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DEEP LEARNING BASED DYNAMIC POINT CLOUD
SEMANTIC SEGMENTATION WITH
SPATIAL-TEMPORAL UNDERSTANDING

ABSTRACT

Recent works of point cloud show that mulit-frame spatio-temporal modeling outperforms
single-frame versions by utilizing cross-frame information. Since we live in a 4D (3D space +
time) world, dynamic point cloud is the exact input for many real-world applications. Therefore,
it’s of critical importance to extend semantic segmentation from static point cloud to dynamic point
cloud. Compared with static point cloud, dynamic point cloud contains not only spatial information
but also temporal information. Therefore, we should learn the two aspects of information properly to
process dynamic point cloud effectively. To this end, we first do some research on spatial-temporal
understanding with neural network and propose a new spatial-temporal learning strategy. We then
extend it to 3D point cloud considering about the characteristics of dynamic point cloud.

To start with, inspired by the mechanism of how human brain processes spatial and tempo-
ral information, we propose a semi-coupled network architecture design and training strategy. For
network architecture design, we adopt a relatively independent but interactive two-stream design
to achieve semi-coupling; we also propose a new gradient descent learning strategy to solve the
problems of expensive computation and memory occupation, thus achieving semi-coupling in the
training level. Then, based on the research about spatial-temporal understanding and considering
about the characteristics of dynamic point cloud, we further improve spatial-temporal point cloud
feature learning with a flexible module called ASAP considering both attention and structure in-
formation across frames, which we find as two important factors for successful segmentation in
dynamic point clouds. Firstly, our ASAP module contains a novel attentive temporal embedding
layer to fuse the relatively informative local features across frames in a recurrent fashion. Secondly,
an efficient spatial-temporal correlation method is proposed to exploit more local structure for em-
bedding, meanwhile enforcing temporal consistency and reducing computation complexity.

Finally, we show the generalization ability of the proposed ASAP module with different back-
bone networks for point cloud sequence segmentation. Our ASAP-Net (backbone plus ASAP mod-
ule) outperforms baselines and previous methods on both Synthia and SemanticKITTI datasets (+3.4
to +15.2 mloU points with different backbones). To further validate the effectiveness of our spatial-
temporal understanding network architecture design and training strategy, we conduct experiments
on action recognition datasets UCF-101"!, HMDB-51!?! 1 Kinetics-400'*) and driver behavior pre-
diction datasets comma.ai'*! FI LiVi-Set). The experiments show the effectiveness of our model

and strategy.

Key words: spatial-temporal understanding, dynamic point cloud, semantic segmentation
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TV 547 SEGCloud PASE BRI R FI4s o — BUE AN 5. 37 s | A =Mk
6 3D-FCNNUS! Az il ity R ARG 1 22 08 TR W ) B 5, R o P A P 2 10 A PR B L
% (FCCRF) I SEHE 10 72 i X BIHas il — %k . Meng 4 AP 5] AT HTF 4
BHIRMEAS 2y 1 Shamides (VAE) BRI R N R LA g5 M B T4 A5 . R IR Tk
5 IFRIER, TSR R R R L (RBF) PEFTAb P DASAS LR 13275 T
TFREF AR AP AR O . [ E ) 1 34T (VAE) BE—35 MR NI 5 5
TS B a2 . s, AT X PR A S B R 2 4% (CNN) sz
SRR

T AR 245 T A (5 M R (7] 4 23 1) K/ IN) 35 2 HEA TR 22 I 28 I it i 2
BIBERSZ —. EEBUEML (FCPN)PY e A3t M 3D 4z R BOR 24
WL S 28, SRJG T 3D AR T2 Al S SR U Ak PRATEBE B A o X i )y ik
AT DAAL SRR BB 55 25 HAE R R o T 05 2 UL B PR AT itk . Angela 25 A\ 32
#2407 ScanComplete S 5Z ] 3D R AN AN MEZHTE XARIC. W ERIH T 5B
28 9] 24 10 T AW 44 03 17 N 000 0 S0 1) S ) F s A B /N e AT TR i T — FipEL B4
ARSI A2 2R 10 7 3 P45 S 2 R

BEER R A ARG, B SEIER AR L —/ N . HI, BB ES
T Ukl 28 90 26 SR AL PR A 25 RV A B M 1), 5 i e Rt . o 7 AR pesX N 18, Graham
2 N3 SR T — R TR T 4 o SRRy m A R I B 28 0 45 (i H A5 A
RHBIREG ERIATE T WAERI A . SHER, B RREE T T DA HI42
MR AE R B . % TR S T i Ak R A0 25 AR B S . 141, Choy
g NI 24 7 4 % MinkowskiNetdD F 25 A2 [ 4%, T 3D & 2 9 s . (b3
T R SRR A B PR RO . S, AR T SR A
HLI A5 LA B — S5«

BT, RFRFRIE T AR EE 3D 5 2 FUARWO LIS 2 M4 . i B AR
HER 3D AL XA FIl R S EOX Ty AT RE R WS B4R 5 . (R A A R T b
T AT N TR HULAIE . HAh, w0 R e S E N AEAT 3 A B L 3%
FHI R AN BEA T 4012 AR 2 . DRI, SR A3 i A% 4 B AE 2 B h o AR 5 3.
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(c) Volumetric Representation  (d) Lattice Representation

B 22 A TR R ey ke P At EE.

2.1.1.4 ZHEESEHESFE R (Permutohedral Lattice Representation )

Su 2 NP FERAERYZ (BCL) (3L 42 i T RGBS M4 (SPLATNet) . 53X/~
TR SRR IR 2 A (B LU HES 1y U v AR i A, RS A ISP L AR A v
(1 BCL #EA76. f)a, BRUZH i iR b 2 G o X7 IRIE BE R s Lk
CALTR R E R RS S8R HEAh, Rosu % AP T LatticeNet S SRR M =11
UL AR T >4 2 DeformsSlice -5 5 AH 56 485 (AR B S 46 b A% FP A ARRAE
WS B R B =

2.1.1.5 JEAEFE/~ (Hybrid Representation)

N TR B R E R, SEARFR I T LM IAM 3D iz il thap ) 2
(FHEE . Angela Fil Matthias™®! $2 t 17— P&y 3D S0P 0 45 R 45 & RGB RFER LA 4
fibe AT —> 3D BRI LS (CNN) 73 SCHULA 2D B2 R 2% (CNN) 7330k
PEATRAEAR AL, [RIth 1 — MRG0 AL 2R Bl B2 2T 1) 2D I 3D JLAT#AE . Hung 25
BT B T AN 1 I 5 AE SR ] B2 ) 2D BSOS, 3D SR (15 5 14
fiEo RPN TR R BRI A5 4, A TAT AR ALt A . Jaritz 2 AP 421 T
MultiviewPointNet (MVPNet) M 2D Z 4 I&] F QA i 2 23 (8] AP LATHRIE S5 2 > SPILRHAE
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212 HER AR
BT RMBEBEAEARN S s ETAE. B2, a2y g, HIoEEE

I AR UE G B 22 R 2% (CNN) BEFTALEE ., Rt Qi % AR T P4k TAF PointNed'®!,
fufr I LS 2 RGBS (MLP) FIRTFRIIHALZ A 312 ST AREAS S AR AE AN & R o 76
PointNet BRIl I, Fot: T— RS T S % . BT S, X IR B BB H L
JEIEHIEE MLP AL 37, SR v, BT IRIFFIZ % (RNN) [ AT E Y
iR

2121 FEZERAZATE (Pointwise MLP Methods )

X LT PRI G 3L SR MLP VR R 46 BAR (B OoR S B s RO BE . (B, Jld
HERN L Z S (MLP) SRIAE SRR AE TR DR A 2 v 0 R B T LA 4544 DA K s 25,
Z I AR o o T S b 3] RS AR AL DA B KA — AR I 7 2 1 )
5, SRR TIUR SR 2R M 2%, QR T AR AR E ALY Tk, BT R IR R &
AR~ 4 R AR H 1k o

ARACRFAEIRAL - o 127 2] SRR LATRRAL , X TRl R ok H R AR R AR AL
BRSSO . PointNet-++1 DLRZ ) Jy X IR — i A 1T B AT 404, AT
B ORI RS IR . 12 T2 ROE - R 2 70 B 4R ve i i 9 AR
SPHERI G A R I IR, JEoK, Jiang 48 NPV ER T 44424 PointSIFT (B HLK
SEBTT AR i X ARG =B B e BB UE T\ AN 8] 5 T X 2 R 5 S AT
G AR ORI 3 B2 RO PR PATE WA [ B 46544 . 5 PointNet++ Fr O 41850 AR
(BPEkeEify) AR, Francis 2 A0 I K $9MEIRSR K-4RIHHE (KNN) 435l R
()27 o RS 23 18] R A3, 7 [l — S0 S PR R AL 22 ) A B 2 S R st
N ARG I A B B 8 2K R RO F D5 SR PR B P — 22 IE MR AR~ o Oy 157>
AN[F S Z A AT EAE I, Zhao % NI 4R Hy T PointWeb, i i 2 8244 i Joy s 4 2l 1) ¥
EIRAR R SRR IX I B — X 2 [ R R o MBATEFR R T — A B G RARFIERE (AFA) ik
PASEBUAE RS AN AR AL AL o XA SR AR RERS B M 282 A HE B I RFIE SR - Zhang
4 N B [ OBk R AOZETHE BAR H T4 4 Shellcony (S AR 9 B RBURIE. %
IR E— 22 ROZ OBk BT, AR5 X 2 A BR B o Rt A Aok B A5 4t
B, SRR 2 2R (MLP) fl— 4B RUR KR A BB L. Hu 2 NP I T —
MR 45 2 RandLA-Net (2R 45054 T R UL fi = A B . 2% I 28R T REATLORAE K
REEr TAENAFSE AT AR ARCR . ANTHE— 2 6 ] SRy AL SR A B Rl RN PR A L AR
FFAIE

