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EBEN CaDDN: Categorical Depth Distribution Network
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Figure 3. Each feature pixel F(u, v) is weighted by its depth dis-
tribution probabilities D(u, v) of belonging to D discrete depth

o Concat. bins to generate frustum features G(u, v).
1 3 hann
. P e
Depth Camera
Distributions Calit

Figure 2. CaDDN Architecture. The network is composed of three modules to generate 3D feature representations and one to perform 3D
detection. Frustum features G are generated from an image T using estimated depth distributions D, which are transformed into voxel
features V. The voxel features are collapsed to bird's-eye-view features B to be used for 3D object detection.
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»  Aggregate 20 features to refine object queries
*  Prodict a reference point using a sub-network
» Transform this 3D reforence point into image space
»  Use the transformed point to index image features.
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GV-Dataset
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Figure 2: Overview of INTERN. Our complete flow of learning and evaluating a general vision model consists of
three fundamental bases (i.e. GV-Dataset, GV-Architecture, and GV-Benchmark), a three-stage upstream pretraining
scheme (i.e. Amateur, Expert, and Generalist), and a downstream adaptation algorithm that transfers the up-pretrained
models to various downstream tasks in the benchmark. It shows that a general model (e.g. Generalist) with a continuous

Down-Adaptation

learning process exhibits stronger generalizability even on unseen tasks (shown in a red question mark).
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INTERN 1.0 | GV-Dataset
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Trained model on
labeled training
data

Append
Add newly
Labeled images
to training data

to WordNet

55 SRRl —‘l WordNet: Domestic Cat I
ased on Rules

Active

WordNet: Hypernym
annotate

@ WordNet concept

Loop

Pre-Process

Removing Data
Noise and Label
Noise

Annotation
Human Expert

selected images

@ Wikidata concept

Score Images for
Query  Querying strategy

REFR

kAT

39,000,000+

BXIRERES

Datasets Concepts Images Labels Open Source
YFCC-100M [ 7] - 99M 99M Texts Yes
WIT [20] 500K Queries 400M 400M Texts No
ALIGN [24] - 1.8B 1.8B Texts No
GV-D-10B 1.65M Queries 10B 10B Texts Partially
ImageNet-21K [ /] 22K Categories 14M 14M Image-Level Labels Yes
1IG-1B [*7] 17K Queries 1B 1B Hashtags No
JFT-3B [ ] 30K Categories 3B 3B Noisy Image-Level Labels No
GV-D.-36M 119K Categories 36M 36M Image-Level Labels Yes
COCO['7] 80 Categories 118K 1M Bounding Boxes Yes
Object365 [/] 365 Categories 609K 10M Bounding Boxes Yes
OpenImages [©] 600 Categories 2M 15M Bounding Boxes Yes
GV-Dy-3M 809 Categories 3M 25M Bounding Boxes Yes
COCO-Stuff [] 182 Categories 118K Segmentation Masks Yes
GV-Ds-143K 334 Categories 143K Segmentation Masks Yes

Table 5: Summary of GV-D and other large-scale datasets for visual pretraining. A large-scale database is a
fundamental component of general vision pretraining. YFCC-100M, ImageNet-21K, COCO, Object365, Openlmages
are instances of commonly used public datasets, while IG-1B, WIT, JFT-3B are proprietary ones that cannot be accessed
by the community. We construct a novel data system GV-D with four subsets: 1) GV-D-10B consisting of 10 billion
image-text pairs collected with 1.65 million queries; 2) GV-D.-36M contains 36 million images with classification
labels from our label system of 119K categories. Although GV-D.-36M has fewer images than JFT-3B, it has the
most manual and clean labels. 3) GV-Dg4-3M composed of 3 million images with 35 million bounding boxes of
809 categories; 4) GV-Ds-143K with 143 thousand images and corresponding semantic segmentation masks of 334
categories.

HREXILE
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INTERN 1.0 | Performance

Pretrain | Data Setting | CLS-AVGt VOC-DET 1
o ImageNet |  100% | 73.0 79.5
A ® Q 3 Up-E (O) 10% 73.7 72
04%” Of%‘ 0‘% O—@f Up-E (D) ’ 10% } 53.9 87.7
‘ UpGECD) | 10% | 743 87.7
Amateur Expert » Generalist

