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Significance

AR BER R BE R beat LIDAR?
IMTERAP 40 vs 70 E18
WERRE, KIEFHEEFSIERA
WNERABE, why? where’s the gap?

Space
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Readiness

High-quality Benchmark (Waymo/nuScenes)
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Waymo Challenge 2022

- let community work on together

Inspired by Transformer/ViT/MAE
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Why us?

BEVFormer arXiv:2203.17270

® Unwatch 57 ~ % Fork 67

Starred 727 v

ZE|TeslaFEEAk, BUHhkTransformer
NABFER . BiFEES R P4EE
nuScenes Top 1 E

BEVFormer++

iR fhbackbone/head/Rf/ensemble

P e
15% 34% 56%
Waymo 1st place 3=

LidarSeg Track as well

Future Work

AR E{LEBE/MDC/ 5%
IDEEHKRE/HREHE
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e Camera-only Setting

1 BEV@*" . AbBEa 55’]*}1 ® Core issues in 3D Perception
— - B3:= ® BEV Perception: Next Paradigm for AD



| Problem Setup: Multi-Camera 3D Perception

INPUT Al/DL/NN OUTPUT
8 Cameras 3-Dimensional “Vector Space”

amm




| Problem: Per-camera detection then fusion (nV)

Problem: Per-Camera Detection Then Fusion

Traditional method: .
- project from image plane(Front view) to vector—> Don't have . e p . . .
space (BEV) depth per pixel  Fusion is difficult as objects span differently across images.

- assumption ground is horizontal.
umption ground| 'z which is not ture



| Solution: BEV-based End-to-End Perception

BEV

® Because of the geometry of road,
projection cannot precisely project
corresponding point to BEV. (e.g., 3D ZiE4; Approximate Projection Based

) On Camera Calibration?

e if some part is occluded, the projection kit
. . rojection depends on the road
will be wrong. (FEIZ i 07) surface geometry. And if the point
of interest was occluded, you may
N want to look elsewhere.
L S \\
| mummN
Need to find relationship =t

between BEV grid and
images patch.

Front view



| Implementation: Transformer-based View Transformation

Vector Space Road Edges

1

Head

image-to-BEV transform
+multi-camera fusion

——
—

)

( BiFPN ] [ BIFPN ] [ BiFPN ]

‘ RegNet ’ ‘ RegNet ‘ ‘ RegNet ’
pillar [[SR Repeater [[O)

front view side view rear view

11



| Implementation: Transformer-based View Transformation

Output
Probabilities

Vector Space Road Edges

t

Head

— image-to-BEV transform
+multi-camera fusion
Transformer

MLP

—— ()~ (D

Positional & ositional
Encoding ncoding
Input
\ BIFPN BIFPN | [ QK T I
L J J L AQ,K,V)= softmaz( )V Inputs Outputs
( ( ) Vo (shifted right)
RegNet RegNet L RegNet
e e
main SR pilar [[SF Repeater [[S)
front view side view rear view Seeled Dot Procc l
Background on Transformer
[
L. - What: a query and a set of key-value pairs to an output
Attention is all you need, - The output: a sum of the , where the weight assigned to each value
is computed by a compatibility function of the query with the corresponding key. Multi-head attention

2017


https://arxiv.org/pdf/1706.03762.pdf
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1. Depth Estimation: Gap between Camera and Lidar. Need Accurate Depth
1. Sensor Fusion: Early Fusion v.s. Late Fusion
1. Domain Adaptation: More robust 3D Perception across Different Scenes

1. Dataset: 3D Data Generation

Shanghai Al Laboratory | 8 ATERES0IazE
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Camera 3D Perception

Accurate Depth: Bridging the gap between Camera method and LiDAR
method

Shanghai Al Laboratory | 8 ATERES0IazE
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Issues in Camera 3D Perception

Accurate Depth: Bridging the gap between Camera method and LiDAR
method

-

I

bl e & o1 '

i S Pred w/ [

I ept :; Enhanced I

Error

I Depth i
I Pred v 1
| BEV BEV I
\ /

————————————————————— -

[1] Depth Estimation Matters Most:
Improving Per-Object Depth Estimation for

Monocular 3D Detection and Tracking,

Shanghai Al Laboratory | i AT 8EsEIS = arxiv:2206.03666
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2 [ssues in Camera 3D Perception

Accurate Depth: Bridging the gap between Camera method and LiDAR

method
RIS
® Pseudo-LiDAR Track
o FEREMT, BEGLEMIRE
e Center-point Track
o tR{EFRNAIheatmap(al|Slocalization
o Depth Pretrain
O jitbackbonefRiBIREEL
o BEVHIAZTH
o [ClEEE M depth, {£BEV ZE AL

Shanghai Al Laboratory | 8 AT RSN

GT & GT
Pred w/

Enhanced
Depth

Pred v
BEV BEV

S e e e e e e e EE e e EEe S EE S e S R e e e

[1] Depth Estimation Matters Most:
Improving Per-Object Depth Estimation for

Monocular 3D Detection and Tracking,
arxiv:2206.03666
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BEV Perception: Next Paradigm for Autonomous Driving

TarR

o iEENgIt
o (ERBESMA

o BESHEERD

o BEERCEEHER, WK, B, )

FARR

x
3D Object
Detector

o HRENZIt
o BEVEH/EE / BE5
Frustum Feat. H Frustum to
. o o N Network Voxel Trans.
o BEVZEFHIHEREAFIRT— AL
o HuEEBenchmark E
..... 1LllE = .

o ZHEBEVEH] / BEH

Shanghai Al Laboratory | 8 AT RSN
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5
| Trending in Acadernia

izBEV Perception

2021.7
e HDMapNet

o HIHBEV E#EHHE]
e JRHBEVTEHFEDT
FX FHERTRS

o IHBEVEE

//
——= ]
o]

Vectorized HD map

Shanghai Al Laboratory | 8 ATERES0IazE
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Academia: ;ZBEV Perception

|
I
|

fz:e
13
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2021.7 2021.10-12
e HDMapNet e DETR3D
e BEVDet
o IHIHBEVT=iattE o IMUEHNEBEVTREG
o IRHBEVTENLAIEDS FB AR
BIX FERIRE
o HHBEVEE o [2Z({BEV feature

//

________________

Vectorized HD map

s
i
et

Shanghai Al Laboratory | 8 ATERES
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in Academia: ;ZBEV Perception

IH
|
|

a1
3 |||l
i

iw
iy

v

2021.7 2021.10-12 2022.3
e HDMapNet e DETR3D e BEVFormer
e BEVDet e PersFormer
o MHBEVTIEIEHE o MIBEHIEBEVTRIG o EENSHETIEE
o IRHBEV MBEHFIEDE BBl BEVZEAE
TIX FHIERIRE
o IEiHBEViEE o [2(MBEV feature o ST MBEV feature

J

>
:
Deformable

@

//

.‘T:],. Reference||

[=a[@ points

n
vV

uousyly Sso19
peseq dl

I
Target point

Vectorized HD map

[

Shanghai Al Laboratory | 8 AT RSN



iding in Academia: ;ZBEV Perception

2021.7
e HDMapNet

o HIHBEVTSEHEE
o I2HBEV ENFIES
T|X FHERREE

2021.10-12

e DETR3D
e BEVDet

o INIABHIIEBEV TREE
By B ARt

2022.3

BEVFormer
PersFormer

BRI SHERSE
BEVERIE

2022.5

e BEVFusion (AEERR)
e BEVFusion (MIT)
e FUTR3D
[}

BEV TS IESIFIRLS

Zi alRA: AN{a)iRE M front viewsEFBZIBEV (View Transformation) 528 H W Feature?