JEFHERANERE T TR BRI, EL T SRR LR
MBS EIM % . Yang 2 NPVIRI T —AHELF ITER R RAE S Z R R, TR T —
FHEZIAAS , 155 TC K I HA] 30 Gumbel T-HRAE (GSS) SR iZ 6 HI Y izt R A
(FPS) Jrik. BLHEHON S (A BURIT BT AR BA (RIS T4 8 T B Hd
PSR AL A AR BE , Chen %8 MO S T REASENAHbZ3 1] (Local Spatial Aware) g
IR0 248 S R 1 2 1) 2 A1 R Rl Ry B Ry e ) 5 ) R R A . 55 245 R RN (CRF) 28
{5, Zhao % N7 R TPl FYERE 10 A0 Bttt (ASR) BB I 5 2 A1 4 4 SR
FTIGAL R A 30 2o (8 ] 27 30 B A A 4R A i A T AL R A AT IR Y 0 B 45 2R . A
AR 5y Mo & 5 B IO TR EE M 25 DASGE B 4 10 0 AR

5 8 1 4k 49 11
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Classification Network
w et s R mpisios m,a.x. . - mlp —
g Ijansform . transform . :j;‘: Ijool 1024 (512,256,k)
£ 2 e | 2 E | shdea | 102 :~@
.E ; ] | | glolfﬁ;l’l’feature k
O S e output scores -
‘ : LT _’-—_p_oiht features

o
| 2
=1 )

& £ |2

n (QLO8S shared = shared A |z

= 2
. - ‘g
mlp (512,256,128) mlp (128,m) )

Segmentation Network

2-3 PointNet! 10 gy M 5 25 )= Z A .

JRB- 2RI Zhao 5 AN I T — SRR PS? — Net e\ 2 (R4
AR E. B, MN16EH £ 2 Edgeconv®! I NetVLAD St 1k s i A4 7 5t 4t
GBS SER

2122 SEFAFE (Point Convolution Methods )

XL R N S R FE A . Hua 28 AP 30 T — AN S B A T
FHAE WA B B B B T SR 5 T B A A E AT S5 BT B ALE 5. Wang 25 A\ B
ESBAES B TR MR FEH T4 0 PCCN B 2%, XA W 2% 2 12 B £ 2
IS (MLP) S50k R 2 48 1 f25 i) . Hughes 25 A\ P2 Y2 N2 5 358 (KPConv) 1)
Ehl R T AR (KP-FCNN) . Bk, PS5 KPConv [
B A PRI LB A B B HLNAZ S BOR W AR o 1% YR Ao SR AR BR R 243 1R] B AR 78 37
FE A LA I R S A S R o AT T 2 AR ARk R R Bz B i — B H e g —
J2 R 2 ORBEVASE IR 5 2 20 T 8 AL e v . 753 Hh ) Prancis 28 AL T 72
JE PR il S 35 R AT WAL 25 SRR J R Bz B AT T SR A B RCR 5 . AT A s T
KRB (DPC) BAERICARY KL IRAE, MAER M K A E 48 . FLER,
PEAAE W] DA S RS2 BT, 9 Honf AR 2 b S A 1 E T R A MM K 254 .

2.1.2.3 T RNN /5% (RNN-based Methods)

AT IR S TR RTE A, B M 4% (RNN) 2 T A s Xa#El = . 7
PointNet!'®! (i 57t F, Francis 25 AP 9 Ui —A i BN 22 KU (14 5 25 545 WK SR DA
RIS AR ITE AES . ARG, MBAT( A PointNet X}4g— 5 = g4 AE 42 0, R )G
F - A G AL (CU) s HGHBA7 (RCU) Aok R 1S4 o i LIREE . 52
Byt AT | A28 (H) 18 SRR TR T4 B ROR e %, Huang 25 A1) 200 7 —Fhds &
R R AR, I ) it Ak 205 T8 7 B S R R SR 40 8 I B R AIE 1) )
5. Ye % NPOV a4 th T —/NE A4 F 8L (3P) AEH kA 2R LRI 40 4 SR 4 4
SRJG AR (43 Z R A 22 [ 2% (RNN) il — 2B il SR AR 1) 25 R 1 o 3 I o
ZM 4% (RNN) SCHl T imB)imi e . (B2, XS YETER JRaB AR I A AL & 4 BR &S A HRAE
BAMERT H 7 BRI T UL R . o T SRR E RIS [

55 9 1T 3k 49 1T
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1D: Line 2D: Square 3D: Cube 4D: Tesseract

24 RE e Mg E A,

[/, Zhao % NP7V TEhASH A M4 (DAR-Net) [l i} 2 4 Jayd 5 A A MRS L
TRRAIE , 300 3o {6 1) 1 368 I 0 S AR 3 A T SR B A b SR B v ) 2 MR AiE . Liu 45 A8
4217 3DCNN-DQN-RNN 3 % K HUL 5 25 064 7 2000 1 25 S %M 46 5 5568 3D
CNN 23] 5 Z 2SR TR A AR, SR 5 BE—25 0 ] DQN & 7 H AR BT % . I
2% ER TR IRRAIE [ Bl 6 ARSI AR 4% (RNN) DAFRAS SR 20 I 4 45 0L

2124 FEFHEH Y (Graph-based Methods)

N TR SRR 3D TRRHULATSE ), — 2 EifiE TR 4% . Loic 28 A 445
TR R — N IR SRR, I B P (RIS ) SR i
EH. RIG, RIS 20 B RS o = T8, B U R SR5y 8 A E S RRE
Bisvl. T LR RISy, Loic Al Mohamed!®0 #5217 — AN B W HE B0 5 75 5t
G153 g SR, o XA I BT 0 A T A el B A B2 3] P A, %S B R AR
H T PR AT E A5 2 B BOR B R B R AT

SN T A 3 v 4 2 ) R LA 6 2, Kang 28 101 FE Rl AR (GEM) H14:
FHEVER %% (PAN) Bo5ERl 32 T PyramNet, [l AKIE (GEM) ¥ 5 %7 A 1
TEI P H ) F A W32 8 e e g WOk L A B R A e MU AR R A e . & 8T )
W2 (PAN) Hfii [l 7 HA PURPA 7] /N 35 B SRR R R (7] 55 18 1 7 SURFAE . Wang
25 1621 SRl T RVER SR (GAC) AT Mo HTE Jo) TRAR I I S AR A . BB AR
35 M 235 1) (07 BRIV AT 22 5 R Bh A b A RO AR . BRI (GAC) WA ST il
IR R HUAE SR EAT 20, B 53 B & FRENLK (CRF) A5 B H UMb

22 HBER=ENLSE
2.2.1 4D MinkNet

KT RIS ZFH, Choy % N 1k i = B E! O 3248 T — A ) 3k G40 4D
(3D ALty + IFTRIZERE) Mg AR

22.1.1 Mok KB

Mok AR N TR R K R AR OR , M T COO Hyfrfiftsa. ARk
PF, AT RS RBE A 4D AR, BT SRR IR & € = {(x v 250 1) ) SRS C 2K

25 10 71 3t 49 T



MERANREZIFEARBEXSEIRAR

PR, MV RREE RS F = () B F 357300 tiitt, Misiske T AR A

Xy »n ozt b flT
C= : JF=|: (2-1)
Xy YN Zy IN by f{;
Hodr, b, Ff; 3226 | AN AARRT I L (batch)  ARARFIARAE 7] &

yUSURBRBRAER SO A A FRI — AR R UE B R SRR T S
WG B, 0152 X D A2 MK « € RP, XTI N™ 44 AR it
Jxit e RN BRUHRE R W e REDNN i1 4y K A TRUE KA
W, € RN"ON" | 8 D dfes ] BB ML A A B U AT DA R

X0 = Z Wi, for ueZzP (2-2)
ievD(K)
Hrr, YP(K) 2 D 42 DUR A LR R FE (0 V'3) = (=1,0,1}). T~
SRR BB R AR R

out __ in
Xu = Z I/Vl'Xu+i

iEN D (u,Cin)

Forbr, NP BB Cr, LBt X T BBWHTEAR. N P(u, € = (ijutie ¢ i e
NPY RPhw kb R it C R C7 our R AR 0K RAB IS CHE AR -
4 A e R DLR I I EL N T DL SR BRI BR, S S
RATARREZFEBURIEN, AN LA BIEEL 5 RS BURIE  (hR

for uec™ (2-3)

2.2.1.2  Hn R RS |

R SCF B R AT B SCE R DA B 4 P 23 TR 2 A [ ] R 7 ik s ) o
fiygh . TR T —SURIR SRy

Ht

Mgiok i ik WG R A Mg 2 28R B, BRI B K R, KA
A ME— P AR AR, RERIRRAE DA K T AR 2 (RE N GRiE X BIE SRR %) . It
R GPU iz MNEE 2-1R. HEBENS, TEAMABREZ MRENKRR. X
A DA A3 i F IGNORE_LABEL FRiciX S8 4K 2R 58 . 158, K50 AR AR 5% 40 s Ay
B, I 4R B BT ME— 1Y W A R E-AR 25K DAV R 0 A filf 48 . X B, SortByKey, Unique-
ByKey #11 ReduceByKey #B2 45 Thrust FE K%L [19]. JH 294 (reduction function)
S0y, (1,0i )=>(IGNORE_LABEL,i,) PAFRZ:- 5B X F iy A FFFE R — 25 91 vh 2= DG P A~
PrZs-HRMEXT (Wh%e) BfiR [ IGNORE_LABEL. CPU i) TAE ML, AN AT
i IH%y (reduction) FIHEFIEHIFTHATHY -

