End-to-end

IL Generalization Interpretability

Learning (IL) Pretraining Planning

OpenﬂriveLab
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44
o0

ilzlfi );

NEAT

Encoder

ResNet B

jr

v~

https://arxiv.org/pdf/2109.04456.pdf

Positional Emb.

________________________________________ -
|
|
|
|

________________ .
Tn:: c
|
—| Transformer 0 Loss .
none
road

(‘)h.d%lli;cll.'c < CE

red hieht

ereen light Loss
N iterations

Sampling and Control

wT+I ’Wr]"+_'J

— ses wl"+2 \

Lateral PID

@

Longitudinal
PID

S\ 8 E

OpenﬂriveLab




. . https://arxiv.org/pdf/2301.01006.pdf
FiRkHKi%: PPGeo

(a) Self-supervised Visuomotor Policy Pre-training (b) Downstream Tasks
! - Consecutive frames input
E ) — - Since frames barely change
; | P i Ego Motion T’ - We need to STOP
Y PR = ST g — —
|
e Visual Input
Photometric
i Depth D,
' / Reconstruction
i
i Ir | - - E
DepthNet a.l Stage One Visual Encoder
' (Fine-tuned)
frozen
! I » d Ego Motion T’ Lo PthD[net[Ec
: Reconstruction
| Visual Encoder - Single frame input
| {Our Focus) - Since a car is ahead '
| - We need to STOP a.2 Stage Two Policy Learning :

OpenﬂriveLab




Ei#iHE: UniAD

A o Ego-vehicle Query
BEV Feature

B Track Q
—@—» &7 -

Map Q@

Multi-view Bird’s eye view
Vision-only Input Feature

l
MapF%ler

— Backbone l l

Perception

https://arxiv.org/pdf/2212.10156.pdf

il iy
> Yousn - ; = OccFormer | > Planner ]
Former o KV
"B ‘ '- T M
: Occ g Spic e
( B Motion @
I I Prediction ——— L Planning -

OpenﬂriveLab
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End-to-end Autonomous Driving

Key Challenges



Challenges in End-to-end Autonomous Driving
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Input Modality

Policy Distillation

Visual Abstraction
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Multi-task
Learning

Robustness and Generalization
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Hksk (1/8) - Input Modality

(a) Input modality

Visual (((,)) : A . '"-’c
Sensors : %’ .

= |

il h
Navigation ©
Signal | | ©x
Middle Fusion

Vehicl
Seta;::se ﬁ_’.}/ (;) : ' . @ command
Language Q_BT’E “—* @ fg

Instruction [ite Fusicr output

i (b) Fusion strategy

1P
concat /
attention

fused
feature

Early Fusion: Combine sensory
information before feeding it into the
feature extractor

Middle Fusion: Separately encode
inputs and then combining them at the
feature level

Late Fusion: Combine multiple results
from multi-modalities (Worst
Performance)
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Hkkk (2/8) - Visual Abstraction

Current methods first pre-train the visual encoder of the network using proxy pre-training tasks.

|

There inevitably exist possible information bottlenecks in the learned representation, and
redundant information unrelated to driving decisions may be included.
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ek (3/8) - World Model

States Cost / Reward
RL Gyms Ego agent - Success/Fail
- Other objects (static) - Intermediate Reward
- Background environment
Autonomous Ego-vehicle - Collision
S Driving - Other vehicles, pedestrians, - Comfort
cyclists, etc (moving) S Eorard
- Background environment
- etc
Complicated! Hard to define!

A video predictor?
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Hkkk (4/8) - Multi-task Learning

Multi-task learning (MTL) : Jointly perform several related tasks based on a
shared representation through separate branches/heads.

m Challenges

e Significant computational cost e The optimal combination of
reduction auxiliary tasks and the appropriate
® Related domain knowledge is weighting of their losses
shared within the shared ® Construct large-scale datasets with
model multiple types of aligned and high-

quality annotations
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Hk&k (5/8) - Policy Distillation

The popular “Teacher-Student” IL Paradigm

‘ - Expert (by RL/IL/hand-rule, gt input)
.. Xpe @ éé - Not/Can'’t perfect, even for a certain benchmark
= Method Input Driving Score
Transfuser [39, 8] Camera + LiDAR 31.0
i [ prian oG J . LAV [3] Camera + LiDAR 46.5
AL — — =] Student Model .
ol agent @ 5 + Frozen Roach Camera + LiDAR 8.9
Roach [55] Privileged Info. 74.2
e l B N I Roach + Rule [50]  Privileged Info. 87.0
_, | Sensorimotor | | @ =] From DriveAdapter work,
agent g ICCV 2023

(b) Sensorimotor agent training

- What for or How to Distillation

- Expert: Ground Truth (GT) to - Critical features

action Gap - Input gap - Casual confusion

Student: Image to action

v
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Hkkk (6/8) - Interpretability

Summary of the different forms of interpretability

Learned AttentionJ g™
oo Weights They aid in human
— W :
ransformer _ | comprehension of the
Dense Seg/ .4 r
Inte_lr_pritable Depth decision-making processes of
askKs
Object et/ Pred | end-to-end models,
Interpretability |, ) perception failures, and the
forE2EAD |\, | 2
.I“.I

reliability of the outputs.