o IHBEVEE

Vectorized HD map

Shanghai Al Laboratory | S ATE

o [ fMBEV feature

LvES

o ST MBEV feature

Target point ’

[ )
| >
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Deformable gg
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e TEBEV-featureEEMEIS

Camera Feat.
(in BEV)

->ﬁ->

Camera-to-BEV

\
View Transform
aan/
A BEV
-5 &

Encoder
Flatten LiDAR Feat.
(along z-axis) (in BEV)

22
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Center of prSjection

Camera Projection

Issues:
® From 3D to 2D:

Shanghai Al Laboratory | 8 ATERES0IazE 23



Q2 = (X2,Y3,Z3)
___________ °

@
Q1 = (X1, Y1,Z7)

S Optical axis b

Center of prc:jection

Camera Projection

Issues:
e From 3D to 2D:

o Multiple 3D points will hit the same 2D pixel

Shanghai Al Laboratory | 8 ATERES0IazE
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ransformation

92 = (X2, Y3, Z3)

“
>
>

O

Center of projection

Issues:

e From 3D to 2D:
o Multiple 3D points will hit the same 2D pixel

e From 2D to 3D:

Shanghai Al Laboratory | 8 AT RSN
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I

Transformation

.Qz = (X2, Y3, Z3)

“
>
>

The depth is unknown

O ="

Center of projection

Issues:

e From 3D to 2D:
o Multiple 3D points will hit the same 2D pixel

e From 2D to 3D:
O Depth is unknown

Shanghai Al Laboratory | 8 AT RSN
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Transformation

.Qz = (X2, Y3, Z3)

O ="

Optical axis Sk

Center of projection

The depth is unknown

Issues:
e From 3D to 2D:

o Multiple 3D points will hit the same 2D pixel
e From 2D to 3D:

O Depth is unknown No matter what, the transformation is ill-posed

Shanghai Al Laboratory | 8 AT RSN
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Way 1: From-2D-to-3D prior

o BERARERF, FPFFUNRE
i. Lift, Splat, Shoot and its derivant
ii. Pseudo-LiDAR Family

Way 2: From-3D-to-2D prior
o IR#E3DRI2DAVLE,, index/FEBIFLE
i. DETR3D and its derivant
ii. Explicit BEV feature
O Implicit 3D Positional Embedding

Shanghai Al Laboratory | 8 ATERES0IazE
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_depth distribution a l
; ', |
featuyv

QoC aic apc
;,p I D
yﬁ per-pixel outer product
e Lift-Splat-Shoot(LSS) [1]: {EREiZbin%

Shanghai Al Laboratory | 8 AT RSN

PRIGREDTHNEE

EEEREALT

[1] Lift, Splat, Shoot: Encoding Images from
Arbitrary Camera Rigs by Implicitly
Unprojecting to 3D, ECCV 2020.

29



AoC aic cee apc

depth distribution a l
'.0
feaﬂlyv

“nmy >
— per-pixel outer product

e Lift-Splat-Shoot(LSS) [1]: {ER#ZbiInDSEANRE D INEIELRE

it
o {li#h:

o RELHIENBERER
o B

o ERHIDHEEMERRN, SHLZRERKRA
o WRAFRAZBLIE
o [REETE:
o CaDDN [2]
O FIERY [3]

O BEVDet / BEVFusion / BEVDepth
Shanghai Al Laboratory | i ATERELIG=

: Lift-Splat-Shoot (LSS) and its Derivant

[1] Lift, Splat, Shoot: Encoding Images from
Arbitrary Camera Rigs by Implicitly
Unprojecting to 3D, ECCV 2020.

[2] Categorical Depth Distribution Network
for Monocular 3D Object Detection, CVPR
2021.

[3] FIERY: Future Instance Prediction in
Bird's-Eye View from Surround Monocular
Cameras, ICCV 2021 (Oral).

30



e BEVFusion [1]: LSS + VoxelNet

2D to 3D: Lift-Splat-Shoot (LSS) and its Derivant

‘\K

J

21
n

BEV Map Segmentatioj

> ->£->

Camera-to-BEV
View Transform

3D Object Detection

[1] BEVFusion: Multi-Task Multi-Sensor
Fusion with Unified Bird's-Eye View
Representation, arxiv:2205.13542.

31
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BEVFusion [1]: LSS + VoxelNet
Camera-to-BEV View TransformZ=H8

2D to 3D: Lift-Splat-Shoot (LSS) and its Derivant

— Sc————
i [}
a
e o LSSAYMZ, NIERBEV pooling
ap Segmentation
e ZHBTransFusion, {EBEV RIS
Camera#[JLiDAR feature

Camera-to-BEV
View Transform

3D Object Detection

[1] BEVFusion: Multi-Task Multi-Sensor
Fusion with Unified Bird's-Eye View
Representation, arxiv:2205.13542.

RESLIRE

Shanghai Al Laboratory | E@ATE
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BEVFusion [1]: LSS + VoxelNet
Camera-to-BEV View TransformZ=H8

2D to 3D: Lift-Splat-Shoot (LSS) and its Derivant

»_. -____I
e e [ ]
a
ap Segmentation
o SHM&TransFusion, fEBEVTRIS
Camera#[JLiDAR featu N («.))

® nuSrenec NING- N 741
Current SOTA
Any Modality

Camera-to-BEV
View Transform

3D Object Detection

[1] BEVFusion: Multi-Task Multi-Sensor
Fusion with Unified Bird's-Eye View
Representation, arxiv:2205.13542.

RESLIRE

Shanghai Al Laboratory | E@ATE
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2D to 3D: Lift-Splat-Shoot (LSS) and its Derivant

> > ->£->

Camera-to-BEV

\
View Transform f
=-l-=
7
o~ - (- =
Image-view Encoder View Transformer BEV Encoder

Depth Classification Map g
Model Point Cloud
t - EY e
Detection Head
zpY

ot

Nx3xHxW 1
Image View Space BEYV Space

Shanghai Al Laboratory | 8 AT RSN

I

.«

BEV Map Segmentation

3D Object Detection

mw

LSSEYHZE, NMEBEV pooling

e S MBTransFusion, {EBEVFEE

=N

Camera#fJLiDAR featu L @

® nuSrenec NING- N 741

Current SOTA
Any Modality

e BEVDet[2]: LSS + CenterPoint

[1] BEVFusion: Multi-Task Multi-Sensor
Fusion with Unified Bird's-Eye View
Representation, arxiv:2205.13542.

[2] BEVDet: High-Performance Multi-
Camera 3D Object Detection in Bird-Eye-
View, arxiv:2112.11790.

BEVFusion [1]: LSS + VoxelNet

Camera-to-BEV View TransformZ8&

N

34



e BEVFusion [1]: LSS + VoxelNet
> > @ > e Camera-to-BEV View TransformZh8
o me LSSEYHZE, NMEBEV pooling

\
View Transform . DU > %ﬂ e ZMBTransFusion, {EBEVTFElS

R Camera#fJLiDAR featu L @
-[p -6 - (== - & 2

® nuSrenec NING- N 741

== Current SOTA
3D Object Detection .
Any Modality
Q epth Clsitcaton Map pErtion e BEVDet [2]: LSS + CenterPoint
‘ | e View TransFormer 7£ LSSERL_E X
’’’’ e |7 AY , HEI0T BEV ZSiA) FEGIRIG

Va4 A .20 ] e nuScenes NDS: 0.569

Nx3xHxW

BEV Space [1] BEVFusion: Multi-Task Multi-Sensor
Fusion with Unified Bird's-Eye View
Representation, arxiv:2205.13542.