) SURRGERER B SRR T — 2 SR AR AR C™ AR U AR C (% 2-3). E
RGN, R E BT (stride size), HIARIARAR, FFHA
Mg SR AT B RN (ARRRZ ()P B /NS ) o AT T4 HH 1) SORB i AR 3 b 1 2 o
HUARAR X AR SO A A AR I I AT R 1 6t AR €

2511 71 3L 49 T
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$vk 2-1 GPU Figisk == 71k (Sparse Tensor Quantization )
MiA: A8AR C, € RV HHE F, e RV HighRss 1 € Zy, Bkl o,
C, < floor(Cp/v,)
k < hash(C,),i < Sequence(N)
((',1), k) « SortByKey((i, 1), key = k)
G .k 1")) « UniqueByKey(i , key = (k ,1))
a”,i") « ReduceByKey(",i ), key =K , fn=f)

! ./// .W n
return Cp[l ,Z],Fp[l N

Bk, AT GBS AT EE, FRATRE B AW R e WE L i A 2> 52
Wb i . FER B SRS P R TR, AT AR SR R (L, WEE
TR AR b S A B A0, TR L S it . A AR I W R R A Ut IR S
AR BT ISR M = {(L10), fori € Np. )i, T ERMARHTARE . B
BT A RRACE W, IO, WA AR 7 3 T MR | € NP Skt ik
MR (B 2-2), Hop In] f1 O] FRRE51% I fl O B n ANITE, F A F 4y
FRES n AN AT T IORHE . BB ORI (SR 1 TAERIEM, HiE
fy AR AR BT L A

Wik 22 1 Wi (Generalized Sparse Convolution )
HA: BREMAE W, SRR F' SRR 5045 FO, BRI EIMST M

F° < 0/ZENO

for all W, (I,,0,) € (W,M) do
Fimp < WiLF} (11s Fl s s Fp ]/ (WBLAS (REARZMERIL TRET)
Fump < Fomp + LFG, 117 £, 29 -+ Fo, ]
[chi[l]’ ng[z]’ “ee ng[n]] < Funp

end for

e KAyl SEEKEANR, FERmEKE L, A 8 a5 AR
[ EIBR AR R, XA A S BATK T IR, X ie NP, ELITHIO 4>
SRS (1), F1 {0 ), By at. AT e Se e 554 b A ARt I i AR 50 B
IR G o B 2-35 3k LU b 20 AH [ 4 0 AR AR I i A RFAE SR T AL . Sequence(n) Az ii—
A0 E n— 1 BREETH, HZYEEL (reduction function) f((ky,v), (ky, 1)) = min(vy, vy)
IR [ 25 78 WP SE(E XTI B/ IME . MaxPoolKernel j&—4~ CUDA 1%, B ' X5 il
B ER A RHES A T0AL,  [R]aR [ETeS BAH [ A i T e sE— RG], AR . i
&5 0",

RPERIAL, SRR SEBE AR 4 R Al 2 R TR AR R T R AR
AR E R S B Ak , B TS ME— 3 AR ATORE Y ) A ARRAE - S5 (0 52 31 4 Sy it
o XFTALAZ Rl S8 . A q 18 A AR 2 B ey, T DATERE (4 R4 T 00 A s Al BBy
i E AR L4 A2 % (BLAS, Basic Linear Algorithm Sub-program ) 7 . HAk, fb {14
JH cuSparse JZEFEATH5 G0 FE- R R4 I ¥ (cusparse_csrmm ) A [4-<F 96 (cusparse_csrmv)

2512 T 3L 49 T
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Pk 2-3 GPU Faisk B Kk (Sparse Tensor MaxPooling )
WA FHE F, g o
(Il, O,) « SortByKey(1, key = O)
S « Sequence(Length(O,))
S,,O" <« ReduceByKey(S, key = O’,fn =)
return MaxPoolKernel(S, , r , o’ ,F)

“ D SN W\

Cross  Hypercross ~ Cube  Hypercube  Hybrid

2-5 B ARG BAPILRGG BANE o AL EAT KRR R e, A A R T R e
KRBT HEATINGE, VAL EAFY T,

KX LR . HHRARMARIEIML, M2 AR BRI 30). XT 2Rk,
ATTEEE T A A RS B AR BRI B S BRI T IR RE G 800k 24 ATia 58 . SE b
fo (itl) BT AR

FERAER -4 a7, M TTRAE R AR BR AR 21103 AR AR i AR . HA2,
PR RESIRRHIE AR . I, JATBEE T AR AR ABCRAAEE, sl
KA .

51 2-4 GPU Fiiiffi K &1 fk  (Sparse Tensor AvgPooling )
HWA: UM =(1,0), ¥k F, w1l

Sy = coo2esr(row = O, col =1, val =1)

F’ = cusparse_csrmm(S,y, F)
N = cusparse_csrmv(Sy,, 1)
return F ’/N

T IBBBl T AT LR (6F) AL, B ReLU, {bfT AT AT e 4L
R THHE F Eo gEsh, APt {6 (Batch Normalization) , HiF F 4174
—AMEEE, RILEATRTDAECBEAE F b0 P — e e R — B8

BRIGIR 8 TR S IR BERN AT T DA A R > IR RS [RAAL 1 SCR T
— &5 G 7L BRI (cubic kernel) FI+FTEERU (cross-shaped kernel) ARG A%
B (hybrid kernel ), U1& 2-SB7R . XFFZASERAT, FATHE 27 ANG B 2k 2 7] LA
TR TS IEIAESE , BATEE ] 718 AR5 IR 18] i 25 ) o 4 ] — R R
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U A ! 2 : III & \ \ | D |
1 ] ] ' ! - -t gk i [ \ n
Fogd 1 R~ o ~, Time—
Q. ' .OOO. ..: \\ ‘. |\ .'.\ _SDU /‘ ..IA
© "eg ‘@0 e B 'e0 o —
©\ e, ‘@9 2 o W S ,‘go e O@ Pre-computed
e \ @ () % o gl -8 g - Jeris
©qo0? g.\o'\ by o 1) g o 8@0 °® OOO _f_ »
- o g *. o) © © Chained
® S~ TR =SS @ ©) © .
A interpolated flow
(a) (b)

A 2-6 MeteorNet!'%! 32 ik 0y H#F 420 (grouping) #ik. (a)  HiE4#1 (direct grouping),
(b) A it (chained-flow grouping) .

2.2.2 MeteorNet

Liu 2 A7E PointNet++81 (5t 42 T AL BEZHZS 5 2 59 1951 MeteorNet 19,

P —AMIE T W RS FAFERH S = (S, Sy, 0 Sp)e W2 —4 3D fisk
S, = 1Pl = 1,2, HAdA s p WA HUL AR X0 € RY Rl NEHE [
£ € RE, BHAE R AER EG M. (INBIE) , 80K FIA 2 ki i . S0
321 Meteor BIHDAE Z5 T OB, A S8 — B R R 1 h(p”).

Meteor bl ¥ 5676 5 7 T ik 30 5 p P4k N (™). 2 I, AR A N (p)
R P ORHE L REDA R 1 p HI 7 1 2 A Bl A RS (MLP) ¢
RIBAHALE (Max Pooling) 3+ TG o] Bt -

!’ !
no"y = MAX (20 = x =0), 24
Py eN )

HTHEN S N, SCE PR TR, il B4 (direct grouping) Al
W54l (chained-flow grouping), AN 4.

2221 AU

FiBMIL (direct grouping) 3 |-, /M HEEH K BE R 2 B DN
RO, TTUABSRE oo | BT A M AARER N (O R B i S IE AT . ST
AR

Ny@sr) = 1001587 = ) < e = ') (2-5)
ol R TR (AR (0) > O BRI Wi i A S R
AN 2-6() TR

Y5tifisr4l (chained-flow grouping) — FEPUSEH, FEANYI IR B A 38 o 7 L AT A 4T DX
T PN R I P L, Bt I ) S R SR AR B TS s s . ik AhE s LA R
(scene flow) [28] k#HFTHEMR.
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é

e ® . |
£ : | Ol |
;“"“"'_“. (n Fnyte+n,)/16 Time—

[ 2-7 MeteorNet!!0) 42 sk i #F 42 4y, A i A niRaks (early fusion), il h 6 Haks

(late fusion).

n+nz+ +n.
M
o O
O
@)

STFAE—IIE] 7, Meteor BB 56t it A ¢ 5 1 — 1 o5k szt 6" e R3:

(6" =Foln" ) 18 -6

Horp Fo AL TEAEE] £ 1 £ — 1 B3 SR LA (40 FlowNet3D!) | SR J5 m] DATHHE A5
P A = LR, XD = O 4 8,

P T P s - 2@1&@4& mn@ﬂa;ﬁﬂap'“‘” KM ¢ — 1 IEI5E £ — 2 1
SRR SR (6] 7)) AT SO B ST B B B PR h LR ) ke Sl
(A

Zk ILU(X(I 1) /(l 1))6(1 1,1=2)
j 9
k -1 1
RS

Hott, wixy,x) = gty AR | 3@%@)@ p=2k =2, REHEIIT
AR -2 Wb p pofE: 'Y = X0 45O 4 s TR s g 0 i
OO R T D T AR T St B 2-60b) k. 4550

1 2R e E SCANTE

5,(t 1,t— 2)

(2-7)

NP0 = (Ol = x ) < ) (2-8)

X R AR, BRI AR 1 — o | B BRI e BORAME S SR A T iR 2R
FIH T B4 (direct grouping), 37537041 (chained-flow grouping) W] DAJEEF ATHY

2222 FEREETT
X ] Meteor BN ZE I 45, XAl & Z2 Wi FIa], n] DAA DA PRSI 7 56 -

IRy (early fusion)  FEMIZE M 2% ) 55— 2 WU T Meteor 5k, NP 27BN, A
—IHRRUR A TR H AW