Natural Action Description

The car is driving
Language

forward as there is
noting to impede it.

Occupancy
Cost Learning
Motion Fields

Action Explanation

| R N W S—

v .| Aleatoric/Data
\[ Uncertainty | Uncertainty
Modeli :
ocetng ’ \ Epistemic / Model
Uncertainty
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¥k&& (7/8) - Causal Confusion

® Driving is a task that exhibits
temporal smoothness, which makes

Dimension
ESREIEtG past motion a reliable predictor of the
next action.
- | am braking because
o —— / 566 8 rod light. Brake? e However, methods trained with
Input image € R i3 multiple frames can become overly
reliant on this shortcut. This is

Dimension
Correlation X' referred to as the copycat problem
Y and is a manifestation of causal
. -1 braking b q
ooy Rt | " am kg tecao | confusion,
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Pkik (8/8) - Robustness and Generalization

Common
non-critical cases

/ Various rare but

safety-critical cases

|

(a) Long-tailed Distribution

Learned Policy

No data on
how to recover

Expert Trajectory

Source Domain Target Domain

Simulator —>  Real world

LocatonA —  Location B

Weather A ———*  WeatherB
Day T Night

Sensor A &5 Sensor B

(c) Domain Adaptation

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

Mobileye RIS

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

SuperVision™ Chauffeur™ Drive™

NO DRIVER IN THE CAR

* 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 AR IRS

e AV

Mobileye )
Chauffeur™ Mobileye
Drive™

Mobileye Drive™

About
Unique Mobileye Tech
Saneors Moblieye SoC: & :}-\. Responsibility-Sensitive Safety™ (RSS)
Mobileye's ECU Based on 4 x EyeQ™ 6H  *+* An open source, comprehensive, and
verifiable mathematical approach to
=% Camera-Based Technology balance safety and efficient driving
Uniune " Mobileye's proprietary computer vision 7
Mobileye Tech technologies . . True Redundancy™
Mobileye’s sensor fusion architecture
N Road Experience Management™ (REM) based on two distinct independent
Features g Mobileye's crowdsourced AV mapping systems: a camera system, and a radar-
technology lidar system
Video
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https://www.mobileye.com/ces-2024/

Mobileye AR

Key Technology Enablers

Computer Vision REM™ Mapping RSS Based Driving Poiic‘sr—

Focus for this talk:

0]

How to reach sufficient MTBF for an How to reach scale while empowering the
Evyes-off system? OEM to own the driving experience?
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https://www.mobileye.com/ces-2024/

Mobileye AR

The End-to-End Approach in Autonomous Driving

Two types of end-to-end implementation:

OUTPUT

Ol " |
Full end-to-end: ; - pors n| PP Porcspton | DrvngPolcy .|l| » #i—

One monolithic DNN
(no “glue code”)

02

End-to-end sensing:

Separate stack

One monolithic DNN
(no “glue code”)
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https://www.mobileye.com/ces-2024/

Mobileye - End-to-end Perception Done Right

End-to-End Perception Done Right

An end-to-end Multi-camera: the information from all the cameras

perception system should be combined together

must tackle 5 “muilti”
probl ems: Multi-frame: information from different time stamp

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

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

End-to-End Perception Done Right

For example:
Mobileye’s TopView Net
End-to-end BEV network that utilizes only parking cameras

Multi-camera

Multi-frame

L=
I =
=
-,--
= ]
=
'-

Integrated into SW52 as a redundant subsystermn and also functions as the
surround sensing backbone of our !

Multi-objects

hands-off for highways
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Mobileye - End-to-end Perception Done Right

End-to-End Perception Done Right

But this is not the only problem:

Need to solve also “multi-lane”

The optimal solution — Use a map!

REM-based attention layer

B The ultimate prior

> | ane assignment

Mokileve's high-resolution map coverage is subject to avatabiiity of data

in

Multi-camera

Multi-frame

Multi-objects

Multi-scale

Multi-lanes
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[1] Li, Zhigi and Wang, Wenhai and Li, Hongyang, et al. BEVFormer: Learning Bird’s-
Eye-View Representation from Multi-Camera Images via Spatiotemporal
Transformers. arXiv:2203.17270

[2] Chen Min and Liang Xiao and Dawei Zhao and Yiming Nie and Bin Dai. UniScene:
Multi-Camera Unified Pre-training via 3D Scene Reconstruction. arXiv: 2305.18829

Shanghai Al Lab
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