[2] BEVDet: High-Performance Multi-
Camera 3D Object Detection in Bird-Eye-
View, arxiv:2112.11790. 35

Image View Space

Shanghai Al Laboratory | 8 AT RSN



; 3D: Lift-Splat-Shoot (LSS) and its Derivant

= .\
g A

WOk RE
ligence Lubwesscey

il oeclige

Backbone Image Feature Context Feature

l e BEVDepth [1]: LSS + Depth
N Efficient supervision
g Voxel Pooling
Depth_Distribution BEV Feature =

K

- wm wm o= o= P

LS

Multi-view Images Depth Supervision (Visualization Only) Prediction Results

[1] BEVDepth: Acquisition of Reliable
Depth for Multi-view 3D Object
Detection, arXiv:2206.10092.

Shanghai Al Laboratory | 8 AT RSN



Backbone Image Feature

Multi-view Images

Shanghai Al Laboratory | @A T8

ontext Feature

y

Efficient

(7

Depth Distribution BEV Feature

¢

: Supervision

oxel Pooling

=

Depth Supervision (Visualization Only) Prediction Results

SCIE

e BEVDepth [1]: LSS + Depth
supervision

e BEV FeatureZRELSSHIMGE, JJIII)\
LIDAR{/EjJV\J-‘— \EEIJ”/_J:

[1] BEVDepth: Acquisition of Reliable
Depth for Multi-view 3D Object
Detection, arXiv:2206.10092.
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ontext Feature

y

Backbone Image Feature

Efficient

[

K

Multi-view Images Depth Supervision (Visualization Only)

Shanghai Al Laboratory | 8 AT RSN

Depth Distribution

(7

BEYV Feature

oxel Pooling

=

Prediction Results

e BEVDepth [1]: LSS + Depth
supervision

e BEV Feature£BELSSHIMGE, MO
LIiDAR{EARE DRI EES

e nuScenes NDS: 0.600 [Tl 85#%

Current SOTA
Camera-only

[1] BEVDepth: Acquisition of Reliable
Depth for Multi-view 3D Object
Detection, arXiv:2206.10092.
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Predicted 3D boxes
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D to 3D: Pseudo Lidar Family

Pseudo LiDAR 3D object detection

Depth map

Depth estimation

Stereo/Mono images

! B & Stereo/Mono
depth

e Pseudo-LiDAR[1]: {EREGERIFEMT, CEGHEREMIRE

[1] Pseudo-LiDAR from Visual Depth
Estimation: Bridging the Gap in 3D Object

Detection for Autonomous Driving
Representation, CVPR 2019.

Shanghai Al Laboratory | 8 AT RSN
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D to 3D: Pseudo Lidar Family

Stereo/Mono images  Depth estimation Depth map Pseudo LiDAR 3D object detection  Predicted 3D boxes

s 4 LiDAR-based

e Pseudo-LiDAR[1]: {EREGERIFEMT, CEGHEREMIRE

o ffi3h:
o REEREER, JLBEARIEN
o I

o IRNFEEEEKBMTREMT, HRIBEENEN
o EIMNFREERIRIETHREEREARSBIRE
o [REETIE:
O Pseudo-LiDAR++ [2]
O Patch-Net [3]

Shanghai Al Laboratory | 8 AT RSN

[1] Pseudo-LiDAR from Visual Depth
Estimation: Bridging the Gap in 3D Object

Detection for Autonomous Driving
Representation, CVPR 2019.

[2] Pseudo-LiDAR++: Accurate Depth for 3D
Object Detection in Autonomous Driving,
ICLR 2020.

[3] Rethinking Pseudo-LiDAR
Representation, ECCV 2020.

40



DETR3D and its Derivant

< .

ResNet+FPN

K]
LK
o |7

Shanghai Al Laboratory | 8 AT RSN

e DETR3D [1]: ¥ flcamera feature =, 1E{E
BEVZ|front viewlYXZ, FfEfront view

feature, HitH3D BRI

[1] DETR3D: 3D Object Detection from Multi-view

Images via 3D-to-2D Queries, CoRL 2021.

41



: DETR3D and its Derivant

ResNet+FPI

il
| i
] &
|
Ll
i. -
|

BHEk

ion

29
38
1
1
l
I
I
I
I
I
!
)
HiGE

Shanghai Al Laboratory | 8 AT RSN

DETR3D [1]: ¥ {lcamera feature -, EiE

BEVZ|front viewlYkZE, XEEfront view

feature, HtH3DHERGN

Feature Transformation : 3D queryi&&/%2D
(front view) EH, &i82D feature, decode

FXobject bbox
O
nuScenes NDS: 0.479

[1] DETR3D: 3D Object Detection from Multi-view
Images via 3D-to-2D Queries, CoRL 2021.

42
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DETR3D and its Derivant

e DETR3D [1]: ¥ flcamera feature =, 1E{E
BEVZ|front viewlYXZ, FfEfront view
o, - feature, #HiH3D B
(e} LAY '—__ _____ b _: o
% | -7- . e Feature Transformation : 3D query$&a2Zl2D
e E N E/E T E_’ (front view) [, EifJ2D feature, decode
P : F¥object bbox
e nuScenes NDS: 0.479
- Modality-Agnostic e FUTR3D [2]: sensor fusion of DETR3D
ﬁ » Feature Sampler
ackbone
“ - (MAFS) predicted 3D bounding boxes
camera images \‘ e | - - - -
Sy ol ) /
=& RN
LDAR pointclouds /, [ Transformer decoder ‘]
Radar o i [1] DETR3D: 3D Object Detection from Multi-view
L » /e @\J T T T Images via 3D-to-2D Queries, CoRL 2021.
s -/ [2] FUTR3D: A Unified Sensor Fusion Framework for 3D
radar points Detection, arXiv:2203.10642. 43



D: DETR3D and its Derivant

e DETR3D [1]: ¥ flcamera feature =, 1E{E
e MR o BEVZE|front viewJXZK, XiFfront view
i . B eomi v cti feature, HIDBREN
B - @Z . e geend - i E*ﬂfh:ﬂ )
ﬂ - ' | B e Feature Transformation : 3D query#%&/Z2D
“ 5 _:" E/E 4:_' E_’ (front view) FE, Eif)2D feature, decode
e - Flobject bbox
® nuScenes NDS: 0.479
. Modality-Agnosti e FUTR3D [2]: sensor fusion of DETR3D
G . BN, o, Fesura St 2 ,
“ - . (MAFS) predicted 3D bounding boxes ° MAFS : 3D qU@rYﬁ%U?ﬁ%ﬁﬁuquzE, Voxel
[ — , radarEEAXIMfeature, decodefifobject
. ~ of(efj(e])[e (@
camera images beX —+ ()
-» T T T T e nuScenes NDS: 0.680
HBAR pointiclouds [ Transformer decoder ‘]
“ 5% Radar N [1] DETR3D: 3D Object Detection from Multi-view
) 5 ,,’": [ » J T T T Images via 3D-to-2D Queries, CoRL 2021.
R [2] FUTR3D: A Unified Sensor Fusion Framework for 3D
radar points Detection, arXiv:2203.10642. 44



BEV Feature

Shanghai Al Laboratory | 8 ATERES0IazE

_-‘-
i

e 3D-LaneNet [1]: BEV 3DZEELAE

[1] 3D-LaneNet: End-to-End 3D Multiple Lane
Detection, ICCV 2019.

i
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®
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-icit BEV Feature
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e 3D-LaneNet [1]: BEV 3DZEELAE
e Projection to Top view : featurep\front view

125 ZIBEV, EFAPM, Fgrid samplerskiig
ZIBEV feature

® OpenlLane F1:40.2

[1] 3D-LaneNet: End-to-End 3D Multiple Lane
Detection, ICCV 2019.
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Explicit BEV Feature
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e 3D-LaneNet [1]: BEVR3DZEELZAGT
e Projection to Top view : featurep\front view

5/ Z2IBEV, EHAPM, Fgrid samplersiFs
ZIBEV feature

® Openlane F1:40.2

https://github.com/OpenDrivelLab

OpenDrivelab  5,ciiane

e PersFormer [2]: 2D-3DZEELEASTEN

[1] 3D-LaneNet: End-to-End 3D Multiple Lane
Detection, ICCV 2019.

