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

G | LIDAR

L|DAR§$"(L|ght Detection and Ranging, E¢EHIXIE
BN ARRSTES T, RIKE PR SeE, IXLERK
FF?:HEE&%W«EEEZE}Q%@%, ozl sz,

o LiDARKKKENE, tEttRadarENAEIE, BILAG
SHMRYHIUR

o ERHATKRKERE, REZWEIZSNEPHIS
T, BSRSTURTIMRERX

¢ mobileye-

© 3 x long-range lidars
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https://www.mobileye.com/ces-2024/

O | LiDAR FECAGANBENES T
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o BEBMLE, HOUKRERIIKEBRET AN, BEME  dx
TR, SFNSRE 164, 324, 645k, s

4R 62
op T HCEEIRTENEE EA0A
o KEXME, HTFRUCEATEIERRIIE, IHERIREAD
3R 64 Sio5? SUEE @85
HEIXAHFRBIEE —ERR, XN SRR
KRB —ERER, REARFR /97K
Credit to FangHao Wang @ Zhihu
N IPANY Az
DR,
Velodyne Hesai Ouster RoboSense
\ ' » -

- B ' QS il il "= @

VLS-128% HDL-64S2 HDL-32E _ VLP-32c  VLP-16 _ Pandar64 _ Pandar40p  OS1-64 OS1-16 RS-LiDAR-32 EIE;MLE’J)FEE_WWF&;%%%
Channels 128 64 32 32 16 64 40 64 16 32
FPS[Hz] 5-20 5-20 5-20 5-20 5-20 10.20 10,20 1020 1020  5,10,20 TE SHEPHIXILL
Precision[m] +0.03 +0.022 +0.02 +0.03 +0.03  +0.02¢ +0.02¢ +0.039 +0.039 +0.03¢
Max.Range[m] 300 120 100 200 100 200 200 120 120 200 I/ :
Min.Range[m]  N/A 3 2 1 1 0.3 0.3 0.8 0.8 0.4 https:// |ee§xplore.|eee.org/ sta
VFOV[deg] 40 26.9 41.33 40 30 40 40 332 332 40 mp/stamp.jsp?arnumber=9142
VRes[deg] 0.11b 0.330 1.33 0.33P 2.0 0.167%  0.33P 0.53 053  0.33P 208
hRes[deg]10hz 0.2 0.16 0.16 0.2 0.2 0.2 0.2 0.35 0.35 0.2 —
Alnm] 903 903 903 903 903 905 905 850 850 905
d[mm] 165.5 223.5 85.3 103 103.3 116 116 85 85 114
Weight(kg) 35 13.5 1.0 0.925 0.830 1.52 1.52 0425 0425 117
Firmware Ver, ~—© 4.07 2.1.7.1 N/A 30290 5.10 4.29 —f 1120 1120
Price8[USD]  $$$$ $$$ $S $$ $ $$$ $$$ $ $ $$
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https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9142208
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9142208
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LiDAR Point Cloud

RaFENTRNESE, —=&HX, Y, Z, R, G, B
. (Refelctance)
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LiDAR Point Cloud

RoYESEGEIEECEEREGE, ARt TRENSS.
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LiDAR Perception Methods

R LR=S R, B=MEZERAFRER
o ETF(ZRIBAN
o EFmRIEAN
o HFRange-viewHIERH
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https://graphics.stanford.edu/course

EFW?H@@*HH iﬁ (VOXN et) s/cs233-21-

spring/ReferencedPapers/voxnet 0
7353481.pdf

Congress Center Hamburg
Sept 28 - Oct 2, 2015. Hamburg, Germany

VoxNet: A 3D Convolutional Neural Network for Real-Time Object
Recognition

Daniel Maturana and Sebastian Scherer
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https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf
https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf
https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf
https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf

https://graphics.stanford.edu/course

E?W?H@ *I]TJ- I£ (VOXNet) 3/032.33-21-

spring/ReferencedPapers/voxnet 0
7353481.pdf

Point Cloud

TABLE IV
v COMPARISONS WITH SHAPENET IN MODELNET (AVG ACC)
Occupancy Grid TR
\ 32x32x32 Dataset ShapeNet  VoxNet
ModelNet10 0.84 0.92
ModelNet40 0.77 0.83
TABLE V
\
COMPARISON WITH SHAPENET IN NYUV2 (AVG ACC)
Conv(32 5.2)
14x14x14
Dataset ShapeNet  VoxNet VoxNet Hit
C°"V(32636136+P°°"2) NYU 0.58 0.71 0.70
@ ModelNet10—NYU 0.44 0.34 0.25
\ FuII(128) \
} FuII(K)/Output Toilet
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https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf
https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf
https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf
https://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf

HIF B =A9FN7 % (SparseConv)

RTFR=FREITR, SREEITERREUENGI, MASIIHEA
BHBEGGERTARER? alZHXESHRAETRIITEE.

B
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HF(SZA9RENTS 3% (SparseConv)

2D Input Signal rank=3, shape=[c=3, h=5, w=5]

m=3 /7 INENRRIRERERRN, BT
/ P10 P2EsSh, RFEERERERR0,00)., X
(1, 31) / N FPIEERITTEBFR Factive input sites,
0 g, HiEYIERE
1 [[0.1,0.1,0.1] , [0.2,0.2,0.2] , Z&5|5FEKE
, [1,2] , [2,3], $=ERYX ITf7.
4 P1=[0.1,0.1,0.1]
0 1 2 3 4 P2=[0.2,0.2,0.2]
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HF(SZA9RENTS 3% (SparseConv)

B GIRIESTZSERIETIER. APIhE(IER
AU, HARA/NA3XS

Kernel — Ci X 3 X 3 X €,y with stride=1 and pad=0

FO F1 F2

F2 F4 FS

F6 F7 F8
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HF(SZA9RENTS 3% (SparseConv)

Sparse Output

Al [AlLA2

AlA2

Al (AlLA2

AlA2

A2

Submanifold Qutput

Ji n

BRI E HSEFRIISIREHRA

RYARRE, —ARFRRFE AR -

E—FhE regular output definition,
MEEBNGEIR—1F, REkernel B
Z=—" active input site, FitEH
output site,
" fhEsubmanifold output
definition, R KkernelyFHIHM\BE
—\ active input sitefld, HfNEH
SR,
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E}W?Hg @*ﬂ Hiﬁ (VOXG' N et) https://arxiv.org/pdf/1711.06396.pdf

VoxelNet: End-to-End Learning for Point Cloud Based 3D Object Detection

Yin Zhou Oncel Tuzel
Apple Inc Apple Inc
yzhou3@apple.com otuzel@apple.com

OpenﬂriveLab


https://arxiv.org/pdf/1711.06396.pdf

E}W?Hg *uﬁlﬁ (VOXG'N et) https://arxiv.org/pdf/1711.06396.pdf

ERPipeline? > H=NERS

o BR=EWEVoxelizeZfg, X
H— N ESVoxelEBETFA
VFE(Voxel Feature Encoding)

anton Grouping Sl Feature Encading Txoxmxw T RSB
3 H . o SAR[5%2523D Convolutional
0 ﬁ|| * . *E Middle Layersiit— SRR
..: ° n.o § ]
26 ; Z B g o
> 22 pol.mse § s o HG{FFRPN(Region Proposal
. = , @@ Network)X3#{iE1 75 2546
‘Festuret Fatoww  lmiss S5iEmEa,
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https://arxiv.org/pdf/1711.06396.pdf

BT SRRHGE

ETHRRIGEMUERER, THEREERAM, THEFRESRNAR,
HAETENNA. B2, ETHENGERRESHRIRN, ArlEnithXA—ao

-
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Ea:nﬁ“ﬂg@ﬂ]ﬁia (POII’]tNEt) https://arxiv.org/abs/1612.00593

PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation

Charles R. Qi* Hao Su* Kaichun Mo Leonidas J. Guibas
Stanford University
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https://arxiv.org/abs/1612.00593

