PointINet: —fhFT8l S =HEMIRILE

)Efl.u B/iﬁr*, EEFI%7 $%§7 ?U%Ej’z; Alois Knoll
[FE RS EBFFROR RS ) B TR

B WOLTH ARG L2 & e B B 30 1) 2 ZLRN A8, B T A A T
%, RN R O T2 RN R ERT R HHERTEG, Ssmfs
oD A BRSNS . 2 K E LA 2R I AL FRAN N FH 8k, 78 S
AR N R o [RGB IR A KR 5 SR B —J AAAT2021 Ff%
Lo 1 TAF RIS EGOIE, 1/ TRl — N2 Saidni.
Z TAEM H K R AE T s IR A iR, A s e B3 S A A
B IR D B R TR B0 T 1A S I (10~20 Hz) FSRFE SR S =
7 (50~100 Hz) B J5 1 F @I VELH B SEIGUESE 1T HA &, FEHEH 7 SehRM
PS5 @ 7 e 7 1n) R 4 R A FH Al 5.

WE: SZEATEREMIIRE, BOLTEIE S = ML [ 4R s 2 M
Y, WO TR IAME RIS MR 10 B 20 Hz, XizflF HAh S H 1%L s
CUIAENL) o AT e IR0 T 1AL IS B I Ta] FR 1], AR SCHEFT T —Fh 44 N S 4
MURHT AT S o 45 B LER 2T, s Hhmir) H B2 B A2 (8 A B A
Wi ik, FAIHEH T —Mogrmi ELe, Bl S i gs (PointINet) o 3T
Frde 7%, FATA] DLEAR I 3R 5 2 9 R 215 = iR o JRATT T et S
AN Z BIPIAA 3D Sscii, SAJEARYE 3D I il el 1 i 1) 25 52 (1 ) [a] 20
Ko N T BRSNS SR AR B (A S , FRATTPEH T — R 2 T ST
REE R, 2B FEI S RS T AN R I S . FRATTIETE T B A E MRSk
PRAL S AE WO R R R H BAEP AN KA = 4 LiDAR $0da4E FilbAT i) 32 5L
WE BT BT 42 B 1Y PointINet B9 A XM . AITW AR &K M /£ T
https://github. com/ispc—lab/PointINet. git .

R BFBRIRE, BREFE, WbEEX, [oHEE

T HpR: (PointINet: Point Cloud Frame Interpolation Network )

SCERE: AAAI2021

YE3: FanLu, Guang Chen*, Sanqing Qu, ZhijunLi, Yinlong Liu, Alois Knoll
JRSCEERE: https://arxiv.org/abs/2012.10066

W B MHE: https://ispc-group.github.io/pages/pointinet.html

*EWELR: guangchen@tongji.edu.cn

[

I. 5]

BOLETIERNZ M@ W BRGNS N) i B B LRSS 2 —.
SR, ST LA O B I AL B ES (1 . Velodyne HDL-64E. Hesai Pandar64


https://github.com/ispc-lab/PointINet.git
https://arxiv.org/abs/2012.10066

5 Kyt 52 SURE AL RE AU PR o BOGERIERIWER — 0N 10~20 Hz, X xiE
J R P B AN S . SROCER ISR, B R AmpLES N A
FIAR S I WROE H B m R 2 . B, SRECKABIEDN R Foc (IMUD AR Al
LLUEF] 100Hz PAE. WEREERZER2SHOCHIE S HAME RS KR 2Dk
HE o FHR MR FRIEOL B 5 2 B R B R AR, m] DA RO X — [
UEAl, R HIMR R RE PRI N A TERE, LAY IARRER . (EERNE,
AT M IE 5 5 FH SR ARz 25 R AL A2 Bl s A AL (il 4, AN 30Hz £
240Hz). 5 H A2 2 E R SEE WA L, 3D &z KL 5 15 2R i
MR BRI, BATHZIRR 3D sz UL, PLg IR Bk A4 ks 1 i
[AJBR 1) o

- —

-’ ——rm
: g -2
‘ Na, %
%~ \ o, !
C— ~ < N R
=~ 9 10 11 12 13 14 15 1§
p—— — s
~
! R
R -
™~ 9 10 11 12 13 14 15 18
~y — — — T -
B0~ &
1 ~ il
o phhe ~ Ciiiss s ey
~
S 9 10 11 12 13 14 15 16
3 g — —
aﬁc
3 v“ ~ . P
4 g 4 :
) A4 ~ ~ R e
™~ 9 10 11 12 13 14 15 16
o i p— —
~ Y
L Qg e T I S
~|
S 9 10 11 12 13 14 15 16
e - 1 =
-
\"‘\Ec
) ~
- s
~
~|
=~ 9 10 11 12 13 14 15 16

K1 maflmirssEi. HOMSOr s s 2 mAm, OS2 EE
Mo FAVECR XA R VELIE S, DUSSELEE 4 i) m] AL .