[2] PersFormer: 3D Lane Detection via Perspective
Transformer and the OpenlLane Benchmark,
arXiv:2203.11089.
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3D-LaneNet [1]: BEV 3D ELZAE

[ ]

e Projection to Top view : featurep\front view
1R/FIBEV, ZFFAPM, Flgrid samplerskiF(g
ZIBEV feature

® Openlane F1:40.2

Current SOTA

https://github.com/OpenPerceptionX

PerceptionX /o cniane

PersFormer [2]: 2D-3DZEELZEASHEN
IPM-based Cross Attention : LAfront view
featuregkeyFvalue, EiZIPMEZ2D-BEVAY
&%, {EABEV queryXEIAISE|IBEV

feature

#11 sBRehkane 4% 3b Multiple Lane

Detection, ICCV 2019.

[2] PersFormer: 3D Lane Detection via Perspective
Transformer and the OpenlLane Benchmark,

arXiv:2203.11089.
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j‘Iicit 3D Positional Embedding
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[1] PETR: Position Embedding
Transformation for Multi-View 3D Object
Detection, arxiv:2203.05625.
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e PETR[1]: EF 3D ERIBHISDYIAIEI

e 3D Coordinates Generator & 3D Position

Encoder : &R ETF 3D BLRID, 4HIE
2DFHIEENENcoder, BWHFHEEEG3IDTEIE

o

® nuScenes NDS: 0.481

[1] PETR: Position Embedding
Transformation for Multi-View 3D Object
Detection, arxiv:2203.05625.
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plicit 3D Positional Embedding
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e PETR[1]: ETFID[IEmIBAISDYIAIEN
e 3D Coordinates Generator & 3D Position

Encoder - 4FETFIDAMFAIIBRD, 50
ODEHEEANEncoder, iSRG 3D ENE
B

® nuScenes NDS: 0.481

e PETRv2 [2]7EPETRAYERL £, MMATHFER

[1] PETR: Position Embedding
Transformation for Multi-View 3D Object
Detection, arxiv:2203.05625.

[2] PETRv2: A Unified Framework for 3D
Perception from Multi-Camera Images,
arxiv:2206.01256. 51
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PETR [1]: EF3D{/EHmASRISDYIAEIN
3D Coordinates Generator & 3D Position
Encoder : &£ ETIDAIRHINIBIRID, 4RiD
2DFHIBENENcoder, IR B3DZ(ENS

o

nuScenes NDS: 0.481

PETRv2 [2]fEPETRAVERL L, IIATHFER
BIFFRIE: #Eimage space FRESHEIANER
nuScenes NDS: 0.582

Second Best MEGVII[ Y

Camera-only

[1] PETR: Position Embedding
Transformation for Multi-View 3D Object
Detection, arxiv:2203.05625.

[2] PETRv2: A Unified Framework for 3D
Perception from Multi-Camera Images,
arxiv:2206.01256. 52



e From 2D-to-3D prior
o FURE
i. Lift, Splat, Shoot and its derivant
ii. Pseudo-LiDAR Family

e From 3D-to-2D prior
o 1RIESDR2DAYIRES, index/HERIHIE
i. DETR3D and its derivant
ii. Explicit BEV feature
O Implicit 3D Positional Embedding

ary of BEV Perception in Academia
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Both perspectives are promising on nuScenes / Waymo leaderboard
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3 BEVFormer B{EXTAE

BEVFormer and its Variant



BEVFormer: Demo

BEVFormer: Learning Bird's-Eye-View Representation from
Multi-Camera Images via Spatiotemporal Transformers

Zhiqi Li*x, Wenhai Wangx, Hongyang Li*, Enze Xie, Chonghao Sima, Tong Lu, Yu Qiao, Jifeng Dai
Nanjing University Shanghai Al Laboratory The University of Hong Kong

Shanghai Al Laboratory | 8 AT RSN
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BEVFormer

KIRIRIR

ETF Deformable Attentiont&EBISCIN T —Fhgh
BEZMAENL (multi-camera) FIRYFAFERYR
FiRiEZE, ERTEZMEIEREAES

What's in here at timestamp t ?

Lookup & Aggregate

Multi-Camera Images at Timestamp ¢t

There is a car |

BEV Queries

N

Temporal Attention

BEV at Timestamp ¢ — 1

BEV at Timestamp ¢
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lotivation

BEVFormer KIEIRIR

HF Deformable Attentiont&BISCIN T —FFFE + BEV Queries Q: FHTFE1818%BEVEHITEE

SEZMAIEN (multi-camera) FIBTFAFERIR
EintEZE, ERTSM BB HERIES

Lookup & Aggregate
There is a car |

What's in here at timestamp t ?

Multi-Camera Images at Timestamp ¢t

e
\
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Temporal Attention | BEV at Timestamp ¢

BEV Queries

BEV at Timestamp ¢ — 1
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otivation

BEVFormer KIEIRIR

HF Deformable Attentiont&BISCIN T —FFFE + BEV Queries Q: FHTFE1818%BEVEHITEE
BZMATEN (multi-camera) FIAYF4SEE « Spatial Cross-Attention: FAFRISZIMBISHE

FtEZR, ERTEMEMNESWRAES
Lookup & Aggrm

There is a car |

What's in here at timestamp t ?

N
\
/

BEV at Timestamp ¢

BEV Queries Temporal Attention

BEV at Timestamp ¢ — 1
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BEVFormer

otivation

KIRIRIR

HF Deformable Attentiont&BISCIN T —FFFE + BEV Queries Q: FHTFE1818%BEVEHITEE
BZMATEN (multi-camera) FIAYF4SEE « Spatial Cross-Attention: FAFRISZIMBISHE
FimtEZR, ERTEZHEMNEEAES + Temporal Self-Attention: FF@I&HTFBEVEF

What's in here at timestamp t ?

/

Lookup & Aggregate

There is a car |

N
\
/

BEV Queries

| Attention

BEV at Timestamp ¢

BEV at Timestamp ¢ — 1
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BEVFormer

otivation

KIRIRIR

HF Deformable Attentiont&BISCIN T —FFFE + BEV Queries Q: FHTFE1818%BEVEHITEE
BEZMAIENL (multi-camera) FORYF4HFHIEAYIR  » Spatial Cross-Attention: FBTFRISZIABHIE

FiHtEZR, ERTSHBEmSHEAUES « Temporal Self-Attention: FHTFEIEATFBEVEF
fF
Lookup & Aggregate

What's in here at timestamp t ?