JaliRefy (late fusion)  FATIN ] T ILZ REASHR IR = PO LATHRRAERY 2% (5140 Point-
Net++%1) 43 FULFLAEAWIR 8z, SRFFRREANTE Meteor BB MR &, A1 2-745 AT
e BRI REAS A AR T R G T SRR -

GO T SO RS S T — Mo, RIRTIR G .
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2223 HURAHT

VST EL TR A1 1 Meteor REHEE DA 25 9 Sk A 72 5 B8 KO3 L

AR, B & = (SIS, € 0,10"1S,] = non € Z¥) 5 1 WA %A,
(B dy (S, S,) AR WS Z 2 MRS 2 KB, HP S, € 2,8, € X, & =
X)X Xy X X Xy BRI T WSO 5 SN 2 2 B2 B
o) 78RR ) LI 2 R BT B A, B dyog (S, S7) = max,{dy (S, "))}
VX [0 & — RS X EET dyg(,o) KSR, B Ve > 0,36 > O RHEMTIH L
dgy(S,S") <6 IFH] S, 8" € X, FIf(S)— f(S)] <e. THPEFUEN] T HA R RFF
KB 2 B 2 B 2 R TE R e SR B f

B 2.1 R f XXX XXX - RIERTEMZRHTE doo,(, ) BIES LR
H:

<e

f(S)—yo < MAX  {h(x", z)})

xes,ie{12...T)

Hop, 00 a0 RAEA S BT RIIEE, MAX BREA RS
£ SNIEUOET

Joef-ae=,

Low frame rate HW

W - ) ) ‘ -
aT
aT
aT pC Be
pC

High frame rate

ﬂ
uonorpaxd

1 2-8 SlowFast® 49 M 425 #7F W, P a >0, BRIt o4 f£0d ) 4 LA & £ 5ed
SPER T <0, BPOTIE) % & hedzE 10,

2.3 #WEMERIET SR

XA 22 I 245 B 2 SRR, 2 A T ARAE 2D MU e A BT 38 . A%
BRI BT T — RIS B M 5 254, —A R %3 ia) S (Spatial Stream) 55 —A~ g i
[A] 2% (Temporal Stream ) , 25 [ 2% DA R Adan AL, 170 R TR) S A2 WA DG A A A
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Spatial stream ConvNet

conv1 (| conv2 || conv3 || conv4 || conv5 fullé full7 oftmax|
7X7x96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048

?

, » stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
{ [ . 3 norm. norm. pool 2x2
> single frame  [P20!2x2 || pool 2x2
g 7
: > Temporal stream ConvNet
s S ‘ conv1 || conv2 (| conv3 || conv4 || conv5 | fullé full7 ||softmax|
L 7x7x96 ||5x5x256 |[3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
X stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
input norm. || pool 2x2 pool 2x2
video multi-frame pool 2x2

optical flow

2-9 A & & A AR py Mk k= EE .

A, BIGPIBEIBINE R TRG, RGN 2-9F 7R . BLoh, FIEEIPIARRTER
B0, 25 25 [F) £ R AR AL B AR T B A A A e e, SlowFast!™ 52 8 FI B i R
(7] 143 % A A Ak R () A 2 ), BB Bt Py 70 B Ak B2 ) i G o o6 v oo, B
AL B R AL BRI EAE S, W28 S5 4 7R S AN 2-8 s
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FZE HREBRAMNIS[TIELTE

bEEROEE (LIDAR) PASIREEMBLE AR KR, shiS a8 E & A FZ
AT S5 A o MBS 5 = BT B BN R S B RE 2 —, XHEW [ S 25 500 L gs
ST A B sl R AT BRI . AEASSOH, FATBO) T sh S 5 2 5
ERIE S ENES . RS S T I0E Xy ES O 16 10N BRI R, (EEhs s,
Z S B8 A W G RS B S R R o AT ES S B 408, JFR 1R T4F PointNet!'®!
JER T HE MR S P eF S B S RHE R AR 7. (H2, BN S ESE R IEE AR, H
A GBI 5 R A B TE . #S8 T ER g TS 17400 35— 4148 i S
S B GERHEAT SRS A KRR G 15 B DA B S RS Z [ KBk . A T B S 2751
LR I L 322 1 Y A s 25 08 3 P by R 2 A% [) 24 T ) A0 s ) B iy, 81 e
P TAEDO T (28 0@ 35 7 1] . 4D MinkNet!! @5 4560 5 B3 BN 1A 2, SRS VS
V) R 23 o) R o P 2 1 ) A i 5 R . MeteorNet! O U BT 3238 22 T 25, AR
(IR L LA AR AR XA 4 S A T4 2 1 S RTRAE , Hh 4030 0T DK AR [T s 2, X
PR [ o A 75 1 — 2 P S T R 28 ) L o R Sk Rl S TT DA ST B 25 4, Rt
AR AR MERRR T 25 (5 5 . AR R, AEISE A rh, A E 2 50 5 S T B 1]
fis 2 S R R SIS EREE , L 1 B (e AU o 01 SR AR 65243 1) R e 1) 4 14 it
TR AR i b AR A ) £ B2 ARl B s 3537 S BRI o [RIER, s TR A0 245 i) 2540 119 FE
AT DAY ST 4 A RS, B, FRATRT AR RS R s R R T M 4%
DORFTERETT 3.2 2M T 4.3 1B H . BRI T30 7S 5 2 1018 S0 1 F5 B e Hp g B ) s
[ERAE R EF 2430, BRI, AR SO e N B v e T £ S8 RN 23 1045 R AL FRRAS i &, b
25 W 25 1) e 2 O TR R -

3.1 H=EATHER
3.1.1 Mk

WFFERMT, FENIR I IRL{E B 23 RS540 15 2 20 SO ST 0 il A 236 Hh i
(U1 S B e i 43 AR At AP oA AR [ 2 ST R o (BRI, el eI 2
BRI, T BRI s (. s n o4 ), XM T
P A i 1 24 1 7 AT R G . TE R A TAE s B &, B R ph &
PR 2% P s ) R 25 ) £55 JEL  AR R il E EA TR

PETERAN X, TR 0 10 2% Xk R 1R 1 2 18] F) SN T DA Sy -

Flhy(x;wy), h, (x5 y,)] (3-D

Hor, w, My, BREEINSEL, by AT RBUCESEEE, 10 A, WA B EE S .
XMRPE SR E] F b, F ot Dk AR R L G TR (S SR AL BEEE R .

HIRBRFERM, FENM T, SRR AR TR AL P . k3 E AR
M2 2 E M ZE RIS RE . AR § Z AT RIR A -

Gi(x)) = FLhyx;; ), hy(x;3w))] (3-2)
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a Geometries moving in different directions. Left: For the question “What is the geometry”. Right: “Which direction is the geometry going”.

\ |

! 'l I T
Geometry: Circle ‘ Direction: Left |
H\H‘\\" } ‘\‘H.l'h 1
| o | | : |
\ B ‘\ ) .‘ ] L4 | ‘ “‘\ >0 | |
‘. . < ‘ i ‘\ \ \ “‘5\\. . ‘ | ‘ L < A
S e <O T Llaaasts
A< * ~ Geometry: Triangle =~ Direction: Down
b Feature maps of the toy experiments described in a. Left: For the ¢ Feature maps of the auto-driving model. Left: Feature maps of h,. Right:

question “What is the geometry”. Right: “Which direction is the geometry Feature maps of hs.
going”.
h¢ he

& 3-1 AHLAAKAIIR B 0y F 484254 (SCS, Semi-Coupled Structure) &4 7 2 M 347804 £ .
a: R DLAA SCS #Eas AT Bt 18] Fo 2 1045 B AT AE4BAG 30 . N9 52 R A F 0 JUITIR 4%
{113k SCS B ot 2 JUFTIR TR (£ B PAF5)) VARITUTIRGE S F @t irak (Fi
WBAFF)). b fEa ik eg b, MATAER hy, h, Fo F 090445428 . TTAEE,
FIATIUFTIR K K at, hy o F PAXOIERIREIE, ST G T F a9 G4&, h, P oy ieit
A THRE hg; T IUTHRES F@e9ak, RNTAEE, FPeasT h Payetiafz
8B, T hy PRYETIAE BAAARTIE S T o cf BRATAHTAMEIL P h, Fo by 095 EE . TAK
B, b, P S 05THEHEZER b, N E S 2R TRITE@IE L.

X, ZhE (W) MR EE AFIR A :
TP, W1 =G Gy 0.0 G,y(xX) (3-3)

Horpon SRR ITREE, TP, = (wis o vl FUY, = (y] Loy} R 45 ] 2
SIBHE . TEXFEERIT, () i hy () 43 B0 23 RIS AR &AL B, W5 R —E
e (RRRS), (HPE SCRIREE AT e (BG), B2 — A S .