Ea:"“ﬂg %I]Tj'lﬁ (POIntNet) https://arxiv.org/abs/1612.00593

’ PointNet
l l PointNetB#Ei54dim =
”. . , - BN, MENEINRT
j mug i B9EHFRE (classification) &Y
EXE ) RBEIRE (part/
,74 table? semantic segmentation) ,
car?
Classification Part Segmentation ~ Semantic Segmentation
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https://arxiv.org/abs/1612.00593

Ea: Hgmiuﬁ £ (Pothet) https://arxiv.org/abs/1612.00593
e ]

GEHER-(] _, BEEBNRIRR=SEFE
T - U , TRy —ANag: SEIRFEARSRRZ
e s MLP (unsorted input) | ~ 24.2 B, — RS,
e si'zi;i‘l:lialll;rtt)dc('ll'3'1) MLP (Sorted lnPUt) 450

el LSTM 78.5 : i%EE_EWW SR THE
5(1"3)' (1’3)—-*«1? : - ¥

i) e Attention sum o o IREHTEHTNEIS
onel — | ain—(E) QVELEge pocting i HiE, I — MBS
::i-(;l.t-mg : symmetry function Max p OOhng 87.1 Y fFI_J ﬁa—/\yj'?_{@@){%ﬁﬁﬁ{%

SHTREG
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https://arxiv.org/abs/1612.00593

Ea:nﬁ“ﬂg@ﬂ]ﬁiﬁ (PointNet) https://arxiv.org/abs/1612.00593

h
(1,2,3) — MLP

PointNetRRE1FEFERAZSE
y BN (MLP) FigRAitdk (Max
Pooling)

(1,1,1) — mp 5

(2,3,2) — mp = —’I

(2,3,4) — mp PointNet (vanilla)
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https://arxiv.org/abs/1612.00593

Ea:nﬁ“ﬂg@ﬂ]ﬁiﬁ (PointNet) https://arxiv.org/abs/1612.00593

e S N e
' —NERE: P RERMZ
—.
% Matrix e rest of the
- Mult. = network ... EttPointNet5| NT-Netf5Z|
— N IEFERERE, WRINFEHITE
XI55,
Input transformed
point cloud point cloud
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https://arxiv.org/abs/1612.00593

E "“Hg *I]Tj'lﬁ (POIntNet) https://arxiv.org/abs/1612.00593

transform
params: KxK

first few layers rest of the HB, PointNetiZIEN{KIR
of the network network . ..
,,J\\JJDEUE—éSE’JsoftmaXUIIfﬁhSEEF'
. BRI AR 4R o i
point transformed AFE[E
embeddings: embeddings:
NxK NxK
Regularization loss:
Transform matrix close to orthogonal: L., = ||[I — AA”||%
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https://arxiv.org/abs/1612.00593

Ea:nﬁ“ﬂg@ﬂ]ﬁia (PointNet) https://arxiv.org/abs/1612.00593

PointNetZ {4514
Classification Network
input mlp (64,64) feature mlp (64,128,1024) ek mip
- transform transform pool 10pq  (512,256)
.5 (8] o <t —+
;' g mE shared g ] ] g shared nx1024 ]
= .| global feature K
N TR e T output scores
____________ S VLT T  point features
g
=1
2 £ 2
n (AQIOEE shared = shared & s
, o =) 2
moy J7 7L . e T 8

mlp (512,256,128) mlp (128,m)
Segmentation Network

OpenﬂriveLab



https://arxiv.org/abs/1612.00593

E "“Hg;?ggﬁuﬁlﬁ (pOIntNet) https://arxiv.org/abs/1612.00593

PointNetf3 2R

input | #views | accuracy | accuracy

avg. class | overall
SPH[ '] mesh - 68.2 -
3DShapeNets [ ] | volume 1 71.3 84.7
VoxNet [ ] volume 12 83.0 85.9
Subvolume [ ] volume 20 86.0 89.2
LFD [ 7] image 10 75.5 -
MVCNN [7] image 80 90.1 -
Ours baseline point - 72.6 77.4
Ours PointNet point 1 86.2 .89.2)
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https://arxiv.org/abs/1612.00593