HFULEFE, KR T D2 N "Hatdm "SSP NIE
SR, R TEM B AR R 25 g R B TE] S5 T e (8] 5 s, R RS TR AN
B EAE T A mmOLE D). KWk, T A, af UK MWER oGS A
B ET(10~20 Hz) bR BE A R WU (1 55 27(50~ 100 Hz).

Bk, N TSN S SRR, AT T M R R T I
MEZE, BR N PointINet( £ 2= i 25 ) o FA T4 H 1) PointINet 3= H 9 3 7 2H ke :
MR AR S B A B, A A E S S s N S AR, A
AR B E A . S, BATE oAb v AN SE S 2 2 1] 1 R m) — 4
st AT 880t . 3D MRARE TN E s 85— R sz,
X BIRATTR 48 FlowNet3D H2E 22 3] 37 sl v 48k T 3D 37543
SNE IR VERRAE ) 3D tiit, B s EG e NP K. e, K



) S A R IRk, T ROET I R (8] 5 20 3D s 2RSS ML BTG P
PRI, PN s P 1 R 2 TR RGP R S S R IR X RC R .
I, BN S TS RIESE . N TR, AR T — R
() AR AR o 1% A A AR [ 3 S G PR N AR 3 2 ) R AT R R, AR B
I A) 25 KRR A B 2 k Bl AB(KNN) SR, LA S = otk 2 )5
TATHE H 0 7= ARG K B v ALK A SR 2 1 R SRR AT o LA AR s )
Zno FTHEH PointINet [ AR ZER) WP 2 AT 7R

N T VR IE, BATB TR A ESEG . thAh, BT 1R SES,
CLVEAL R BRI E R s R . AR KRB S AMNIOE R IR Es 46 BT IR E
SEEGUER 1 BT Y PointINet H)A 2

BTS2, FAEZ TR

® Ny I VRO EH AL KA A BRG], BT RS —— RS
fAimio

® JEii /T —FHN PointNet HJFET22>IHIHHESE, LAA RO RPN E
B2 i s Z 1A P T

® Rl EMEAE B, PASIERTIR 5 iR A R

I1. AR TA4E

FEARATH, FATZE BB 5 = AfWoa SRSk AT R AT ot (14
WIS RIS = 1 3D sl T i

PRI

YT, REMEEN T EIE TS T JE T ORI 7 s AR M TAE
Z — 72 Super SloMo, ‘B JE T~ 2] B 77 ¥ F00 XU ) '3 e 1322 S8 i 2 (7]
[AE )] o SR » T PR AN ITE — 528 ¥ 9 5 JEE P HE I 25 5 DUAE bt 25 1A v T
Reda et al. FJHEIA—ZHE R SCRAIAEMIF C I B 2% 2. Xuetal3g 7 —Fh
T URAR AR AR 77 32 R R PR A I B A S o MR I T R ) — oy 2 T
P #% ) (Niklaus, Mai, and Liu 2017a,b). (Niklaus, Mai, andLiu 2017a){i 14Nz &
PR, FmE b T AT BRI AR R WAL E . Niklaus, Mai, and Liu
2017b JE A5 A — X — 4 P ek i 2 Ak S N it B () R AT AR R —
B T %05 wIE, (Baoetal. 2019)45 4 T H T AR AT . A TR
FER TG R I REN B, AR5 A TRk e B 0

3D R



Mz B 3D Yyseiiinl UEAE 2 3D e 2D i, ER R AR 3D g
. SHEFRER 2D ST S R A NGEA L, 8T 3D B EciiAl i L
EFIXTE Do FlowNet3D 2 TIRE 1N 3D bt i TAE.
(Liu,Qi, and Guibas 20192 H T —MRBANZE, P AF S s (s shit 47 2
5. 7F FlowNet3D 2 J5, FlowNet3D ++3#H T JU 2ok gk — 3 mks Fir
HPLFlowNet /£ 5 fliit 5] N T XA EFZ (BCL).  PointPWC-Net 2 T
— TR A T 7% FELANANERE (1) 5 XA 5 T 3D s Ui i - Al (Mittal,
Okorn, and Held 2020)#2 4 | JLANASSZ I B 40 R el 4, DASEHe 5 B8 B0 S 1 508
£ EHET TN St v . ZERRATISEEh, BT e A o, 3R
1% FlowNet3D 7E AN 55 = Z [HIAT 3D i flith .