BAEREAYMAE T HRIRBRIERE

Pretrai CLS-AVGt VOC-DET{ VOC-SEG
Amateur: £F B XA XM SR ATIIG, TRREER % o | ! ! !
. Up-E (C) 73.7 722 57.7
iz, Up-E (D) ‘ 53.9 87.7 623
. ) Up-E (S) 475 75.0 71.9
Expert: REME S, $XI1EF S, BRAREFZHE, B#RIES Up-G (CD) s e =
M, Up-G (C-D-S) 74.3 87.7 73.7
Generalist: 25 £ REREEH, FRITEEA B SWERRA M — SR FHB AR B RIERE
Pretrain | Data Setting | VOC-SEGT KITTI |
- ImageNet | 100% | 660 3.09
Model | Data Setting | Up-A Up-E Up-G UpE ©) ’ i ‘ T 371
ResNet-50 ’ . | 709 737 743 Ep'i((‘z)m 123 Zzz Z:Z
- pP- = 0 s v
MN-B15 804 842 844 Lo ens | fon ‘ g2 o

S ER TN GRS SR FF M M RE AR T M TFARMES KR EFEHENTIBUR 32
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| Auto Labelling

Ego Trajectory
& Static World
Reconstruction

_—

Moving
Objects &
Kinematics

D Ei
sensetime

Labels

A
——— \
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| BapREHR

Pipeline

M B
~ sensetime

( Auto Labeling ]

data

imgs
lidar points cloud
radar data
imu
GPS

reconstruction
methods

imgs
lidar points cloud

A 4

oint concatenate(pose)
Lidar SLAM
visual SLAM
stereo
depth estimation

3D
representation

Point Cloud

A 4

NeRF
NeRF--,etc
classication prior
NeRF+segmentation

Y

\ 4

static dynamic

scene| PVB| | PVB

labeling

implicit representation

dynamic static

Y

detection
segmentation

| fronground | background

A\ 4

surface extraction
clustering

B2
P =173
SenseAuto
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| BEhRE - VIDAR o Eil V=]

SenseAuto

Introduction

VIDAR: characteristics

Large-scale training data and LiDAR
supervision

Rolling shutter handling based
on provided shutter timings

e Avoids significant displacements
at higher speeds

Multi-camera support for
scene-level representation

e Significant (6%+) improvements
compared to single-camera model

36



| B3h#RE - VIDAR oM Ein V]2

sensetime SenseAuto

VIDAR RGB-colored LiDAR

“Visual Lidar": DNN-based Multi-view Stereo

Redundant to the appearance and measurement engines

handling “rear protruding” objects - which hover above the
object’s ground plane.

Mobileye Waymo
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| OpenDrive#iiEsk  BaIBRERKIER DB o 1857
W

SenseAuto

3D bbox#=

Amer ica
BIERERTE N fourtin View
Mountain Vi
He Phoenix
Amer ica
Amer ica Palo Alto
Boston
Singapore
Level 5
China
China Unknown

Germany Beijing Honda Researc!
Karlsruhe

merica M!ami
i | PRG0- e
A\‘(IT Santa Cruz A*3D

Karlsruher Institut fiir Technologie San Mateo

America

Singapore

2012 2018 2019 2020 2021
E:
1. AEUR RABR % T waymokT B T8 H B &R s
2. EERTEIE K, BiEiEE LA ER IR 38



| OpenDrive#iiEs

OpenLane Benchmark

.
N Ei
h sensetime

fE1E& Ktracking id

CIPO

HREIRLEIT - Statistics

o i URAHER
. BREB; HHF

R

WE

Training

FWaymo-1000 sequence
9. BARNAREARGRNST

xS

Tidining

® vsidton

Validation

Wi
B0

Training Validation

750

7%

https://waymo.com/open/challenges/

Winners
Challenge 1:
Motion Prediction

First Place

Second Place

Third Place

Method

Tsinghua MARS -
DenseTNT

SimpleCNNOnRaster

Technical Report

Authors

Junru Gu, Qiao
Sun, Hang Zhao

Xiaoyu Mo, Zhiyu
Huang, Chen Lyu

Stepan Konev,

Artsiom Sanakoyeu,

Kirill Brodt

Country

China

Singapore

Russia, Germany

B2
P =173
SenseAuto

~Challenges

Affiliation

Tsinghua University

Nanyang
Technological
University

Skolkovo Institute of
Science and
Technology,
Heidelberg

University,
Novosibirsk State
University
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https://docs.google.com/file/d/1zCZHA8APytDVEpjBHGhYalDoJeGci17N/preview
https://docs.google.com/file/d/1LBc4KC-SA_KbSmo0SgtrVRySLZHWJb_v/preview
https://docs.google.com/file/d/1HnArr24GuqdPY4Jxv9hRXS8_B7LsJUCM/preview
https://docs.google.com/file/d/1h_EZgBaujd6i1YINJojQPnBLdJxXUhZ5/preview
https://docs.google.com/file/d/1bKiQ98ZgLrUmve85TOjWcust-QjmgVn5/preview
https://docs.google.com/file/d/1pAp-Qvdf5QoIn6eklBsCQ1WR2FG1hr27/preview

PersFormer T{Ef4R SO Eiim | o 1BEZ
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| BEEEARER - ROEAR- RENISGS5MHE