E "“Hg *I]Tj'lﬁ (pOIntNet) https://arxiv.org/abs/1612.00593

PointNet2[{&4ElZ5ER

mean | aero bag cap car chair ear guitar knife lamp laptop motor mug pistol rocket skate table

phone board
# shapes 2690 76 55 898 3758 69 787 392 1547 451 202 184 283 66 152 5271
Wu [77] - 632 - - - 73.5 - - - 744 - - - - - - 74.8

Yi[ V] 814 | 81.0 784 77.7 75.7 876 619 920 854 825 957 706 919 859 531 698 753
3DCNN | 794 | 75.1 728 733 70.0 872 635 884 79.6 744 939 587 918 764 512 653 77.1
Ours 83.7 | 834 787 825 749 896 73.0 915 859 80.8 953 652 93.0 812 579 728 80.6
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https://arxiv.org/abs/1612.00593

E ,‘“Eg %I]Hla (POIntNet) https://arxiv.org/abs/1612.00593

PointNetZB {4 EIZ5R

airplane d
e ' chair
Partial Inputs . Complete Inputs

cap

I
I

: skateboard
' table |
I
I

‘H!I |l | ';M ‘ ‘
: pistol
motorblke guitar : earphone
« 2o I
o s I rocket !
t‘“ 5 : , lamp 1 knife
T * 1
. |

I
I
|
I
|
|
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https://arxiv.org/abs/1612.00593

Eg: £Hg E&*ﬂ Hiﬁ (POI ntN et++) http://stanford.edu/~rqi/pointnet2/
VAN

PointNet++: Deep Hierarchical Feature Learning on
Point Sets in a Metric Space

CharlesR.Qi LiYi HaoSu Leonidas J. Guibas
Stanford University
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http://stanford.edu/~rqi/pointnet2/

Ea: ﬁﬂg E&%ﬂ Hi£ ( PointN et++) http://stanford.edu/~rqi/pointnet2/
VAN )

PointNet++EETFPointNetfUGH, EE{REWIWIT

skip link concatenation

—  —
interpolate unit

pointnet
Classification

— — — — % e
sampling &  pointnet ~ sampling&  pointnet
grouping grouping =
\ VAN J
Y Y
set abstraction set abstraction —>
pointnet fully connected layers
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http://stanford.edu/~rqi/pointnet2/

Ea:' “Hg *ﬂﬁ:ﬁ (POII"ItN et++) http://stanford.edu/~rqi/pointnet2/

PointNet{SIHEENAT REEHE A, RIS
AN I AT oA

FHLE, PointNet++5| N\ T sampling & grouping
. B[S S EBIIEAFIE

sampling &
grouping

set abstraction set abstraction

J /)
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http://stanford.edu/~rqi/pointnet2/

,‘“Egﬁiiﬁuj‘j ,£ (Po|ntN et++) http://stanford.edu/~rqi/pointnet2/

PointNetsglobal featureE#£Hmax pool{&Z|
. BREREEEK.

ElttPointNet++RFBEREEN, AJLIARAIAK
EARERIRZ B A/ N KR ENA B X I A EERAFALE.

— — —
sampling & pointnet ~ sampling&  pointnet
grouping grouping
N\ J Y,
Y Y
set abstraction set abstraction
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http://stanford.edu/~rqi/pointnet2/

http://stanford.edu/~rqi/pointnet2/

HF g7 (PointNet++)

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

[skip link concatenation]

&
—> . N
interpolate unit

pointnet
Classification
(1,C4)

> .

pointnet fully connected layers

PointNet E{FSHIE B4F Fglobal feature 2
BiEE#|Slocal featureditiz, 4 pkdiscriminative
featureBEN B[R,

ELE , PointNet++ERENESZHIRIT T
encoder-decoder&5td, SobERIFHE _EXE, A
skip connectioni&XJhZERYlocal-global featuredffiz
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ELFRange-viewlIREEN 5 &

Range-view/5iARIzARSE2DEIR LRFTR L, LI ER—E2DT5E,
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ELFRange-viewlIREEN 5 &

Azimuth
Laser beams

HAEERNR KRBT EZEE
FeFEL, FIAN64ZATECEILR, FB
2 EEEHAME (Inclination) F#iE
AN EHRIBE.