FATHA S M A 45195y SCS (Semi-Coupled Structure) o [ 3—191 7 DA |
SCS FERFZS MBI R . B o, FRATIF R4 28 000 25 (140 S5 RN U 5 1 FRAEA T 40 1

gﬁ o

302 WEHE AL

A VEEMZ G FR R T, PRI ZECH no RIS (AU —) «,
T 20 0 2 K S B R 05 PP B U ARG x, I iy, SR LA AR (BTSN
Z

W0 FSCUiA, BA RS A MK R ul = F(hyi™), A7), Hiid 2
S5 B 1 EM g, T ul T B HEE AL RAE X w =x,, TREIEH:
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¢ Training Losses

Spatial sub-loss:

Main Loss: L(g)

Temporal sub-loss:

3-2 AL i ey BARAZ. a, N x, Gillid hy Fo hy FRABET Z15 .8, b, FI2 T4
fE, W hy ERRIENFAE, F et E—RANRTEGHZFREEM. b, A
FABE 0y M RRE R TR AV Z P 4P, BNV T of 2H B E TIE (STSGD) 7 ik
BATIG (GRAR3.13), %A in T I R kb i2é) 5 4E (B4R), PPEDI4TR
A—E 9 p 4B by Fo by T' Ao T2 T hy() Fo hy() E—F 0 iR4F 8 29 A €5t
1% hy 99 %1342 R A% Advanced STSGD (ASTSGD) #45q. ¢, AT AT EL B4R gy
FHaE ey ZRIGMA L(g) 291, A BIAANAT T BAT rg o r, 930K L(ry),
L(ry), 3355 T Fo T2, mad§-F hy Fo hy, 2 %) 5% 52 218 Font 1) 44 42,

=yl wl) = Conv(ul ™' y)) (3-4)
;= h ) = Conv([w ™", o(e;_ Ly (3-5)

o 1 BRI MBIZHIHS, o(x) = 1/(1 + exp(—x)) j& Sigmoid iF%, Conv EHFIHZ
2, wh Ryl oy BIRES W, 5 RS G AL ER BT ) BACBE TR SR T
FrA 10 ) = 0. AR 3448 T hy I9Z5H, FRATHH Conv KR A B A Hh (25 4T
PRIAE ST, 49k, MIEARIES, RO1ZET AT HMIEEAE Conv (AR, 2
R3-SR T by, XEAFRREBIT 2L (RNN) 955K, [ARE, FATRT A6 AT
FCAZ S, 06 T LSTM 20440 Biffe b, REATATHG, (BRI AR K, TR 52
BRAESS, BRIERAITEA SCH R BTS2

BRI F R LS HE

lu/ = Relu(s!) * Sigmoid(c)) (3-6)
Hor s FRFBICERE, Relu(x) = max(0, x) BALERIL M7 (Rectified Linear Unit)
Sigmoid(x) = 1/(1 + ™) 42 sigmoid PR, XA, h, 5 HBEIH—1LE] 0, 1) B7ER, FILA

F WA, hy WLABLAXT Ay OS5 RITIER T,
AT AR, AP (x), ..o x) BRE. FATRT PAIE— 2R M 45 1 3 2%

&
)
S
=
\|

/|

Y
e
=
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p=0.0 p=0.2 p=05 p=0.8
1.E+04 1.E+02
E 1.E+02
z
% 1.E+00
o 1.E+00
1.E-02 1.E-02 Propagation Len
9 10 11 12 13 14 15 16 17 18 5 6 7 8 9 10
Seq_len=10 Model_depth=10 Seq_len=6  Model_depth=6

B 3-3 R 1535409341235 B . KPR RGBS KE, E AL A28 . TVA
HE, MERREEF0F 5 KA, RO IERRZENEETRRELLERE 0, piRK
449 STSGD =T VAR 2V K5 7 b 3= .

INH

I](u’l’, e )) =T (X, X, P, P)) (3-7)

Horh W @M SALE R LA, 1wy R e B2 n 2% . SRS, Ry, h
(uf, ... up) K EE X

ly, = [u’ll, ] (3-8)

ST TR TVR T2, SRS T AR R 2 [ ] B Te—— Ry () F (), TG
WIEF R, FET o, FRITHE -, (SyT) &30
! = Relu(s)) (3-9)

1 A A
y, =[0},...8/] (3-10)

TET o, FRITH, (y) &

) = Relu(c}) (3-11)
2 A A
y, =[0},...8/] (3-12)

3.1.3 PGS ) g

WL ARRAMFIA . — T, G B RIRA RS B 2 R AT . 53—, e
578 I 2R A B 75, R T 205 G VRIS . E Rt T
VISR TR R ERE | DR AR A RO S 5 1B 0 b L 49 7 I 2
B, SO T RPN AR A R S, RS T RIS ISR S . R,
4 RO 1K BE RO 5 o M B 2 SR A BB,
TS, BB PR (S I03-3).
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M= BANREEINTATBELS AR

N T FRPIE R, AR SCER I T 2 e R % (STSGD, Spatial-Temporal Switch
Gradient Descent) ({7 iAIEI X —RGATHM G, IAAERE ISR BRA— R
HELEPRAT S A S B s (W) S [ BT S 8. RER N GRR AT, JRATIA T X Ak B 8T
SRR, RAME RIS TR XA ZRRus 2 —Fh-FAl S LH - 5 oCi
RIEHEAT A

W2 § e 3B F % (STSGD)  STSGD & —Fh A TH R ik ik, IF Hiid BP (Back
Propagation ) ﬁ{iﬂé%ﬁﬁf 0L A —ANTF 3¢, DA BRI 9 P 45 V) A6 s P e
MIBREE . Z RRKWD T MR Z B E RN hy() Al h, () Z R EATHE, FFRILT
TR

it 25 00 4% 1) 1E [ A 4% -

Y, =G, 009G (3-13)

HA G = FLa,C), hy (s wi] )R MIZERIER 1 )22, T w; 2% | Rl IGSBES .
LSRR y, MIZESE (ground truth) z, Z ARG (loss) & XH:

E=

M =
M=

E, =) L(y,z;) (3-14)
1

t 1

-
Il

Horft L R AR BE
SRJG, TESL IR AN, K4 BPTT (W1 521414, Back Propagation Through Time)
FET, TTOAN w BORRIE R

OE 0G;
aw, tz; oG, 0w, -1
TEAE G W BENLER B R M yE v, SR SRS i ke Bk o S B0 gk sk n) e 4% . EFRATTHY
STSGD ™, AT ZEARYE X W B i 47 115 BRI BREE . ik, RATRIBREES
ok
T ! i ! i
OE _ N OE 99, 9¢ | 9G; %5 ) (3-16)
oy, & oG oc oy os! dy;
e, SIS 2R E h(¢) B, BTk E h ()E’Jﬁv’f“ BT A,)
1 hg(4) AT AC BB R AT 2S5 B, BRCE TR RR B B A AR &
BT RN RR a“kﬂ]ﬁiﬁﬁ%?ﬁﬂé BOR K P HA S (4 \I‘Eﬂﬁlﬁl‘ﬂﬁﬁ) TER &%
HRERREE, ATRAKRFHE SR

o i?(p OE 9G; 9,
oy, & ’agt oct oy,

o (3-17)
0E 99; 0s,
+7,(p, >ag,—,a%>
Hory RRARIT KR 8L
0, with the probability of p
y(p) = , N (3-18)
1, with the probability of (1 — p)
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Bl I p, W oy WA ERIOE (1 p, = p, = 0.5) HKHBSHHER 210
BRI RO £, O FUBEZISRHORERT , p BN O SR IR TR (5 62
B ABERT, TS ROIER I T S (60 S R, T T L1
FARBERORCR, MM 55 0 B ILI 3-3) o AREETY (B 43, I
AR p, = p,, RGE) ED) = 2L, 5l STSGD 45 5 ABEHLBERE T W v
ARG

%% STSGD (ASTSGD, Advanced STSGD) 7%, 7£ STSGD 1, hy(-) #l b, () Hi¥ p E
AMIEER, RIS T AR (2, FRAIA B AR TT AR nl ABE 2 3t-7 ) S [ (5
PRI DAy R TR A5 PO 8 2R 8 N7 A T g ) 2 TR R O At 2 L o R ARAS RN 5 A Y 2 TR AR
ZJ5 , FA175E STSGD A AYEZS (A AN TARFAE Z AR A 2T Bl it JRATAF R 2l
BHR g [0, 11 5 AFI A 317

(3-19)

B BE T DAPRIE 2L STSGD (ASTSGD) iyt (RS a R BT 52
FERAR . BN, T AR q BUNREER, FATROT T AT AR

max(0, L, — thresh)
InitLg — thresh

Hot Ly f Ly 52 rg R g WHRRAE. qo WHBEEDY 0.5, FEMAR N, FATIRYE L 19T
WK HHT g thresh /& Ly WYBIEESEL, %8S L RMERVNE 0, I HIRANIAE g 1 L W5
/NE LA/ ML, InitL, 2 g WIRRBGVIZRIRIE (BRI, n 23 S8 RIEBIRIAGTR 2%, RIF)
SRS, 2 In(n) o a B DHBSEL, (a(L/Ly — 1)+ 1) TP A2 a5 S
OB QSRAT S5 A2 AR, FRATRTDAKE o BEEARHR, A s B HA IR
(B, ATRASESFHbey: ) 25 [A)RHIE .

Lg
q=4qo+(1-q) #(@(= =D+ (3-20)

N

32 HERTIEBLSE

SO 2 I 5 I S ORI T TS, FERCER b, ARSI 3D jish.
3D iz 5EGEH RGB B )7 ity E AR A%, #1330 imiybss, A TH
BRI AR, FATTH BRI AT ki

(a) AWIWHRFAERIRLE : oK H A EWIERHAE ] RN e A 45 R R AR AR, HF HEA]
HERTRE AL S AN A MR R R AR ORI 2 R H SR AN [ i
PEECE R EERYRE ST, MIMTERAS BEAF AR RCR -

(b) BSWIRAMICHE: N T Rl Gk AR RIWIIRAE, FoA 1552 WY SR % . H2, 3
SRR, HHENTRICE, [R5 N A0 302 B A Ak B
TR, I8 5t PR GRS W 4 S IBRAT X TR X o

TEFATH ASAP LB, JATHE T — Ao A3 A LA ry B i i AR — A i ¢
RS A Al e BRI BEA. BATEIEAT TR AR, PAUEMIFRATHY ASAP BibAd

2523 T 4L 49 T



\ Y EXAAE
e SHANGHAI JIAO TONG UNIVERSITY HE@%HH{J%E#E ﬁ]?&,‘ﬁﬁiﬁiﬁ%ﬂﬁﬁﬁ

b T AU T B9 B HAR G AR B T R EL T B - Figure 43304 T84T
TRHEPESTR, SR TIRATH ASAP BERATA R -

FEARTTT, AT BN ASAP BIHANIE (A L5H) ASAP-Net, R ASAP it + B+
7% .