ABRHNEESZRILBETS

Quantization

Train Update ¢
weights ® O : [ Sampled data from Trainset
¢
[ & X @ O 0= | e i e Sl
N \ ; (CLayero ) g
WA sample by P} N ® Oy @ |3 ==, WE? 2| Cayero
K P ® 0. i Cme) ! B 2 e )
g™ o O mp—miprcas |5 | e | |TE C2na) Bl O
Pt 04 o LR e HEe correetion’ £, || e
mt mitiEq 2! g : . 1 = :
Updatepby P ! Adaptive }
Wodsgmod  Bnrize Fquation 1,2 ™% — m§ | rounding L )
m — P — g, | IQuantized Float :
: o | feature ‘Write back feature | "
! | T 3 i Weight to model I T 3
Test E a ote? | Cayern =33 |
. [ ¢ OLais & biss
@ O Ciate @@ | G =oX|aGy | (ayern—2 ) 1 %7 '
. Expectation > ! g 1 1 1
= p— L e ! oL _ ,or £ |\ (Tayern—1] | N
) Train from i o= Pom q2 7 N\ ————/ . NTZZTT=Z g
R I
P2 scratch ; . Quantized layers Float layers backup
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Teacher

f

Unlabeled Data EMA | Update
I

| ‘. L !
e i i 8 ¥ E 3
30 < A " S Student
E i |
Labeled Data

Prediction After NMS

— L +L79 + LSS

.

Pseudo Boxes for Reg

M i 1Bz

sensetime SenseAuto
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o XEAPFHIHIGRSHTHE, FIEEDRASENLE
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| MEBR)IZ S5 8ED B BRFELER M B A

LB 2 —RENZREFTHEHAS B B R W ERE B8 E18 K
ASRAAK A

MEE g | =
el =
BERE A -

BT EHRBE “HEREF, FEREEH

Open wm Lab

senseParrots

BT AT 4 AT RIER i | =
SenseParrots OpenMMlab illlﬁ -

FapFEt

BIAAIKREE : A TEREE Gl
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| SenseAuto Empower - BifE FFI 55/~ 5 5244 D E o 185

BRR SRR

s E BRI

v=| esum @ iR g HEEE sauE 8\ RREE

o B
() mammz g wmwssni ) smen
BiEpRke
RIA
" Vil "
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BIAIERTINEE FEFTFRR
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| AREBESBARARE | Ehdul- AIDCEE I (1/2) D HEI T 257
BA AR E oD i Be B e IS R E Al e
HE) BEAR  Z30500018KWHLIE

I A= BIgEAs6izT, EhEE
@ MERE | mmigao

&

[ElFR4nFcE 713740Pf lops
@ L ZA T 98.3% IDCRY 771 11160PB

Bt 7
e MBS SRR TIIGRE

e @) 100+ BEERE

@ 1000+  1TMkdl
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| AREBEHBRARE | Ehdul- AIDCEE I (2/2) D HEI T 257
RZAIDCHE 2 R ME TS EE

- TR Dojo (M) MBI 2 B GRYI ) BE7EA (k)
BEAH 1.8EFLOPS 1EFLOPS 3.74EFLOPs
(ANEELEEE)
5k 10PB 64PB 160PB
Rk TR B{HAAL100E F XHER BFALS B . Altas9005 3£ EXRNEREEER

& BIHERH, REMEBIE. i BHEEX EERSHAT BRES/FNERATR
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| AIKEREEBMRAE [ WZFE - SenseParrots5 | & N Eii =
BRFVVIGESR Parrots

SenseParrots X F M TR MR FITIE, BT FHEL, FITHERB E90%, T8 ERIEZ PyTorch

1200

_— IniELE
(B
800
8 FRITHRE
400 100% BeE
200 .
o, BEEHISHESR
0 GPUK 91.1% (SenseParrots)
8 16 32 64 128 256 512 1024 ‘Eﬁi
ﬁ.
— o IEIB(H FHERBZE(PyTorch) —o— BfillgiESR (SenseParrots) 29 . 7% (Py'Torch)

60F)7)I|ZAlexNet
Ml 5728 5 SR B ISR B R IE BE -
EGPUSE#E E, ImageNetHUEE IZEE 1 epoch/s
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| AIREEEHMRRAR | BECE - OpenMMLabREZECE D ER o 887

Open wm Lab AIE ﬁggif ﬁﬂg{*%
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| $HHL - BURWATR - MAKEEES KM S OEA

“ARYRFFATHL Al Day#lsi, A FF L KB BERFE

. 601z  Transformer + RNN + {EH$ ] « Dojo iBE iy
« 25078 . 200+ epoch . 362 TFLOPs
- 15PB . 1000M . 10TBps/dir.
- 1000 . 400W TDP
. 144 TOPS

B

- RRSnfERedl RN

- 1000:&/[&, 3000 FSDZF4H

N

?O .......