III. K=l
Inputs Point cloud warplng Points fusion
F,, eR™ PU eR™
‘ [] oua
FeR
Adaptwe Attentive
te 0 I)—» . )
kNN cluster points fusion
e ]R
}J‘ e R:\'x]
Point cl L (‘D" "-fu-"- rped
} B eR™ PeRY™

K] 2 PointINet FREMARLER . M NINELSR S 25, PointINet B4 i M= A8
SRR A A AR 2 S PR S

FEARTI, FATE SN T Pt 8 53 2 38 Wi 2% (PointINet) H) B AR 2 44,
SRJEVE 41 T PointINet [P IRBERR 7, BRIl 25 AR MR BRAT i il A AR o

R ER

PointINet f{ ARSI 2 Fan . 458 NSRS PO A1 PL, WA K
t€ (0,1), PointINet [f] H b5/ HI 25K t dh ¥ 1] 5 E P . PointINet B4

REEBRA R : 5= AR N R 2R BB 4 € I TRt SRS
TRHCRG I H ) R m BEAT Rl . T AT PR X

REZH

GEW/pz PO FIPL, BB EFETN PO AN s7E Lo (ML,

Hodr P2 PO FUZER DK ¢ SR s W F i s P1BRATHR I o 33X B



KRR SN PO B Fo (iZ5) . BATE EHIHA sl PO A P1 2[RI

XA 3D 5tifit Lo € RN OHF 0 € RYOSRAGTE SIEE) . 3D Wsini 2 e s
3D 1831, ERTUEER 3D mia FOLImMIHE . X BIEA TR A 3 T2
STHIHESE FlowNet3D KAk t1 XU [ 3D 35 it o AR B0 S s, 2 2 18] ) A 2

BRI, FBA 85I Fooe B BT DU S AR Fo o R0 ks, AT RAR

ZiVSE

Fo e =1 X Fy sy

, 1
Fisi=(1—1) xFiy ()

SR)5 PO AT P1 ] DLRRHE 418 3D 735t F oo A 4l AR R 45 7€ N TR B,

Pn,_r = Fy+ Fo e
. , (2)
Py =P+ oy

RomMe

R B AR R T B0 S AT T A o A
SRS SR 2 BT . B AT ES  E e © RV R

Proe RN g R B R I HR IR B B € RS ZERUATHE MR, o T S AT LA

RN NG 2D W%, RlE D IR 2 S AR AR X E . 2R,
BT R AT, B S RS2 51 . 12
PointINet 7, FATE SGHETIEDAC t NPT Rl o B IEBHERAE, SR)5
PLRAE OO k SO ARNN)RICRATR G . 25, ER ARG HECR
FRER I, A2 & B 8] i ze o T TR PR 21 Rl B R 10 2 2 2 Rl

e

BEMKAE Al S RN SRR RN A S G R S
HM L, P mmxd e m = Tk e A B2 AR FE R . B, £E 0.2 I i A

i1 P2 5 55T PO REI% LG AR T P EARL. BT RIRAER, FRATTM Lo FIPLHR
HLHEL NO A1 N1 AN, 594 R EASTRE 2 Do € RSP, € RV Hoe
NO= (1-) XN FINI=tX N, XFd V(15 45 RE 45 40 B FRif 125K « 388
i VR AN A 2 O TURR . BRI AL K ¢ ) S R R L B TR R, 2



o PRI IR AR I B D € RV,

B ERL KNN B3 BATH LN B E G R KNN SRR, A2 k N
AR, MR S R A BN . X T Pep A A BRATERIA
A5 25 Pos PP 2 K AN A 5 G RERRESAL, Lo f Lo B4R 5
B AR o« BT AIERIAEE, DUFERIA S TR Bk, Ao

KO /MABIL £, 7EPrLerh 283 K1 AR AL Forh Ko=(1-t) XK, KI=tXK. [k,
BAMFEIN NERE, GRS K AERE S AR BRI O ERRN xi
ggertet ok € RN g a0k~ #iatn
Frrls 2, ARBIAR A RSP A L . BEAh, A8 AT R0 £ 2 i O BR B RS
ek = 2l Sty 8 g 3B R B H o o [T IEE, BA RS S A T DA

ﬁgf‘i:{f{u"' :f;;:”‘ 1f}{}ERKX4O

Wi c RKXI

Cluster ,—P | R—»P
g Shalred v
¥ eR’

MLP Attentive weights
B 3 R RO A AR I 1 25 A

EEABE TR D SaZ e/l s 72N AR,
PATR I E BN R T A AR AR A AR AR S AR Bl R 1] 5 25 PP R o Y ) Rk &
R X 28 280 7] 2 ILPE 3. %2 PointNet Fll PointNet++11) 5 &, AT BN FER
HIRFIE Fi S AL ZE L 2088 (Shared-MLP) PUERFFIEE . ARG N H 5 221
maxpool )=l Softmax R £ %F 58 28 o (1) T A 4B A PN — 4EvE AL Wi