3.2.1 PointNet++ [#]]Ji

skip link concatenation

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

interpolate qnit interpolate L_mit
..... . . pointnet pointnet
Classification
(1,C4)
sampling &~ pointnet ~ sampling& = pointnet %
grouping grouping =
G s J
Yo Y
set abstraction set abstraction =

pointnet fully connected layers

[ 3-4 PointNet++1 a9 2625 1918 , JLop EF 3% AiE U dlikitag iy, AMhESs
R ILZ (set abstract layer), #1 A4F/E153% 2 (feature propagation layer)

PointNet!'0 IR 2% 3] S AL BRI RIE TARZ — o Sl T o A B S JE R 1)
BT 5 R B R ELAE T L PointNet 52 i (o I XIFR B 45 (W7 Jo % ) 2 )2 s (MLP)
A IMALZRS B HATAL B, TS EUEW] T 5 i W 25 4540 BRI (L ¢ T 52
ZRIEMESERL S 1 X > RX={S: 5C[0,1]",|S| =n}, AJi:

FE31 RiX f X > REXTEMZRIEE dy(, ) MIELEAELRE, Ve> 0,3 4%
g:bl%jﬁ[ h %ﬂ—/[\Xﬂ'fﬁ(lgjﬁ g(xlaxz’ ""xn) =Ye MAX; Xd‘/EE/:%: S € X ﬁ:

<e€

‘f(S) -v <MAX{h(xi)}>
X;ES

;H\:EFI7 x1’x2""’xn %%és EPH@J'@F?%%E‘JE%, Y 7%—‘/]\33":@@%&7 MAX %;kg/l\
] iR E TR R PR R

PR, v Bl b2 2 2B (MLP) SEILR .

K PointNet!' GEGL I A1 58 B LA BT 45, (R i K Ak )2 b i e & 1
L RRHE TR, SBUS IS HRHE R . PointNet++8! 5@ 452 1 T B S EUZ  (set
abstract layer) FIRHEfE45)Z (feature propagation layer) Xf it #E47 T Wt

HEEBEUZ (set abstract layer) AR HUZ (set abstract layer) 43k =N RAEEE.
420 241 PointNet 2,

2 24 71 3t 49
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ATE Block
previous frag \

centers - ..E' (m, c,)
( _l attention
m, c,)
<ml3) E"M@*I—‘ gF_. -
LSA (m, 2¢,) [a1, @] (M, 2) I (m. c) )

point cloud
i (m, c,) m, c,)
(n, 3+cy)
Em 3D coordinates 1 point features attention features B attention scores
® softmax © concatenation @ add & clement-wise product

3-5 32 a9 ASAP 43k, o BAr s mAAR ey sk, RATE B LSA zt\‘l’]‘_:—‘:}:"u
HAE. KB, HAVEA ATE HARAR 0L 49 P ﬁ##ﬂ'ﬂimi/a\ﬁ"io A0 E KIKEK
BRI L S S AR AEZ R AT K A,

REZE BEBMAMNS S (x,x00x, ), MATEEH ER M B 2ORAE (FPS, Far-
thest Point Sampling) F) 7 V&€ k£ — A4 A M) T4 {xi 5%y X} &l X;, BEH 4 A
{xi, x5, ...,xij_l} PR B 375 A

FHZE WA R BZIRAINA N X (d+C), RS LR AR R INA N xd,
FE IR — W R A D S L R R TR, RS s N x K x(d + 0),
Hor K@ Bl s o L S8 s AL

PointNet 2 XA IITCER K X (d + C), RZE SR R AR AR Tl
AR x = X0 = 20 3 30 Rt AR ARG B PointNet! ') fy R
FRIESEATHR I

!F'fﬁﬁ‘#ﬁ)? (feature propagation layer) i Ti5 L EIE 5 F7EX A S T 28, TR
o= \éﬂl RIZ B IR U6 A R B, SIS TRHE% 4% 2 (feature propagation layer) .
ERINA Ny x (d + C) WS ZHAECH Nooyy BB R (i N < Ny, R
T’ NIRRT
. T w0 1
D(y) = 2=t Wi Ti - _
fPx) = Zk s where w;(x) = e x,-)P’j =12,..C (3-21)
P BIAEH p = 2,k = 3. IH{ES R EHE B2 5 2 BIE G TR BUZ W FHIE T
X 5 P A %] PointNet )2,

3.2.2 FERIIHLH] Y s ORISR

& 3-5f#78 T FeAi 1% ASAP (Attention and Structure Aware Point cloud ) B 4544 . h T
DI AR, A THRIEN T (S E IR N 1S), S s Sp ) MZHEAWIFR N
S, = (pY, s Hodn 2, AR P hEHOLES AR £ e R RHEm R £ € RC
(T DA 2 s AT SR . B 5 0 I 0 ST FORAE ) AL S TP A 5
KA, FRATE S, R — AU FR N (e VI, HoR m SR AR, m <on, DY
Z‘“EXHTTX%J%%, AL R R REAR IO L L A A 0 € R AUREAE it f(’) €RC,
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— r
7N /7N
9 wes2>@ ([ ® \, .. [ ® \)
WS,
f;). '.“f“.\ * \\ 4 lQ &
° » * (/ ?/\ ™\ {/ .O é o
-9 0 o | 9 O o |
Kt -~ 8\ -
{/ \_\\){/(_/)(\ {/ Q:\/x{k_(}x\
I ] o ]
\\_// \\_.// \\\// \\ .//
(a) Direct grouping (2-frame)  (b) Direct grouping (multi-frame) (c) Spatio-Temporal correlation

B 3-6 Frit s pgud 2 AR ek e A, 5 (a) ANIAESA fo (b) $#iAEs w0

TR, &M 2 XIF, HATC ((c) Poykod) B (1) Hhiggayb otk

& (i) miEE s Ak Key ReE B TE AT, R BMAZIBT AN B, i T 18 3E
SHEM. 5 (a) Fo (b) 4Bk, HAVAGERAGTARALSS B AT HEARAGET &= 25 1),

3221 JRaHER A (LSA)

sz (Y, BRI PG, (), Hefl T8 PointNet++) (o iy vk U7
HSGEHITRE . XEFAEA DAL, BeflI7E— PRIV, ik N (), I
TP AR A0 R -

7= Max (n(fP. 1" - <y (3-22)

neN )
Hot g f— A MLP (220N, Fob AR £ Az meEas x0 — < e
BRI, MAX RETTEI R

3.222 W KEE (STC)

ESCHREE], BAVHE BRSNS PP EEPEG () RFEBIRHMERRES (b) B
MR TEX L, FATEENE (b) WMARBORFEWZ B, IR F—THhNd (a).
HAORUL, e PN Sz, AT ZARBUENTZ 8] R AT B ¢ 28 LA It [ £
.o MeteorNet!" {ff Fi St HH40 A1) B 40 BB TS BER0 4020 B JCIEERf T RIS UR
[l R Z TR B AR i m AME R RS B S AT s iis 2, (BT EmRos, AE 2
BIALSS AP AL T PR EOR (B SN E R )« FERSCh, FRATHE L 7 WIRh & i A R 2 1k
Jrik:

(1) Sl OA R o B Fol SORFEAE SR IR AR Do, IR0 BT SRR
fiko XFTF AR AEE L, FATET WO LRGBS bt feale i o DA B

(ii) W] DB A U T RO AR FEE S — Wi AR O D AR, AR JE S i
JHARTRN R O AR AR, PRI AR i R 2R ATDRT R A o

FADFEOT (i) WP, T AR R R R, AR A R 14 2R i XA
BRI B — Stk o EAREE AR A AP D AR LT AR L, BREAER 75— Mish, ENTATE
JREEA WU AL . (H2, ENTRYSRIERIG SSAEAE . A R o aliSHy, e Rl B2
TR (i LiDAR $5 R EEBLIE A SR ER) ) o R, Sebr BRSO R L
w2 T R A RIS 2R 2 KL S EON A AR AL SR (i) A O R T )
IR (S0 3-6) , Gl ARSI S DARRAE, FATTAT AR IR [r] 45 5L
1B 38 I SBI A S5 R AL
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HADRA (i) R . rAE N, (1) &EHEMH TR T H e, m (i)
WIATEEE, A HEREITTRZECR . JATRAE Section 4.4. 1Y SEH /s I 2 K O3
(i) AL

ARSI PHE T ORI (i) RHEAT 2 RS BRI T, Tl Ix 42K
7 R PRI R 2R T

o FOERUREE (FPS)  SAEMANINZS (x1. %0, X, ), HILECREE (FPS) {75320
S ARH Ty s A x; O BRI A Oy oy, ) SRAHO . A 15
REELERAEBATH B B HA M, (R 2 B %k O(N?).