S EIATEFOVARE—iE,
SBEZPNIKERBE (Azimuth) BIF
E. tCal/KED#HRZ0.2°, BPA
E360° A4 1800 N EEHIA

> E.
\—- Azimuth V

;/}7

FEEEL 15
[ L[] ]e

7 Range image
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ELFRange-viewlIREEN 5 &

Azimuth b
Laser beams XE AT LFEEEE Inclination

® FOAzimuth3SEL IiEER_EAVZEEFD
KE, IBKENEELRNAEE
YEAX-Y&4R, FATLASEI—Z
HEES,

EGFRERERBNARET
AU ST RO%FE, CUANEERS, =53

[7

FEEEL 15
[ L[] ]e

- Remge e B, XSTENEIEN
' : channel, ST IEEHEFRHY
1!) Azimuth YV RGB,
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HFRange-viewJEE175i% (RSN) https://arxiv.org/abs/2106.13365

RSN: Range Sparse Net for Efficient, Accurate LiDAR 3D Object Detection

Pei Sun! Weiyue Wang! Yuning Chai' Gamaleldin Elsayed?
Alex Bewley? Xiao Zhang!  Cristian Sminchisescu? Dragomir Anguelov?

'Waymo LLC, ?Google

peis@waymo.com
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https://arxiv.org/abs/2106.13365

HFRange-viewJEE175i% (RSN) https://arxiv.org/abs/2106.13365

Range images
e GG i | B

RSNEREMI D NANERD

1. Range image feature extraction:
Ao fERange-viewEl{& L{FR_ 45
aaaaa : AP S VG EPSEN[ S LS

Range Image Feature Extraction (1)

Open!.-\ riveLab


https://arxiv.org/abs/2106.13365

HFRange-viewJEE175i% (RSN) https://arxiv.org/abs/2106.13365

T R— RSNEEALHIS AR

1. Range image feature extraction:
f£Range-viewBl& LER"4HE
TR BBRAYBIGRAHLE

2. Foreground point selection: £

| | 2a) HXJRange-viewEl& _ERYRIS

Segmentation (2a) Gather (2v) st peeia gL et

, , Range- wewl@l@%ﬁt—ﬁ_?‘
2b I:Fl I: mﬁ% )Hu\\\o

3
3
o
=3
o
=1

Range Image Feature Extraction (1)
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https://arxiv.org/abs/2106.13365

HFRange-viewJEE175i% (RSN) https://arxiv.org/abs/2106.13365

RSNEREMI D NANERD

1. Range image feature extraction:
f£Range-viewBl& LER"4HE
TR BBRAYBIGRAHLE

Range Image Feature Extraction (1) 2. Foreground point selection: £
' l 2a) ¥JRange-viewEB{& _FEVEI=
Segmentation (2a) Gather (2b) RFTHE, BRERSZEIEN
! Range-view S EHSFHE—HErE
.h m .o T 2b) EP;EE'%&*%E”&LI\E\\O ) '
3. Sparse point feature extraction:
=3 ¢ B GIREEERI SR LR
z R e T ., /—/\ll_‘l_‘_—l\ :\t/ !
g - \: . TR BN R4 4IE
o VIR e il

Sparse Point Feature Extraction (3)
Open!.-\ riveLab


https://arxiv.org/abs/2106.13365

EHFRange-viewlJEEN757% (RSN)

Range images

Range Image Feature Extraction (1)

Segmentation (2a) Gatherl(zb)
o -ﬁin. p *—‘[
e
% l . <,
Sparse Point Feature Extraction (3)
Box Regrlession 4)

https://arxiv.org/abs/2106.13365

RSNZE(RER D ARNERS

e

4,

Range image feature extraction:
fERange-viewElf& L " 45
TR BBRAYBIGRAHLE
Foreground point selection: £
2a) XJRange-viewE&_EHIRI=
RiFTHE, BRERSFEIERY
Range- VIeWI{%I{%% {IE—#efE
2b) I:Flll: E‘Zﬁﬁ )|lu\\\o

Sparse pomt feature extraction:
JGHOK flie TEERRIE R LR
HR&A,HJI%

A sparse CenterNet head to
regress boxes.