{wh, e wiy s wieh € R jm it i ) DA g A0 s BRI R



K
=) ap-wp, i=1-- N (3)

k=1

B, ERIE S BT U RR AL = a e RV B, B

e VR B R R A R n] LS S SR S F b w2 5 B0 R BE S = R A
SRS 5, B e R T R AN RS R R P A RS
AR AR AT BEAh, fF B B RCRAEAT H G N, KNN SERERER, ) DURR S
P t SRS S otk Ik, B E Sz 2 WA A S i
AR -

EAES

{80 B S T EAD S o AR BUE . X E, AR E M Bk
W B BT E 1 PointINet IYIZ5. A EMM RS =P e RVCHIAM A S
P e RN M f B RS H R T AR

1 i i . 1 - -4 7
EZF Z JFIJI?LCJ% HJI _"r'}H‘z—i_E Z i HJI _"}:'}H2

’ Fi1e P
I*eER; I c P ey
(4)

Horp| o |MRFE L2 151k
IV. s2i6

PATHEAT 2 PEANE S0, DLIEWIFT SR O iRk RE . BEAh, BATEAE
PSR (R, S R A 2 UAAREGE 53 (ICP)) #EAT 15856, LLEELT
M PP AR RS 8] A 2 R R

-/ B/

BATEPA KA =4 LIDAR 5 CHI KITTT B R E RS nuScenes £
W) VPl Tk, KITTI R RAE SR 4L 7 11 A B Hhm = se vy
F1 (00-10), FAMEH T 00 YZRMLS, T 01 SHATIUE, w8 FH HAth 7 215
1TVt . NuScenes U EE LS 850 NIz, FAMEHAT 100 M HLHEAT I
Yx, A T750 DNIEHATIME . BT miUE LiDAR A&JEES, FRATHE 008
KITTI BFEREIEEF ) 10 Hz = FKFEAN 2 Hz, B nuScenes ZHREEH 1) 20
Hz i FREEN 4Hz, FHIFIIGME &L, Fik, 7ERRAE S S RIAIE
SRz (81 4 AR S .

SE A



A TE SeAE Flythings3D #dE4E Ei)IIZk FlowNet3D, #RJG1E KITTI ¥ 5 iR £
e FOIb N es o FRATT L #E43 FH (Liu, Qi, and Guibas 2019)Ti4b B ) ¥k Sk il 2k
FlowNet3D. #& )5, FA 140w 7E KITTI BLRE R £ 42 F1 nuScenes £ 79 71l 5¢
PR FlowNet3D.o fEUEFEH, K YaTWIS5 AT /5 Ns Wi BEALIZE B/ E
RINEXS o SRIG s AT 1937 S dnihs 28 — i e B 2 i, A A8 3 i = A5
T mZEREAEE GES AR 4 Bk R BT B FlowNet3D 583 .
ZJE, TEVIZRNE S I S RS N, FlowNet3D AR H 2 B 58 (). 7612 smha
R A T, B AN ESE AN [ 4 A>T 1A 5 2 B BERLSRAL T DL S AR B R s
(20 KRR IIRFEAS . RATTEE DI ZRIA AR i = AL R AR N 16384 £, FF HAETR
TSI R AR AR B RS K W BN 32, & ARl &8 Shared-MLP )2
[P IE 5 B N[64,64,128]. FTE M 43518 H PyTorch SE8L, 1 Adam #7 FHAER AL
oMbk, SRS B AR KITTI BARREAE S FT U4, IAMCK ISR G
R 2 nuScenes FHE AT VA .

K 4 PointINet FIEMESE R . M EENR=XNESMBES R N4
20K t 43908 0. 25 0.50 F10. 75,  WEfh, ZREFIZE N = HARER S —Ii, 25 —Wifl
TR A deAh, FAVEOK S = A X, RG2S S A, DA i

AR 2 A

SEPESEI

FEH 1 PointINet [ B b1 & MR [P AR B R U OB B ik it . (HAE,
WAIA R =W LIDAR /&84 . B, FRATH Ns= 1 14k FlowNet3D, LI#
I ) R S RIS 3 S AT SRS AR SRAE f U I R s Rk S A
HeE BN T KITTI BRAEREIEER 10 Hz S b UUE S R S =i .
X, ATERE 4 it T iit, Hrh A i) S804 8o 32768, 10Hz 55,
= _FoRAEE] 40 Hz, ARl e 8] 20K 15 B 0.25. 0.50 1 0.75. ARz 1K 4,