o WP MRAEE (IDIS) BT M N ASEREH K A, IDIS (i 550 K 45
PR (K SR AR vk Ol ) 2RI RS e, FHuh s 2 P s A THE Y, e
PRI K A SRR R A O(N). HIHCR T Rk (FPS),
PRV R ZR A TG, (ED S 1 R AR

o BEWLRAE (RS)  XFTHIAM N A, FEFLHIEIR K A, %07 i Hm Rl 24 H
O), BIBEE X TAREOR S 2, HIS TR A . R R b B Rk
(FPS) I s pRAE (IDIS), VA &R it EaeE, [Hi2h T REE
BEBLME, SRAEEI SN B -l S Wl /A 5 25 (0 25 ) 43 1

o MNESRAE (GS)  GSEIT I My A AL SR S 25, B R
(I ROIE S5 RAE (FPS) B VK5 J5UIA 5 5 HEATICIE . PRI ok TN R

o JESEHAMIREE (CRS) 3Ky VB BRI 3 00 AL ERA S B i 8k . 45
ASSRRE SR A S S IMBCR AR, X SECR S R B A KR A,
TR P AEISAE

o JREMSHEEREE (PGS) PGS HFRAEHRIER 1 /R AT e e A . Sl o =2
— RN ST RAE . (R, T2 SRR BRI R 2], 7
L RN T ORI 22, Ik T MK 100 A S b RBE 10%, BRR 2SI/ K
CIO sk T AT S0 SRBE M A T R A

Hu % N30 56 1R 2% R 7 YR 47 I BRI o ) B a5 S A el 3T 7% o it

IR, A S ERUCRRE 25% B5, TR SR, WA E BRI SRR T
W SRS E] 107 A28 (SemanticKITTIN BT 25 (9 s 200 1.2¢5) B, RAEZFT
IR0 1s 3 HLAEE 5 29 1GB [ RA7, SR IEm sy, TR s (i) 4
W T 45— SRR R, T DA 00 2% B A7 B SR R T

3.2.2.3 Temporal Embedding (TE)

IRF IR A P FAE WS W2 D 5 R TS R o V2 M 0o (e )
L5107 ST AEME VLRI T — T b (e ™0V, PR, A BT 4 A
L SIRRGE , Tl IR A hie)). FRATHLH I T BRRE AT 3

(i) AHMRIEA (DTE): Fo01 BB UC R O SR GE, IF6E R S 2 2
JIRE (MLP) ¢ SRS 24 oL S PR

ne) =, (3-23)
(ii) FERSIIUBIRTIRA (ATE) : FfTEJCH RIS ERT ot AURRAE R A )36 220

2527 T 3L 49 T
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10*

—%FPS

IDIS
2_—ale—RS,
107 H-o-Gs a2
_ ||=-crs | =
) -8 PGS e
[} 0 i =
£10 A5
= PR -
1072 S

10° 104 10° 10° 10° 10* 10° 10°
Number of Points Number of Points

(a) (b)

3-7 SR HRBATH A Ao A0 B A, PR KRS T RAKADRE, ATURIE,
ZJZEMA: (MLP) v Hl Softmax sEORTIRMASR R G :

lay.ay) = Sof tmax(r(f} ™", £1")). (3-24)

SRIG, TR AR S A R R AT SR T SIS Rl AL

£V =a 7 4 ap . (3-25)

G, BAVEM S —ADZ RS (MLP) & SR EHT Hl O i AL

he) = ('), (3-26)

FANTBAT ATE B 5 R AR it a] REXS 25 A I ok X T2 e s ik
TR RER I, AR SRR, R W R aT R Al e, i pRid
PB4, foelif 5 22 MU 1 BT AR AE . EAh, AiThaflt n] B HH BN B2 10 A i
o QSRR AT DAE AL TR B A R AR SRR 5LV, SRR EE R Ay,
ATEERY SN . HHECT DTE, ATE 3R] AGE AT RIS EORPAT EAF RS, IXRFAE 4.3

LSA I TE Al DAFR IR 07 Ak . HLAORYE, AR DTE BURHRFR SAP-x (Y
Wil (NS, R ATE BURAR N ASAP-x pib (ETERLE), Hir x
e LSA Ml TE )2 4K

P RT3 LHER], RS A A ] AR O -

Flhy(x; wy), h, (X5 y,)] (3-27)
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Hoefr, by AU b A3 BRI T BTN ZS [B) BAT, F R A R

TEFRATY ASAP B hy Rl BT MRS EiY, B PointNet++8! #1 SqueezeSegV2l!
8o N 3-2450BL T IBLEL A, AOIIRE, TR 3-25F1 A 3260 5L B T R AR AL F Y
itk

323 RREEH

G _(Trsap ]
LTTJ —
(f;(t+1)) h(C(-t+1))
II ASAP II - i
(t+2) @ (t+2)
U0 [asap |2
i ) —
: t+2 : g
(fi(t+T)) m h(cj(t+T)) |/
— .

Backbone Upsample Spatial-temporal
~iCloud Layers Correlation

8 3-8 HIR M 45 4. KATAIER @A FM%, J2ihay ASAP ko R HE, 47
B2 ) ) S TR 2 oy AR ek A 7 S TR R R

ARG BIRAE PR 3-84S I O 2 Kty T R 4 SR SR IR AN T 4 5
fiE. K5, o100 ASAP RLHLE 55 dh AR DAE R 7 U A TS TR . 2 Ok, 3
I ) 32 (54 4215 36 (feature propagation) JZ45 1525 FRFESEIA RN, R)EHHER [a]
BB TR%. 55, BT RESHETHR .

HRIRFR AT I 23 A0 MRS, P TANFS, o I7E 55— it (ol ) 5 o SR A Bl
o, FFAE ST S o AR 7 B4 A b DA S B[] — B MR 0
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FNE BES5SH

4.1 HIBERECIEIRTE
4.1.1 B A

TN AEPAALSF BRI 2RI T 0 oS EoE, BATER W B PS4 55 3 13- 1
X PEATIRUE s LU, FRATHE A BT ARTE TR B B2 WA S5 EA TR . SE UK M SF
B BT RE X IS [R] R AL AN 25 [V RIEAT AR 4 27 ) BiE

e ShER BISCH 2 FE UCF-1011", HMDB-512 FiI Kinetics-4001! ##igE b iEATY,
LR B 101, 51, 400 NEhfESERI. AT s, FoA 16 B rIZ e
FIARAER 2y o T4, FoAT 65— Wiy R 45 LBl gD, AL BRERE R K h 368,
IR BRIl HK P RS T AR B 224 x 224 (K38, EYIZRd e, AT THit
1438 (color augmentation) , A7 FlH LIS TR S B ISR 45 — Wit (R AR 17D

BT A SRR TR S5, MRSEBLHR S SR, AR, ARk
SEAEST . AEXHL, FROTREHCRAL N 72 BR A BRI SEAE 55+ 2 Bk 5% 14 F B2 40t e A ) L
S5, DA A BE A 2 AT By 1) FATHE comma.ait®! Fil Livi-Set® iddk b kAT
LRy, XLHEREIR TR AR ESE AT, S ARER A, WS,
A BRI DB B AE o O T R B A L THE B, FRNT 28 T R B R R 2 1
A RAEE . BRZHA BRI/ 192 X 64,

412 ZSKn R

FATTEPI A BEESE EETE XA EIR 528 . T JerE R BB ISR 4 Synthial?! |
MARFRATH 735, RJE S MeteorNet! %1 1 4D MinkNet!"!) 528 47 LA, FEdEATHR AR SC I BT
Fo WG, TATHE BT AT B 8 KA 52 P LiDAR $c#i4E SemanticKITTIM |- 34752
55, PRI A ERNZALRE D] .

Synthia i JLPRIE RS FRIAAN BB RF I A G F ]t T8 P i 2 T
FRE ISP A 3 RGBD B4 T2 . Fefi I RGBD R T2 3D 5z, fiif]5 Meteor-
Net!"V [ 9 07 1 S m s FeAT6 - 510 M AR IS RS R 4y, KRR T
H%, BEMKEZ SN RSGIRFS) 14 IVENZGEE; BRERSHIFI S FIERIESE;
S B EMBZRNFS 6 M ilildE. %, SArmmiite s 5l 19,888, 815 il
1,886 M1 s 2 55 «

SemanticKITTI  Jt¥iidk fe A KITTI Wiae ket i) AR RO E o LRt F IR . 25
I A AR R E LT IX R X mEE AR SRR, SRR AR TR S S
JFA . ZEHRERML T 23,201 AN58% 3D S aH AT UIZE, 20351 AT, X T g
S ATFAT BB R R . FoA 1 51 MR BRI TR BRI, AT
SR R BEAT O, FRATREOE! ) e 0 B S0, 0 19 AN RBIHEFT T, BT
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AR FE I A, PR EBAT R DA 20 [ 5 SR P91, PR A B T 1 )
R

4.2 B=ERMLIEER
421 HERIEELE

FRATR A PR A5 h A BT P R Rl R 25 R TC B T i s A sr g4 . 6T
BT MR LEH, 75 15 )2 SCS M4 /i, T e ImageNet ™ Fii)ll iy — >4
W% (CNN) kT (FRAT8E8 T VGG I InceptionV1) . SFF Al iR, 4B (LA 55—
A~ 17 J2 SCS M%. SCS W45 R T ResNet! ™! 42 )2 5 2 2 A HAHMER 450, AT
(03 R 0 245 B 5 )11

264 5 H bR g SR {8 softmax #1 & S EJHIE (5 59592 (groundtruth) FYA2 SR
Be/IME s B A I AL T 4 S I . 23 8] 0 E AT ry 5 R EHARAE, B
] BT H AR r, 0T 24 BT AMUS E—Wi 6. 5, MEERS B —ANHm
RS, R 24 A A B AR AT 3 128 5 _E O R 3 «

FRAIM 2% STSGD Bl R3kng , % 4-1511H T SCS, LSTM F14f CNN Ay 3l
TS 1 52 B 5 A S8 AT AR F], Fe 1Y SCS H LSTM, ConvLSTM # CBM!7®!
B EAHAFHVERE. 5 CBM AL, By SCS 7oz > el e ity 2 [T a5 B, TTAE
YIGRId AR A SR R e v o (ST IR R ), Pl R 1RO T

Architecture ‘ Kinetics | UCF-101 ‘ HMDB-51

Pre-trained on Kinetics

LSTM with BB (VGG)"" 53.9 86.8 49.7
3D-Fused ™ 62.3 91.5 66.5
Stand-alone CBMU®) 60.2 91.9 61.7
Stand-alone SCS 61.7 92.6 65.0