Open!.-\ riveLab



https://arxiv.org/abs/2106.13365

HFRange-viewJEE175i% (RSN) https://arxiv.org/abs/2106.13365

Performance comparisons on the Waymo Open Dataset validation set for vehicle detection

Method Latency AP/APH L1 AP/APH L2 AP/APH L1 3D by distance
(ms) BEV 3D BEV 3D <30m 30-50m > 50m
LaserNet CVPR’19 [ 1] * 64.3 71.2/67.7 52.1/50.1 - - 70.9/68.7 52.9/51.4 29.6/28.6
P.Pillars CVPR’19[ ' °] ¥ 49.0 82.5/81.5 63.3/62.7 | 73.9/72.9 55.2/54.7 | 84.9/844 59.2/58.6 35.8/35.2
PillarMultiView ECCV’20[ "] 66.7% 87.1/- 69.8/- - - 88.5/- 66.5/- 42.9/-
PVRCNN CVPR’20[ '] - 83.0/82.1 70.3/69.7 | 77.5/76.6 65.4/64.8 | 91.9/91.3 69.2/68.5 42.2/41.3
PVRCNN WOD’20[ " '] 3009 - 77.576.9 - 68.7/68.2 - - -
RCD CORL20 [ ] - 82.1/83.4  69.0/68.5 - - 87.2/86.8 66.5/66.1 44.5/44.0
RSN CarS_1f (Ours) - 86.7/86.0  70.5/70.0 | 77.5/76.8 63.0/62.6 | 90.8/90.4 67.8/67.3 45.4/44.9
RSN CarS_3f (Ours) 15.5 88.1/87.4 74.8/74.4 | 80.8/80.2 65.8/65.4 | 92.0/91.6 73.0/72.5 51.8/51.2
RSN CarL_1f (Ours) - 88.5/87.9 75.1/74.6 | 81.2/80.6 66.0/65.5 | 91.8/91.4 73.5/73.1 53.1/52.5
RSN Carl, 3f (Ours) 254 910903 757/754 | 82.1/816 68 6/68 1 92.1/917 74 6/74 1 56.1/55.4
[ RSN CarXL_3f (Ours) 67.5 91.3/90.8 78.4/78.1 | 82.6/82.2 69.5/69.1 | 92.1/91.7 77.0/76.6  57.5(57.1
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https://arxiv.org/abs/2106.13365

HFRange-viewJEE175i% (RSN) https://arxiv.org/abs/2106.13365

Performance comparisons on the Waymo Open Dataset validation set for pedestrian detection

Method Latency AP/APH L1 AP/APH L2 AP/APH L1 3D by distance
(ms) BEV 3D BEV 3D < 30m 30-50m > 50m
LaserNet CVPR’19[" 1 ]* 64.3 70.0/- 63.4/- - - 73.5/- 61.6/- 42.7/-
P.Pillars CVPR’19[ 1 O] 49.0 76.0/62.0 68.9/56.6 | 67.2/54.6 60.0/49.1 | 76.7/643 66.9/54.3 52.9/40.5
PillarMultiView ECCV’20[" 7] 66.7% 78.5/- 72.5/- - - 79.3/—  T72.1/—  56.8/—
PVRCNN WOD’20[* ] 3009 - 78.9/75.1 - 69.8/66.4 - - -
RSN PedS_1f (Ours) - 80.7/749 74.8/69.6 | 71.2/659 65.4/60.7 | 81.4/774 72.8/66.8 59.0/50.6
RSN PedS_3f (Ours) 144 84.2/80.7 78.3/75.2 | 74.8/71.6 68.9/66.1 | 81.7/78.8 74.4/71.3 64.9/61.5
RSN PedL_1f (Ours) - 83.4/77.6  77.8/72.7 | 73.9/68.6 68.3/63.7 | 83.9/79.7 74.1/68.2 62.1/54.1
[ RSN PedL_3f (Ours) 28.2 85.0/814 79.4/76.2 | 75.5/72.2 69.9/67.0 | 84.5/81.5 78.1/74.7 68.5/65.0 ]
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Example pedestrian and vehicle detection results on the Waymo Open Dataset validation set.
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