$H Y PointINet fREFHLMGTH T A= Z B RIS, Jf Hah & Hikm] LLIRE
R AT BRIz Ak, BATEAEANFE AR S it 1 — SR, BLLE A R
R B PTARWER L ARG, A 2 AR I TR A 2 [) B 8 b
IR 2P

e B ST

PR tRAR AT PNl TE AR BIAREE (CD) AfELHLEER (EMD)
SR VPAG B s Ui AR B i s S b T B S = 2 (A AR AP E AT — St . CD %t
IS 4 b7 T HER. EMD 2 LI 15 5 (Weng et al. 2020) ) H F FE

B, JORIEE AR RN R RS . A E W s B € RVORIP, € RV,
EMD W] DL i iR 9 -

1
EMD= min © 3 i-o@l;,  ©
o sp, N oy

o, @1 P — P A

FE N TR PointINet [RVERE, BATE LT 3 MRS BATNI ik
BEATEERE: (1) — BTk HAUE R — e EREFOAP R R s, (2) X
FF ICP J7ik FATE el A AT 5 (ICP) AT s (R P AN IR SR [A] 1)
WIPEAR e, R ot FLdEAT Rk E DAIRAS 28— A R Rl TR R AR . 2 )i, 2k
TR — i =AW, (3D i i BAMEH FlowNet3D A
THELL AN WUZ 8] 3D 5, Il e il v 5SS — Wit [l it 3 5
Wi, PRI IRAE 3D SR int 3 — M TS B PR G . EE RS,
I BENURFER P s = FERAE Y 16384 K.

# 1 1EKITTT BFEREIRE EXF Point INet FIHADIELR AT 2 B IPAL 10 45 -

Metric  Identity  Align-ICP  Scene flow  Ours

CD/ 1.398 0.752 0.687 0.457
EMD,| 68.93 83.79 57.13 39.46

% 2 7F nuScenes FE4E 5 PointINet F1H A IE 28 384T 5 B Al &5

Metric  Identity Align-ICP  Scene flow  Ours

CDJ 0.617 0.555 0.511 0.487
EMD/|  54.24 51.12 50.97 47.98




B L) PointINet 1Y CD A1 EMD DLz KITTI B2 % Ei45 45 F1 nuScenes
BHEE L AR B EoRfER 1 Ak 2 b RIBL R, BAIKITTEMERE
B AR T HAh L v . B, 22 PointINet {3 A BH 25408 KITTI 2L F—
BMETTIE, XFEICP JTiEM s 7 vk 173, 3/5 f2/3. HEFERS, &
TR B T sm vk, XM 7 Sl A g8t . R, A
IAE KITTI BARRE PR 4E LIl Zh il S A, T7E nuScenes £ 4E I 145 R b
UERH T W25 (1132 1 R

FiF

N T U RS A R R 8] 55 2 B 5 B DA S R s AR AL, BRAT 1A d
E A A REE S i B T AN S B RE, B SCBE SR 2 il ICP. 3K,
1 S50 50K KITTI B AR R E R4 A1) 10 Hz 55 2 F1 nuScenes 4 5 4 1 20 Hz
Bl FRAER] S Hz A1 10 Hz, AW EATIVE R N3G 52 0 PN 4 21 S5 46 17 it
Fo  WRTHNAFE SR EHEA N AT R, LSRR H 1) PointINet
(A R
3 KITTI BFEREUE G IR IAAIEIE S 10 3 ANRIF S s v] S 1

Keypoints  Harris-3D  SIFT-3D  ISS

Original 0.155 0.174 0.163
Interpolated 0.138 0.151 0.133

R SR BRAEPA ST HAT 3D SR, VTR ARSI 2 o
AT EE M., RATER T 3 NF LHIER 3D K8, EP SIFT-3D, Harris-
3D 1 ISS. A PCL A S I2 I ET A B o WIS A 5 B — AN O s 21 5
— A B A BT ) OB A P B (AR T i TH A SR AT R AR e 2 Ji5 ) 76 R
Hor (SrWENO0SmM) 2N, NZSHNTELR, fFit, TEEMEE
STORBE R LR o TATTH S 2100 2 P OB SRR 5 5 Wi Py T sk, JF
Bt SR E N 256, T nuScenes F4E A5 B /D7 i Hh ] B AH 2,
UGB R SE B A AE KITTI BARR B LT, HEREIRER 3 F. R
PR, SRIE S AL, FE SR EE A A K. B, fHHE A
=W Harris-3D )R] 8 & ML LL R UG S = AT B R K 0.017, 25 5 M f i
TR R A 55 2 S T B s R B

R4 KITTT BAERAGEEE B UG SR 3 R i i) 22 ol TCP PEfE

Metric Original Interpolated Difference

RTE (m) 4.31 4.57 0.26
RRE (deg) 2.70 2.95 0.25

% 5 nuScenes FHEEE LR IG AT A 5T = 1 2wl 1CP PR RE .