3
it

L Eh - E

TPUV3
.

erererer

ﬁ% - 50+ZEPA, 24/7R&E - Transformer A MIEMLEZ 1 - AIDCIE##BE Hily
+ 100G #57, 1012+4RE « JIIZREF4500+ epoch + 20000+ GPUs
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http://drive.google.com/file/d/1od--NJo8K4KIUXLVmdRvVlY5jeNa3KbD/view
http://drive.google.com/file/d/1c0xvgrLWqmpvv0VyERyPWWjPO_Zn-Ejf/view

| One-page summary M il

sensetime

Vision Labelling Simulation Hardware/Infra/Dojo
. . [ ] qEI*ﬂ_Kii/%Eﬁ*lj_‘;I Software
e Multi-task (still new?) o B BRERE
e Transformer - nV fusion o Hl#:in-house, Ik #RERT | S - P
o RREILHTRNA (3Esta) PR = w
HETE s : - ;
o smartsummon o BElmE
o scalable
e Spatial-temporal o GTHE:fE%NeRFEZE e & D1(DPU)
o EIMMSARIEES, = , self-supervised A= J ﬁgiﬁ
HEB !E.Y:l] o T =
o AT R vt o Hppzy  SHCREEE
- o 601Zlabel (&vel/dept
o cf-HDMap T o 250w video clip
o 1.5 PB7Efi#
MCTS i - o BEREHIEdiverse, clean,
. + policy netfs large)
Planmng/contror BERZEE o Ref:waymo o {HERM T KEcornercase
m 20w frame, 5 hours iR, BEEEMREER
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o ATHEMULAREE,
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£ IR :neural rendering
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| Sum-up: the roadmap in Tesla Vision over the years

Algorithm
Product/software/version
Labelling

AN

=0 )il

sensetime

2016~
e Regular Network
e 2D detector

e Software 1.0

manual labeling
e 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, Ilija, et al. "Designing network design spaces." CVPR 2020
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| Sum-up: the roadmap in Tesla Vision over the years

Algorithm
Product/software/version
Labelling

AN

=N

sensetime

2016~ 2018-2019
e Regular Network e Multi-task learning -
e 2D detector “HydraNets”
e Software 1.0 e Autopilot4.0

e manual labeling manual labeling
e image space labeling e vector space labeling

Task 1 Task 2 Task 3

f

[ 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, Ilija, et al. "Designing network design spaces." CVPR 2020
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. L. e Algorithm —_
| Sum-up: the roadmap in Tesla Vision over the years  » Product/software/version (™) Il Jil

° La beI li ng sensetime
2016~ 2018-2019 2019-2020

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

e 2D detector “HydraNets” e Transformer

e Software 1.0 e Autopilot4.0 e Software2.0

e Radarremoved[1]
e manual labeling e manual labeling e autolabeling
e image space labeling e vector space labeling e vector space labeling
Task 1 Task 2 Task 3

[ 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, Ilija, et al. "Designing network design spaces." CVPR 2020

-emoved




. L. e Algorithm —_
| Sum-up: the roadmap in Tesla Vision over the years  » Product/software/version Cg#™) H"?

e Labelling
2016~ 2018-2019 2019-2020 2021[2]
e Regular Network e Multi-task learning - e Fusion - Smart Summon [3] e Spatial-temporal
e 2D detector “HydraNets” e Transformer e Video module
e Software 1.0 e Autopilot 4.0 e Software2.0 e featurequeue
e Radarremoved[1] e FSD beta 9.0/10.0
e manual labeling e manual labeling e autolabeling e autolabeling
e image space labeling e vector space labeling e vector space labeling e vector space labeling

Task 1 Task 2 Task 3

640x480x1  640x480x4

--} e --} [-a-

video module

multi-camera Fusion & BEV transform
Transformer

- TRy

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




| Take-aways N Hijil B s

1. BziBHMR
o BEIBEWEERES AR, REMINIELR

o BAANESMEL: BEYEEN/ FELICNZESR  nV/fusionfl & A EZZID
o BRAMEZMRE HRIIKAKRMAMESRS; LiBTHA
o REBRPIEF™, XBEXEZHEE KIHF P AR

2. BHBFRRE: BEFEARKER
o WIBEEMTHRERREHNBR T RS

o {REKIER EAIERIEE feature representationfe 1 FERZILEENE KEHS
o Scalable#iFER VW ERR B iR IR ARZA I B E1S HE AR BE 22
o ENEFEZIJEEZER IUAMARNEERIE

57



IREERA, ik Al BISRAS53E

lihongyang@senseauto.com

lihongyang.info
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