There is a car |

BEV Queries

Ego —1 "
N\
\
/

Temporal Attention BEV at Timestamp ¢

BEV at Timestamp ¢ — 1

eSS 3o

» Using learnable queries to represent
real world from BEV view

* Look up spatial features in images
and temporal features in previous
BEV map, aka Spatial-temporal
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BEVFormer
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Former: Overall Architecture
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(a) Overall Architecture

KR

» Using learnable queries to represent

« BEV Queries Q: FHTE18{5ZBEVEHIEE real world from BEV view
« Spatial Cross-Attention: FHFEIEZNARHIE + Look up spatial features in images

and temporal features in previous

 Temporal Self-Attention: FIFEIESHIFBEVES BEV map, aka Spatial-temporal

(c) Temporal Self-Attention
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rmer: BEV Queries

e BEV queries JH*W*CHY A/ ZIE#, FIKEikES 5 F1IBEVEFE.
BRI queryBB(Xth = FEAFENT 9 BIE XL,
o WEEFspatialfitemporal {55, “RLBEVAFEE

o FHMUT
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2r: Spatial Cross-Attention s =

»

BifJspatial(2

1=
=1r 2
[Step 1] Lift each BEV query to be a pillar
[Step 2] Project the 3D points in pillar to 2D

points in views

/4
\

-

Hit Views W

[Step 3] Sample features from regions in

o e e e
" -
L e T T T T

Spatial Cross-Attention [Step 4] Fuse by weight

[1] Deformable DETR: Deformable Transformers for
End-to-End Object Detection, ICLR 2021 Oral
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O
.

Spatial Cross-Attention

Sparse Attention, e.g., Deformable Attention [1]

Shanghai Al Laboratory | 8 AT RSN

BHifjspatiallS8

1=
=[r54
[Step 1] Lift each BEV query to be a pillar
[Step 2] Project the 3D points in pillar to 2D

points in views
[Step 3] Sample features from regions in

[Step 4] Fuse by weight

[1] Deformable DETR: Deformable Transformers for
End-to-End Object Detection, ICLR 2021 Oral
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Former: Spatial Cross-Attention
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[Step 1] Lift each BEV query to be a pillar
[Step 2] Project the 3D points in pillar to 2D

points in views
[Step 3] Sample features from regions in

[Step 4] Fuse by weight
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[Step 1] Align two BEV maps according to the
ego motion

[Step 2] Sample features from both past and
current.

[Step 3] Weighted summation of sampled
features from past and current BEV maps.

[Step 4] Use RNN-style to iteratively collect
history BEV features
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Former: Explicit BEV feature
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BEVFormer: Performance on nuScenes & Waymo 1.2

nuScenes test set, NDS: 56.9 v.s. 47.9 Waymo 1.2 val set, L1/APH: 28.0v.s. 22.0

Table 1: 3D Detection Results on nuScenes test set. * r}otes“that VoVNet-92 (V2-99) [21] was Table 3: 3D Detection Results on Waymo val set under Waymo evaluation metric and nuScenes
pre-trained on the depth estimation task with extra data [31]. “BEVFormer-S” does not leverage evaluation metric. “L1” and “L2” refer “LEVEL_1” and “LEVEL_2"” difficulties of Waymo [40]. *:

temporal information in the BEV encoder. “L_and “C" indicate LiDAR and Camera, respectively. Only use the front camera and only consider object labels in the front camera’s field of view (50.4°).

Method Modality BackbongdNDS mAPﬁmATEi mASE| mAOE| mAVE| mAAE| T: We compute t.he NDS score by setting ATE and AAE to be 1. “L” and “C” indicate LiDAR and
SSN [31] L N 0.569 0.463 N N N } N Camera, respectively. . :
CenterPoint-Voxel [51] L - 0.655 0.580) - - - - . — — - (\)’Vgxymo Metr;cij - Nuscenes Metrics
PointPainting [43] L&C - 10581 0.464] 0388 0.271 0496 0247 0.111 etho odality oU=0. oU=0. +

£ I/APH LYAPH|LI/APH L2/APHNDS'T APT ATE] ASE| AOE|
FCOS3D [45] C R101 §0.428 0.358] 0.690 0.249 0452 1434 0.124
PGD [44] C R101 H0.448 03861 0.626 0.245 0451 1509 0.127 PointPillars [20]] L [J0.866 0.801 | 0.638 0.557 I| 0.685 0.838 0.143 0.132 0.070
BEVFormer-S C RI01 §0.462 0.4094 0.650 0.261 0.439 0.925 0.147 DETR3D [1/] C 0220 0216 | 0.055 0.051]| 0.394 0.388 0.741 0.156 0.108
B C  RIOL §0.535 0.4450 0.631 0257 0405 0435 0.143 BEVFormer C__ 110280 0.241 | 0.061 _0.052] 0.426 0.440 0.679 0.157 0.101
DETR3D [47] C  v2-99* §0.479 0.412] 0.641 0.255 0.394 0.845 0.133 BEVFormer* C ) 308 0277 | 0077 0.06 } o ) B
BEVFormer-S C  V2-99" [0.495 0.435] 0.589 0.254 0.402 0.842 0.131
BEVFormer C  Vv2-99* \0.569 0.481 0.582 0.256 0375 0.378 0.126

Shanghai Al Laboratory | 8 AT RSN
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nuScenes test set, NDS: 56.9v.s. 47.9

Table 1: 3D Detection Results on nuScenes test set. * notes that VoVNet-99 (V2-99) [21] was
pre-trained on the depth estimation task with extra data [31]. “BEVFormer-S” does not leverage

BEVFormer: Performance on nuScenes & Waymo 1.2

temporal information in the BEV encoder. “L” and “C” indicate LiDAR and Camera, respectively.

Method Modality BackbonfNDS mAPﬁmATEi mASE| mAOE| mAVE| mAAE|
SSN [54] L; - 0.569 0.463 - - - - -
CenterPoint-Voxel [51] 1 - 0.655 0.580§ - - - - -
PointPainting [43] L&C - 0.581 0.464§ 0.388 0.271 0.496 0.247 0.111
FCOS3D [45] @ R101 §0.428 0.358] 0.690 0.249 0.452 1434 0.124
PGD [44] (& R101 §0.448 0.386] 0.626 0.245 0.451 1.509 0.127
BEVFormer-S C 0.462 0.409) 0.650 0.261 0.439 0.925 0.147
BEVFormer C 0.535 0.445§ 0.631 0.257 0.405 0.435 0.143
DD3D [31] € V2-99* §0.477 0.418] 0.572 0.249 0.368 1.014 0.124
DETR3D [47 € V2-99* §0.479 0.412) 0.641 0.255 0.394 0.845 0.133
BEVFormer-S C V2-997 §0.495 0.435] 0.589 0.254 0.402 0.842 0.131
BEVFormer C V2-99* §0.569 0.4814 0.582 0.256 0.375 0.378 0.126

iHRRSCIN R

e Still, strong backbone matters.

Shanghai Al Laboratory | 8 AT RSN

kN TW R % 4
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Waymo 1.2 val set, L1/APH: 28.0v.s. 22.0

Table 3: 3D Detection Results on Waymo val set under Waymo evaluation metric and nuScenes
evaluation metric. “L1” and “L2” refer “LEVEL_1" and “LEVEL_2" difficulties of Waymo [40]. *:
Only use the front camera and only consider object labels in the front camera’s field of view (50.4°).
F: We compute the NDS score by setting ATE and AAE to be 1. “L” and “C” indicate LiDAR and
Camera, respectively.