Metric Original Interpolated Difference

RTE (m) 1.65 1.72 0.07
RRE (deg) 0.91 0.92 0.01

Z Wi ICP AKX Nm ANELEMWHATIER U & (ICP) Bk, DA 58—
S5 G — Wiz BRI, fF KITTI BRAEREYEE LK Nm % & AN 10, 5T
nuScenes FHEEE, NFHEM (K4 2Hz) FRAELESZES. Hi, B Nm &EN
Y5 nuScenes 45 AN B T2 (A T [R] . FRATTAIA PCL A (1 SEER A
17 ICP k. BIN— IR LIRS 58 — il B J5 — Wit [R] (R e 6 o 11 SR AR XS P48
7% (RTE) FUMXIER:R%E (RRE), PAIVELZMi ICP Ml SRz, X
KITTI B REAE A nuScenes A4 R0 BIRTER 4 L 5 o Al
TR GG AR E S s R 2 2 A 2257, R a8 RIEIRTER 4 FIER 5 i9h
B, DMESEAT AR LR . MRS R, #HME A = B 2 i ICP 5HV% 1) RTE A
RRE EFELFE S . B, WRiEE S, WA RIE nuScenes Fdi4E 1Y
RTE {AHZE 0.07 m. "S5 01 RE2R B AR A1) A 8] 55 2 b5 i T B8 2 22 TR) R AR AR
P,

MRYEIZ PN IS8, 1 T de M 3iE D ik T REAEAE IR 22, DRILAESGE

mos EENE IR RS TR AR R R, XA N R R ) S R REE
W T2 BRI s s 5 e L P R P LA v B AR UL A — Sk

*® 6 PointINet SKHAMFE AR LR 1 R AIZATIS[E] (ms)o

Number of points 16384 32768 65536

Point cloud warping 167.3  291.1 529.3
Points fusion 36.4 81.3 196.6
PointINet 203.7 3724 7259

T FE KITTT B REE 5L o0Vl RO 7T i) s B VPAl 45 2R

Methods CD] EMDJ|

full PointINet 0.457 39.46

w/o adaptive sampling 0.580 48.00
w/o adaptive kNN cluster 0.534  41.66
w/o attentive points fusion  0.555  40.67

EES



TERL 44 NVIDIA Geforce RTX 2060 ] PC 4l T #LiX ] PointINet )RR,
HAER 6 HER T NS 16384, 32768 Al 65536 miff) A2 f—> 8] i () °F
BaATet e . MRIELE R, KEHETH A T8RS =, FHAHR R SRS
PEE T EA S B D I TR AT 5. AR, R TR TRAS RIS AT, T A
RlE AR R IR T SR (RI B 5 AS B T . ST S, @1 PointINet 1] LA
R4 A 3 T

TH R SE I

PATEAT 7 ZIRIERATTT, LA T PointINet fAN[FJZHRSCER 7> (45,
HIENKAE, HIEN kNN BT ARG S RALIRKPm. LRKES
E RS — 2, WAL HBIMIEER (CD) FHELHLIES (EMD) Kl PERE
BT W T 3 7E KITTI AR B4 BT .

BENCKAE HATIEL & b EEHLRAE A2 m = — 2R S DUB R A
W R ZAF T HAER kNN SRR A3 A RACE B & NRFE SRS . 45 RERER
7B AT IRAELIR, AT HE N REERITEOL T, CD A EMD 7353 i1
10,123 M1 8.54, XKW HENRIERIEEETRR 1 1EGE.

HIERL KNN R AT 1 5 = [ e &l K/ 2 ANEBE A, 1
AERIEE Kt RE W A RIER 7 B =47 P BRI R, WA HIEMN KNN
M CD A1 EMD 435l M 0.457 BEH0E] 0.534, M 39.46 HiNE] 41.66. 45 5HKAE
B T H & M. kNN R e

FER RS T R S RS BRI OR, T T T 1 3 SRR
(K Z LA RIS 2, B R RIERN T IRAT . MRS S, V7
BRI SR T IR
V. 1

ARICHAE T —Fh 448 s s i E 8T 55, FEN AT 55 8t 128 T2 ST AE
Z8 PointINet. Z5E P MMELEN S, ZATSS B R TN S AT 2 8] 76 B [8) A0 2 18] |
— U A R b DR, 8T R BT H R O v T ORI 5 2 It bR AE B i
R, BATRI A 3 sl v T @ sk, SRE KA S oA e B gy
SERIN DK . SRR T — Rl aip) 58 T2 S W Rl A i, DU Rckb il & 7
M. BATAMAES W 7 et fE =Ll . 78 KITTI BRERHdE £/
nuScenes FHE 5 it AT RS SLIGUE B 1 BT i 1K PointINet [ VERE AT R

VI. JEfE B

S B AT R AT BE X T N B BN BENL A A\ A Je = AL AR s i, w]



CLysA 25 B sy A T NI AR R, JR @S k. (B2, XA EHE AT
AEFECS B A TR, BN, Prif M AIE R RERAEENFEFNA, B
MEMTNNL, RSB BIARM 2% 4. BATBOZRZRE L2 T AeE NRAE
I AN AT AT IR .