Waymo Melrics Nuscenes Metrics

Method Modality IoU=0.5 IoU=0.7 -
1/APH L2/APH|L1/APH Lo/APHNPS'T APT ATE| ASE] AOE{

PointPillars [20]] L [J0.866 0.801 | 0.638 0.557 I| 0.685 0.838 0.143 0.132 0.070
DETR3D [47] C 0220 0.216 | 0.055 0.051 | 0.394 0.388 0.741 0.156 0.108
BEVFormer C 0.280 _ 0.241 | 0.061 0.052 ) 0.426 0.440 0.679 0.157 0.101
CaDNN* [34] C 0.175 0.165 | 0.050 0.045) - - - - -
BEVFormer* C 308 0.277 | 0.077  0.06 - - - - -
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nuScenes test set, NDS: 56.9v.s. 47.9

Table 1: 3D Detection Results on nuScenes test set. * notes that VoVNet-99 (V2-99) [21] was
pre-trained on the depth estimation task with extra data [31]. “BEVFormer-S” does not leverage

BEVFormer: Performance on nuScenes & Waymo 1.2

temporal information in the BEV encoder. “L” and “C” indicate LiDAR and Camera, respectively.

Method Modality BackbonfNDS mAPﬁmATEi mASE| mAOE| mAVE| mAAE|
SSN [54] L - 0.569 0.463 - - - - -
CenterPoint-Voxel [51] 1 - 0.655 0.580§ - - - - -
PointPainting [43] L&C - 0.581 0.464§ 0.388 0.271 0.496 0.247 0.111
FCOS3D [45] @ R101 §0.428 0.358] 0.690 0.249 0.452 1434 0.124
PGD [44] (& R101 §0.448 0.386] 0.626 0.245 0.451 1.509 0.127
BEVFormer-S C 0.462 0.409) 0.650 0.261 0.439 0.925 0.147
BEVFormer C 0.535 0.445§ 0.631 0.257 0.405 0.435 0.143
DD3D [31] € V2-99* §0.477 0.418] 0.572 0.249 0.368 1.014 0.124
DETR3D [47 € V2-99* §0.479 0.412) 0.641 0.255 0.394 0.845 0.133
BEVFormer-S C V2-997 §0.495 0.435] 0.589 0.254 0.402 0.842 0.131
BEVFormer C V2-99* §0.569 0.4814 0.582 0.256 0.375 0.378 0.126

iHRRSCIN R

Still, strong backbone matters.

kN TW R % 4
Shargdhai Aesiicial nelipence Libsornice

Waymo 1.2 val set, L1/APH: 28.0v.s. 22.0

Table 3: 3D Detection Results on Waymo val set under Waymo evaluation metric and nuScenes
evaluation metric. “L1” and “L2” refer “LEVEL_1" and “LEVEL_2" difficulties of Waymo [40]. *:
Only use the front camera and only consider object labels in the front camera’s field of view (50.4°).
F: We compute the NDS score by setting ATE and AAE to be 1. “L” and “C” indicate LiDAR and
Camera, respectively.

Waymo Melrics Nuscenes Metrics

Method Modality IoU=0.5 IoU=0.7 -
1/APH L2/APH|L1/APH Lo/APHNPS'T APT ATE| ASE] AOE{

PointPillars [20]] L [J0.866 0.801 | 0.638 0.557 I| 0.685 0.838 0.143 0.132 0.070
DETR3D [47] C 0220 0.216 | 0.055 0.051 | 0.394 0.388 0.741 0.156 0.108
BEVFormer C 0.280 _ 0.241 | 0.061 0.052 ) 0.426 0.440 0.679 0.157 0.101
CaDNN* [34] C 0.175 0.165 | 0.050 0.045) - - - - -
BEVFormer* C 308 0.277 | 0.077  0.06 - - - - -

Local attention is better for global attention (~4.4 in NDS)
Temporal clues matters (higher recall, more accurate velocity)

Multi-tasks learning benefits 3D object detection but hurts BEV map segmentation
Shanghai Al Laboratory | i ATERELIG=
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BEVFormer: Ablation on Attention Module

=l

Table 5: The detection results of different methods with various BEV encoders on nuScenes val set.

Method Attention | NDST mAPt mATE| mAOE| | #Param. FLOPs Memory
VPN* [30] - 0.334 0.252 0.926 0.598 | 111.2M 924.5G ~20G
List-Splat™ [32] - 0.397 0.348 0.784 0.537 74.0M 1087.7G ~20G

BEVFormer-S™  Global [ 0.404| 0.325 0.837 0.442 62.1M 1245.1G ~36G
BEVFormer-S*  Points | 0.423| 0.351 0.753 0.442 68.1M 1264.3G ~20G
BEVFormer-S Local 0.448 | 0.375 0.725 0.391 68.7M 1303.5G ~20G

Ablation Sum-up D . : E
X,y »Zj o ~;'.A./;,_,4»~”‘
e Global attention consumes too much resource. 5:‘7\/],\
20 AN
e Point interaction has limited receptive field. / 4 x > S
e Deformable attention can balance the computational cost and receptive o
D Hit Views Vy;,

field. _
(b) Spatial Cross-Attention
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Ablation on Temporal Clues

BN LWk R K

Shargdhai Aesiicial ntelipence Libsoestcey

85.0 |~~~ DETR3D 110 ---- DETR3D 031 ---- DETR3D
' —-— BEVFormer-S I \\ —:— BEVFormer-S —:— BEVFormer-S
—— BEVFormer '\\f\ —— BEVFormer 0.30 —— BEVFormer
800 1.00 < 5
g E 3020 NI
< 75.0 5 0.90 N | e
x w - 0.28
e £ 0.80 To0.27
65.0 0.70 0.26
60.0 sl
0-40% 40-60% 60-80%  80-100%  0-40% 40-60% 60-80%  80-100% 0-40% 40-60% 60-80%  80-100%
(a) (b) (c)
S ---- DETR3D 1.00 . peTR3D ---- DETR3D
0.60 N —:— BEVFormer-S 090 BEVFormer-S p 0.24 —— BEVFormer-S B \\\
N —— BEVFormer ' —— BEVFormer e —— BEVFormer i N
30 ' < 0.80 A S R U »
= Ldhe i AR e 9 0.22 .
g £ 7 NS ol 7 c V.
< 0.50 £0.70 < —= NN ol -
- = Vol Sl o -
w & NN ->
& 0.45 S 060 N7 w 0.20
P-4 <E( ): N g
€ 0.40 0.50 =
0.18
0.35 0.40 /\/
0.30
0-40% 40-60% 60-80%  80-100%  0-40% 40-60% 60-80%  80-100% 0-40% 40-60% 60-80%  80-100%
(d) (e) (f)
visibility that {0-40%, 40-60%, 60-80%, 80-100%} of objects can be visible e mATE: mean Average Translation Error
] N ® mASE: mean Average Size Error
® mAOQOE: mean Average Orientation Error
e mAVE: mean Average Velocity Error
Shanghai Al Laboratory | Ei8ATERESLIRE e mAAE: mean Average Attribute Error
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—— BEVFormer S —— BEVFormer R
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e €080 To0.27
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0.60 N —-— BEVFormer-S 090 ~ BEVFormer-S i 0.24
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: = 0.80 PUASERS 2|
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W 0,60 [N S w 0.20
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0.50 g
040 /\/ e
0.30
0-40% 40-60% 60-80% 80-100% 0-40% 40-60% 60-80% 80-100%

(d)

(e)

0-40%

Ablation on Temporal Clues

DETR3D
—-— BEVFormer-S
—— BEVFormer

0-40% 40-60% 60-80% 80-100%
(c)
---- DETR3D
—:— BEVFormer-S B \\\
—— BEVFormer i Ry

40-60%

60-80% 80-100%

(f)

visibility that {0-40%, 40-60%, 60-80%, 80-100%} of objects can be visible
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With temporal clues,

we obtain:

e Higher recall,
especially for low-
visible objects

e More accurate location
estimation

e Very accurate

estimation of velocity
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BEVFormer: Ablation on Multi-task Learning

k

HATWEXR%
i Arsticial recllgence Livoesice

Table 4: The Results on 3D detection and map segmentation task. Comparison of training
segmentation and detection tasks jointly or not. *: We use VPN [30] and Lift-Splat [32] to replace
our BEV encoder for comparison, and the task heads are the same. 1: Results from their paper.

Task Head 3D Detection BEYV Segmentation (IoU)
Det Seg | NDSt mAPT Car Vehicles Road Lane

Method

Lift-Splat [32] - - 32:1 32.1 72.9 20.0
FIERY" [18] - - - 38.2 - -
VPN* [30] 0.333 0.253 - - - -
VPN* - - 31.0 31.8 76.9 19.4
VPN* 0.334 0.257 36.6 373 76.0 18.0

Lift-Splat*
Lift-Splat*
Lift-Splat*

0.397 0.348 - - - -
- - 42.1 41.7 71.7 20.0
0.410 0.344 | 43.0 42.8 739 18.3

SR NAUXCNIXNIXN | X% X%
SIAXNIUXCNIXNIX (NS

BEVFormer-S 0.448 0.375 - - - -

BEVFormer-S - - 43.1 432 80.7 21.3

BEVFormer-S 0,453 0.380 44 3 44 .4 77.6 19.8

BEVFormer (0517 0416 | - . 2 2

BEVFormer - - 44.8 44.8 80.1 25.7 With multi-tasks training, we obtain:
BEVFormer 0.520 0412 ) 46.8 46.7 l s 259 l e Higher NDS with multiple task heads

® Lower Road and Lane loU
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BEVFormer++:
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Dataset
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2022-06-20, WAD @ CVPR
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submissions
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TIRERRA NI 2

EEEE Y sl
backbone assigh-
ment &

NMS

S [EI2ERY 044
RSBt Deformable

,ﬂﬂ%iﬁi‘l' view

encoder

Method

#ZIMBIRAPLIBEL FBEVFormer Waymo Baseline
baselinedUH T RMEBEIRF21% BEVFormer Baseline

Our Solution

Shanghai Al Laboratory | 8 ATERES0IazE

3 Waymo Challenge Camera-Only Track

Corner
pool
Ensemble &

Test Time Aug

Global

location Expert models

regress

LET-mAPL LET-mAP LET-mAPH

14.77 22.61 18.17
34.6 50.2 46.1
56.16 70.69 65.93
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1rmer++: Waymo Challenge Camera-Only Track

| View Transformationffi{t

Recall
Zib alRA: dN{a)iRE M front viewsEFBZIBEV (View Transformation) 528 H W Feature?

Shanghai Al Laboratory | 8 AT RSN
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| View Transformationffi{t

Shanghai Al Laboratory | E@ATE

Lo

Bek

LvES

B -Kbackbone

Multi-Camera Features F,
E Det Heads
Z ( Add & Norm }-
I 1]
® (j [ Feed Forward ]
c A
-8 l 4
S ( AddaNom ¢
© | !
m( f ) Spatial Cross-Attention 1_ g=
A
N |
- ( Add & Norm )-
I A
e f A
;Ff}'f—i? I//\/’ »
P Ay o - ~f~ —
- - History BEV B,_, BEV Queries @
Multi-view Input at Time ¢ (a) Overall Architecture

- —
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| View Transformationffi{t

Shanghai Al Laboratory | E@ATE

Lo

Bek

LvES

EEGAT

fE=FANAcorner pooling, IENMHIERRZEF, MMIEFBEVIFIERE

}mer++: Waymo Challenge Camera-Only Track

Multi-Camera Features F,

Y 4
y

Backbone

Multi-view Input at Time ¢

S
Current BEV B, zf(f’—‘ Det Heads

( Add & Norm }-
I /
[ Feed Forward /
t
( Add & Norm
|
Spatial Cross-Attention
A
I
( Add & Norm
|
[ Temporal Self-Attention

: ;:;;‘;:Ze“’ //T/’
History BEV B,_,
(a) Overall Architecture

BEV Queries Q

J

E
l =
-
]
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—-.» Multi-scale Deformable
' Self-Attention in Encoder
1 ___» Multi-scale Deformable

(Cross-Atte ecoder

1 -

~  Self-Attention in Decoder
I Deformable
| .
, View encoder
1
1
1
\

o o o - —

,,,,,,,,,,,,,,,,,,,,,

4
1
,,,,,,,,,,,,,,,,,,,,,
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1
: Multi-Camera Features F,
| y Z 4 4

—
—o

Backbone

Multi-view Input at Time ¢

?1 .ff’—' Det Heads

Current BEV B, ¢+
Add & Norm

I

Feed Forward

A
I

( Add & Norm
|

Spatial Cross-Attention
A

=

—

[ Add & Norm
I 4 e

Temporal Self-Attention ]

History BEV B,_, BEV Queries @
(a) Overall Architecture

e g o o B

—
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| B FRAHIE(AE
FA3x3 convAE R FmERE I linear offsetfililll, BAXT FREoNMAFIET SHANEFERISHEYE

Multi-Camera Features F,

Current BEV B, (Tz’?f’—’
t

Det Heads I

N

i
’
7
’

Feed Forward

N

Backbone

Spatial Cross-Attention
A

Temporal Self-Attention

)
¥
l’ /,
J
]\

BEV Queries Q

History BEV B,_,
(a) Overall Architecture

Multi-view Input at Time ¢

Shanghai Al Laboratory | E@ATE

conv:> 3x3 conv

N o e e e e

i Hist‘ory. BEV B,

(c) Temporal Self-Attention

Gain: +1.3%
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-
Multi-Camera Features F, T
jz jt Current BEV B, 'ﬁ?-/f?_' Det Heads
£ ( Add & Norm Jq )
I A
© (j [ Feed Forward ] \
3 — N
1 ™ ( Add & Norm N
2 I '
@ Spatial Cross-Attention ]_ -\
e — \
- ( Add & Norm J'- \
1 =
- ' - [ Temporal Self-Attention ] \‘
S e s \\ ‘
History BEV B, _, BEV Queries @ \
Multi-view Input at Time ¢ (a) Overall Architecture

Shanghai Al Laboratory | 8 AT RSN

—

s

BN LWk R K
argha Assficial el ligence Liborasory

N
[ 1
prediction results .
as:
1 [ajds, aj!‘”] signed anchors object b; I
I 1
4
I - hand-craft I
led
| assignment I
I i !
I L !
I I
prediction results |
b. f
| (6", alocy 8 ot ihors object b
I ‘ !
1 a) Anchor-based t=1 b) Center-based =1 /a’[laﬂ‘o‘ |
g Q o O I
I —a P natcien S I
{0830 learning-to-match
: £ Mg .4
I 1
g
1
1 o
1 Center based Anchor based 1
| |
/
\ e R R R R R R M R M R R R S R e M e M R S R e e e -

Gain: +3.7%
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er++: Waymo Challenge Camera-Only Track

| BEVFSh&lzS R A
TEBEVHHT ESRAT =MAREAMENL, FHSRTEEEATensemble R FHRA MY

anchor based headl{8§lR, BEV T EfER
anchor based fZEZEEZE AP _LISEELF

DETR headEFHungarian&jXassign, XBEV /IR KIF
anchor free ZEfTA FVIE_LIStrELF

Anchor=free
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EEVFormer++: Waymo Challenge Camera-Only Track
| SFMEBIAYEnsemblesRAg

RO FBETAEDR/ARZERIEIER expert model + AREIZEFIRIIRES + TTA (Test Time Augmentation),
A AREEEEREEIGRMensembleS2]