VI. i

X TAE T EER AARREE 4 (No. 61906138), KRR MR & # kK Wil
% 945539 515 K1) Horizon 2020 i 75 5 G HMAEZE &I CA N T &I] SGA3) 1 2018
g AT BT R BRI TR .

e P

Bao, W_; Lai, W-5_; Zhang, X.; Gao, Z.; and Yang, M.-TL
2019. Memc-net: Motion estimation and motion compen-
sation driven neural network for video interpolation and en-
hancement. [EEE transactions on pattern analysis and ma-
chine intelligence .

Caesar, H.; Bankiti, V_; Lang, A. H.; Vora, 5.; Liong, V. E;
Xu, Q.; Krishnan, A.; Pan, Y.; Baldan, G.; and Beijbom, O.
2020, nuscenes: A multimodal dataset for autonomous driv-
ing. In Proceedings of the IEEEYCVE Conference on Com-
puter Vision and Pattern Recognition, 11621-11631.

Dosovitskiy, A.; Fischer, P; llg, E.; Hausser, P.; Hazirbas,
C.; Golkov, V_; Van Der Smagt, P.; Cremers, D.; and Brox,
T. 2015. Flownet: Learning optical flow with convolutional
networks. In Proceedings of the IEEE international confer-
ence on compuier vision, 27538-2766.

Fan, H.; Su, H.; and Guibas, L. I. 2017. A point set gen-
eration network for 3d object reconstruction from a single
image. In Proceedings of the IEEE conference on compuier
vision and pattern recognition, 6053613,

Flint, A_; Dick, A_; and Van Den Hengel, A. 2007, Thrift:
Local 3d structure recognition. In 9th Biennial Conference
af the Australian Pattern Recognition Society on Digital Im-
age Compuiing Technigues and Applications { DICTA 2007 ),
152-188. IEEE.

Geiger, A Lenz, P.; and Urtasun, R. 2012, Are we ready
for autonomous driving? the kitti vision benchmark suite.
In 2012 IEEE Conference on Computer Vision and Pattern
Recognition, 3354-3361. IEEE.

Gu, X.; Wang, Y.: Wu, C; Lee, Y. I.; and Wang, P. 2019.
Hplflownet: Hierarchical permutohedral lattice flownet for
scene flow estimation on large-scale point clouds. In Pro-
ceedings of the [EEE Conference on Compuier Vision and
Patiern Recognifion, 3254-3263.



Ng. E.: Mayer, N.; Saikia, T.; Keuper, M.; Dosoviiskiy,
Ac and Brox, T 2017, Flownet 2.0: Evolution of optical
flow estimation with deep networks. In Proceedings of the
IEEE conference on computer vision and pattern recogni
tion, 2462-2470.

Jiang, H.; Sun, D.; Jampani, V.; Yang, M.-H.; Learned
Miller, E.; and Kautz, I. 2018, Super slomo: High quality
estimation of multiple intermediate frames for video inter
polation. In Proceedings of the TEEE Conference on Com
puter Vision and Partern Recognition, 90009008,

Kiani Galoogahi, H.; Fagg, A Huang, C.; Ramanan, D.; and
Lucey, 5. 2017, Need for speed: A benchmark for higher
frame rate object tracking. In Proceedings of the IEEE In
ternational Conference on Computer Vision, 1125-1134.

Lin, H.; Lian, K.; Lin, C.; Fhao, ¥.; and Guo, Y. 2020.
Pseudo-LIDAR Point Cloud Interpolation Based on 3D Mo
tion Representation and Spatial Supervision. arXiv preprint

arXiv:2006. 11481 .

Liw, X_; On, C. R.; and Guibas, L. 1. 2019, Flownet3d: Learn

ing scene flow in 3d point clouds. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni

tion, 529-537.

Liw, ¥.-L.; Liao, ¥.-T.; Lin, ¥.-¥.; and Chuang, Y.-Y. 2019,
Deep video frame interpolation using cyclic frame genera
ton. In Proceedings of the AAAT Conference on Artificial
Intelligence, volume 33, 87948802,

Liv, Z.; Yeh, R. A Tang, X.; Liu, Y and Agarwala, A,
2007, Video frame synthesis using deep voxel flow. In Pro
ceedings of the [EEE International Conference on Computer
Vision, 4463-4471.