Detectors Expert Models TTA
Y
)
Free Anchor
\ ) Flip
)
-
Deformable + + Y N [ Ensemble 1
DETR
Multiscale
Y
.
Parameter Search
Centerpoint

|

Gain: +5.3%
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|
|

ormer++: Waymo Challenge Camera-Only Track e
| LET loU [] based assignment &
NMS
Assignment: B{REITFREDHAIBEVEHER, BEPTEG EYIIRXT R4FE
NMS: XSF4TAF/IMPARENNR T
l :.‘ Prediction
i li:-; —
= =, e
N
i/
w
LET loU &G F#&Eiptiiir
Gain: +2.9%

[1] LET-3D-AP: Longitudinal Error Tolerant 3D Average Precision for
Camera-Only 3D Detection, arXiv:2206.07705.
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2022 Waymo Challenge Leaderboard

* disqualified from the 2022 Waymo Open Dataset Challenge

Camera-only Track
Method Name Object Type LET-3D-APL LET-3D-AP Date (Pacific Daylight
Time)
ALL NS
BEVFormer-
$—%: BEVFormer ShonghotAlLab ALLNS 2022-05-2323:21
Shanghai Al Lab/ L8 A TE55ESCIEE MVFCOS3D++ AL NS T

5 6 ° 2 FCOS3D-MVDet3D  ALL_NS 2022-05-23 22:51
DETR4D ALL_NS 2022-05-24 02:07
3DMVT* ALL_NS 2022-05-23 21:00

CMKD ALL NS 2022-05-23 22:53

é‘ﬂﬁﬂi?;i,“ni ALL NS 2022-05-23 06:12

CenterLS ALL_NS 2022-05-23 01:53
MVimages2PointsDet ALL_NS 2022-05-23 08:39

MonoWatch ALL_NS . 2022-05-23 22:15

WaymotEE&: As of 2022.6.9
https://waymo.com/open/challenges/2022/3
d-camera-only-detection/

Shanghai Al Laboratory | 8 AT RSN
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R CONTENTS

® ICCV.5

PARIS

Scene as Occupancy

Github: https://github.com/OpenDrivelLab/OccNet
‘ @ arXiv: https://arxiv.org/abs/2306.02851

Shanghai Al Laboratory | 8 ATERELINE OpenﬂriveLab


https://github.com/OpenDriveLab/OccNet
https://arxiv.org/abs/2306.02851

How does 3D perception evolve into 3D occupancy?

) General 3D
3D object BEV Map and representation
detection lane det/seg

) Multi-View
Industrial-preferred & Temporal
Multiple view CenterPoint BEVFormer

«:t A%

Geometry 2 m m"@mm PersFormer BEVFusion

3D Geometry Projectio < gB=

between 2D & 3D
o T = What's Next?
S
N o — | e
2000 | 2012 2019 2020 2021 2022 2023
VPN LSS i
CVI1 n e
1 2 . [m]
.. 3DI_‘?neNet [ N ﬁ o)
3DVP 3DOP Deep3DBox S )
Pseudo-LiDAR Mono3D Static Objects Mol
OXrormer
Baseline Method for 3D
perception 3D
Monocular & LIDAR  BEV Perception ~ Occupancy
& Fusion Prevailing

Open!.-\ riveLab




3D Occupancy Prediction

What's the problem of current
3D perception representation?

e 3D bbox (a) ignores the detailed
geometric of an irregular object.

(@)

Open!.-‘ riveLab



3D Occupancy Prediction

I "= NEERY
=
Eﬁ% o e

E:f‘;

; HHLLV PPV
‘I"E[‘?Ora.. =

(b)

What's the problem of current
3D perception representation?

e 3D bbox (a) ignores the detailed
geometric of an irregular object.

e while 3D occupancy (b) catches the
geometric shape well.

Open!.-\ riveLab




3D Occupancy Prediction

What's the problem of current
3D perception representation?

e 3D bbox (a) ignores the detailed
geometric of an irregular object.

e while 3D occupancy (b) catches the
geometric shape well.

e Mobileye (c) and Tesla (d) also adore
such a representation.

Open!.-‘ riveLab




Scene as Occupancy - Pipeline

I
[ Reconstruction of Occupancy | l Exploitation of Occupancy |
Cascade
- Voxel Demder\ Y High-level Command
\ . P~ ' Sampler \
Vove1 See J/ >
| ; )[ Completion | J

- { BV . ] > __argmin & GRU »[ Motion ]

@ @ . 4 Segmentation Planning

Voxel Vi_q Vorel Vi >[ 20 Obl.eCt ] ‘ !
Multi-view - I Occupancy Detection
v Feat. - pr— Descriptor

Bi

Front-view
Vision Features

—>|BEV Encoder

A

Fea?f\ll?t_l @ ﬂ QUBGE&IQ:

Open..q riveLab




Scene as Occupancy - Experiments

FRONT LEFT FRONT RIGHT

BACK LEFT

OpenﬂriveLab




Occupancy - Future Work
—

- 3D Visual Pre-training

- given large-scale paired point cloud and images, can
we pre-train ONE strong 3D backbone that facilitates
MANY 3D tasks such as detection, depth, and so on.

S0

- Open Questions
- Sparse / deformable / long-range representation. N EXT

- Open-vocabulary to address unseen objects.
- Explicit guidance from occupancy to planning T n

Open..q riveLab
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| BEVESIIfE: FRBE

1
AR AR, HERTHIARIAIAININERE, SR NERBERIS DA SLIDARYIIAENAIEREER

Depth/Pseudo-LiDAR

2

- ZIERSERRES, WmSLIDARF IS
MMEERE. UHERIRLS

Waymo leaderboardgi /185 &BLALIDAR-only 5, why?

- XEREFE ARIFRIBEVIREL
TV FRaa] Rz RSk Transformeri&heavy45ia?
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TE: skkE=E

- DA B, REHE NG T RE
- LiDARSZf e Nt seFERR R ERE

=4

Lidar no no 0:6378N 0256 0:233 0.321 0.216  0.122] 0.704 ]0.682 n/a |

=4

1.096 n/a 1

Camera no no 0.445 0.631 0257 0.405 0.435 0.143 0.535

*nuScenes, #LEZEI=H

- BRIRI—SREEB IS
- [I_)IJe&th Pretrain: BRIEA/ D N ERRYSLIO LS SRERR AR A _IRE ) 1 458E05 AR B IR T 3D
MERE
- HFRER: AIEWMEEERRRERRAIKHE
- RERI EREARENRITARA HRFBEVIGUAIMERE
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- ZESEREE, WSLIDARKIERS
- BEVERIEALIDARTHES B WAI—FMHEEH, ATt SERBEV T iLalignf RS

Camera Stream

Camera
Encoder

Multi-View RGB Images LiDAR Stream
i )
-0~ ¢ - (=) & & I o
LiDAR LiDAR E BEV 2
LiDAR Point Cloud Encoder Features 3D Object D E Eees ;
Left: BEVFusion: Multi-Task Multi-Sensor Fusion with Unified Bird's-Eye View Representation, arXiv:2205.13542.
Right: BEVFusion: A Simple and Robust LIDAR-Camera Fusion Framework, arXiv:2205.13790.
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Camera
Features

| FPN w/ ADP
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=, Multi-view
Features

ego-car
coordinate

Projector
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3D

BEV Encoder

Detection
Head
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- XIEREE AIRIFRIBEVIREY
- BT ERAURSE.EBEVFormerfESEE _ BENS{RIHEERISCANE,T

- SCHLayer NormalizationZF—%£OP

- MDC/ TI /NV Xavier/ J5/ it B

END
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