Mayer, N.; llg, E.; Hausser, Po; Fischer, Py Cremers, Do
Dosovitskiy, A and Brox, T. 2016, A large dataset 1o train
convolutional networks for disparity, optical low, and scene
flow estimation. In Proceedings of the IEEE conference on
computer vision and paitern recognition, 4040-4048,

Menze, M.; and Geiger, A. 2015, Object scene low for au
tonomous vehicles. In Proceedings of the IEEE conference
on computer vision and pattern recognition, 3061-3070.

Miual, H.; Okorn, B.; and Held, D. 2020 Just go with the
flow: Sell-supervised scene flow estimation. In Proceedings
af the IEEF/CVE Conference on Computer Vision and Par
tern Recognition, 11177-11185.

Miklaus, 5; Mai, L; and L, F. 20174, Video frame 1n
terpolation via adaptive convolution. In Proceedings of the

IEEE Conference on Computer Vision and Pattern Recogni
tion, GT0-6T9.

Miklaus, S.; Mai, L.; and Liu, F. 20017h. Video frame inter
polation via adaptive separable convolution. In Proceedings
af the IEEE International Conference on Computer Vision,
261-270.

Paszke, A Gross, S Massa, F; Lerer, A.; Bradbury, J.:
Chanan, GG.; Killeen, T.; Lin, Z.; Gimelshein, N.; Antiga, L:
et al. 2019, Pytorch: An imperative style, high-performance
deep learning library.  In Advances in newral information
jprvcessing systems, 80268037,



h, C.R.; Su, H.; Mo, K_; and Gubas, L. 1. 2001 7a. Poimninet:
Deep leaming on point sets for 3d classification and segmen
tation. In Proceedings of the IEEE conference on computer
vision and pattern recognition, 652-660).

i, C. R ¥, L 5o, He: and Guibas, L. I. 2007h. Point
net++: Deep hierarchical feature leaming on point sets in a
metric space. In Advances in neural information processing
svstems, S099-5108.

Reds, Fo A Sun, D Dundar, AL Shoeybi, M.; Lio, G.; Shih,
K. I.; Tao, A.; Kautz, J.; and Catanzaro, B. 2019, Unsuper
vised video interpolation using cycle consistency. In Pro
ceedings of the IEEE International Conference on Computer
Vision, 892-900.

Rusu, R. B.; and Cousins, 5. 20011, 3d is here: Point cloud
library (pcl).  In 2007 FEEE imternational conference on
robotics and automation, -4, [EEE.

Sipiran, I.; and Bustos, B. 201 1. Harris 3D a robust exten

sion of the Harris operator for interest point detection on 3D
meshes. The Visual Computer 27(11): 963.

Sun, D.; Yang, X.; Lio, M.-Y.; and Kautz, J. 2008, Pwe
net: Cnns for optical Qow using pyramid, warping, and cost
volume. In Proceedings of the IEEE conference on computer
vision and pattern recognition, 89348943,

Wang, L.; Huang, ¥.; Hou, ¥; Zhang, 5.; and Shan, 1. 2019,
Graph attention convolution for point cloud semantic seg
mentation. In Proceedings of the IEEE Conference on Com
puter Vision and Partern Recognition, 1029610305,
Wang, X.; He, I.; and Ma, L. 2019, Exploiting Local and
Global Structure for Point Cloud Semantic Segmentation
with Contextual Point Representations. In Advances in New
ral nformation Processing Systems, 4571-4581.

Wang, Z.; Li, 5.; Howard-Jenkins, H.; Prisacariu, V.; and
Chen, M. 2020. FlowNet3D++: Geometric losses for deep
scene flow estimation. In The IEEE Winter Conference on
Applications of Computer Vision, 91-98.

Weng, X.; Wang, I1.; Levine, 5.; Kitani, K.; and Rhinchart,
M. 20201 Inverting the Pose Forecasting Pipeline with SPF2:
Sequential Pointcloud Forecasting for Sequential Pose Fore
casting. CoRL .

Wu, W Wang, Z.; Li, Z.; Liu, W and Fuxin, L. 2019,
PointPWC-Net: A Coarse-to-Fine Network for Supervised
and Self-Suvpervised Scene Flow Estimation on 3D Point
Clouds. arXiv preprint arXiv: 197112408 .

Xu, X.; Siyao, L.; Sun, W; Yin, Q.; and Yang, M.-H. 2019,
Quadratic video interpolation. In Advances in Newral Infor
mation Processing Svstems, 16471656,

Yang, I.; Zhang, (.; Ni, B.; L1, L.; Liu, 1.: Zhou, M.; and
Tian, 3. 2019, Maodeling point clouds with self-attention
and gumbel subset sampling. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
3323-3332.

Zhong, Y. 2009, Intrinsic shape sigmatures: A shape de

seriptor for 3d object recognition. In 2009 IEEE 12th Inter

national Conference on Computer Vision Workshops, IOCV
Workshops, 689-696. IEEE.