Not pre-trained on Kinetics

15-layer ConvLSTM - 68.9 34.2

BB (VGG) supported CBM'"®! - 79.8 40.2
BB (VGG) supported SCS - 82.1 42.5
BB (Inception) supported SCS - 87.9 52.1

% 4-1 # Kinetics®®', UCF-101" = HMDB-51! #38 % © a4 351k 7 5] 25 &. UCF-10111 4o
HMDB-5112 % % /A f£ Kinetics®! #4779 #4 0942 8 i —F ) #5135 04 . K A189 SCS 1 A4
17 &. “BB” R A& F M %,

422 BRI

FA1H SCS M 2% 584 LSTM A5 HI CNN BiZ 647 T i . SCS 45445 2h4E 10 51
{5 Y e S S5 A RS 2R [] . LSTM ASZER i CNN JEF R 4% VGG, 41l LRCNsU7!, A4~
B DT A FHRBUTASREE . X1 CNN B, SR ResNet™ 4k,
P EIATBE G A, A 2SR R A T 7

LRl ), 25 1 R AR g A/ IME TN [a] f AT ZESE (ground truth) 22 [6]
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hg with ST hs wlo ST h, with ST hy wio ST

Ao
ﬁ s
§
(
I%. |

a Input sequences and corresponding feature maps of hg and h, when adopting sub-tasks (ST) or not. b Change trend of q value in STSGD during training SCS.

0 25 50 75 100 125 150 175 200
Epoch

B 4-1a: hfo h, 0945 4EE . TARE], TIETFnT LTS AR G T RES, 0
R UE S HARILE R AR AT 7] LN £ % R IRET A 4F AL, B ANTES (ST, Bp
Sub-Task) &, XA B TFEMmAR, b: iR P AKX 3-19%8y g 1a. EI%EITF460T,
g% A1, XFHSCS BAXETAIEZ L., MAENGNIIT, qa9ldiRHriEst 0.5 A& et
[8) Fo 2 815 8., S AR CAE 3 F.

577 2281 % (MSE loss, [} Mean Square Error loss) . 5 8ifERBIT S5 HIIF, =518 F A% r,
SEEE A, BRI EAR r AR T 05 R A BT A R AAE O B, 3K
IR Sigmoid pRECH A BEVEATIN—AL, ZARLNE s ACTE RN AR BB AT DAGE £ BE Y 70 11 3
19570 FATHE HER R A B R, L SO

> min(——2——, 1)

d;—label;
Ace = |preIl abel; |+€ (4_1)

Horp T RAEAK A2 B, M0 e 2T 05 I BN 0 — MR/ ELE - pred; 711 1abel
SeREAS | AT A BEAEANAR A BE(EL. AT, ARSI BEAIAR A A BE 2 [ 22 /N T
B, FATREHA R R A T -

T T HT AT 1, AR R AR S BB 2 LT (CNN AZIER SN ) o
URJz SCS M4, FATRM STSGD Mg tAT I %k . FA1% B, STSGD Al Sk s (i
W TERESE R 1 9% TRANAY LRSS WA 4-2.

43 WEBR=HEILRELER
431 FMZER

FRATER H 1) ASAP BiHuZ —Fill A R 50, ATPAR GG I BRI M 2. 3,
(T34 46F5 g ASAP-Net (45T + ASAP Bi) .

FM1 1 JE 1k PointNet++18) {30 1A IE T M ZE (P FR0THY ASAP Kb DU IR (14
HRPET ) o I TR ASAP By R G, FRATHE— M 575 —Fh T W %%
SqueezeSegV2l! PEATSLG. W41 Jofs LIDAR M =i 8| — 1 Bkik b, DAIEATET MK
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SCS model

length=7 length=3

A=6 | A=3 | MSE | A=6 | A=3 | MSE

p=0.0 | 31.8 | 169 | 0.046 | 28.8 | 159 | 0.049
LiVi p=0.3 | 34.1 | 174 | 0.045 | 30.5 | 16.1 | 0.048
p=0.5 | 35.1 | 194 | 0.044 | 334 | 17.6 | 0.046
p=0.0 | 454 | 245 | 0.060 | 42.5 | 229 0.05
Comma | p=0.3 | 48.8 | 25.5 | 0.043 | 469 | 239 | 0.044
p=0.5 | 49.2 | 25.0 | 0.037 | 474 | 24.1 | 0.041

CNN+LSTM

length=7 length=3

A=6 | A=3 MSE | A=6 | A=3 MSE

LiVi 29.2 | 159 | 0.052 | 273 | 14.5 | 0.057
Comma 43.1 | 23.8 | 0.056 | 423 | 21.0 | 0.058
CNN
length=1

A=6 | A=3 MSE

Livi 24.5 13.0 | 0.057
Comma 452 | 253 | 0.056

i 4-2 ’Ey’ Ik 4T A TN LI SCS Foxf BE 7 7k (CNN, CNN+LSTM) a4 4: R, 6.4 A&
comma.ail® Fo LiVi-Set®! #38 & Fayih, b 17 KA AEGRIE, p Kk STSGD 47
W R AE P4 A2 s 09 0% | length 40 AT 51 89 K.

BEFIR, WFHR:

Z

f = arcsin ————— § = |6/46 |,
Vx2+yr+ 22 4-2)
¢ = arcsin Y ,p=|plA0].

X HL A0 T Ap SR B FEER, T (O0p) Fom SAE 2D BRIL MG A0 B . AEEA
Mo EN XS R )G, AT ARG KNG H x W x C ) 3D 5kig. S5, b1 H
SqueezeNet!??! i Hi 1144 K fireModule 1 fireDeconvs 1] CNN Rk 7 T g i 8- i g5
(encoder-decoder) [H4EH .

B 2D BRI MAS B R, FRATHFFR P EZHRAEEN H X W x C B N X C,
HH N = HxW BT A8, CRIFEKIE. FAEF MG ki A (Gl a5 A 6r)
I, PURBGRISHHN Y 3D AsdR.

R, R SemanticKITTIM thfifiAR | DarkNet53Seg 7 SemanticKITTIN -3k %]
T HeEfg mloU £508, HIXRNEE R FEME. MAREEE, B SqueezeSegV2P! fy
KM, HHMEES RN EEAELE. Hik, W SqueezeSegV2l! ik i
WEXT DarkNet53Seg 4T

&
3
@
=
\|
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Y
e
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e
o S

M Building [ Road MM Vegetation M Sidewalk WM Lanemarking [ Car Bl Pole

B 4-2 & f Synthia £4E a9 A TANLLE R . A EE| FIRRAZ: RGBT, ER6GES
(groundtruth), F:ma4zE

432 Synthia ¥ 52E 45 R

SERBILEFEHE 439, FATH ASAP-Net i3t T 4D MinkNet!!!! 1 MeteorNet!'%! 4k
WS T HEl AR mIoU (mean Intersection over Union, A24E AR 455,
B 42578 T HIRE T M EAR RTINS R, TR B FRA T BIAY AT DATERfR b2 K 2 4L
KA.

KATTAER], 5 SAP BIHAHI, FRATTH ASAP BiHew] DAH B /D S HOR1G 47 iy 45
Ko SEWBE A TEAERE w5, PR R REMCH 2, TR
BANSEL y R SR e R, RS RE ST A RRAE A T R A B R s AN
EHRPHEE, I ¢ i ARHERK B E SAP Hri)—24, X 5 T R R 545 ASAP B2
BEATE THEAR.

4.3.3 SemanticKITTI |1} 3L 55 2%

FehE A4rp R T HCT R ToU SR DA K FRATTHT ASAP-Net 558 . 24 53K AT1H) ASAP 5
BRESE IS, PSR M A BT ORI RS T R AP TT . [, AR 43T pA
HoF— e B TR R .
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SHANGHAI JIAO TONG UNIVERSITY Hﬂ-&'{'@%uﬁ/‘];‘%fgi }'j ﬁ]?& & ﬁiﬁ)‘{ﬁ%ﬂﬁﬂ:;‘i
param | frame ToU
Approach ™M) num | mloU mAcc | Bldg Road Sdwlk Fence Vegitn Pole Car T.Sign Pdstr Bicyc Lane T.light
3D MinkNet!!'!l 1931 1 | 7624 8931 |89.39 97.68 69.43 8652 98.11 97.26 9350 7945 9227 0.00 4461 66.69
4D MinkNet!''! 2372 | 3 | 77.46 88.01 | 90.13 9826 7347 87.19 9910 97.50 9401 79.04 92.62 0.00 50.01 68.14
PointNet+-+% 0.88 \ 1 \ 7935 8543 [ 96.88 97.72 8620 9275 97.12 97.09 90.85 66.87 78.64 0.00 7293 75.17
MeteorNet!!¥! 178 3 | 81.80 8678 | 98.10 97.72 88.65 9400 97.98 97.65 93.83 84.07 8090 0.00 71.14 77.60
PNv2 with SAP-1 ~ 1.97 3 8231 8672 (97.68 97.99 90.16 94.84 9725 97.34 9477 8035 8354 000 7513 78.62
PNV2 with ASAP-1  1.84 3 | 8273 87.02 | 97.67 98.15 89.85 9550 97.12 97.59 9490 80.97 86.08 0.0 74.66 77.51

% 4-3 f& Synthia # 3 F23] poogin S| R, iEISAF R 3 oU (Intersection over
Union) #e-F3¥E# (%), PNv2 X% PointNet++8!, SAP-x #o ASAP-x t44 L £ &
32239 3L,

= 2 2

[} ) 4
o] 2 . 5 s 2w £ 2
= s £ L Iz 5 3 & g 3 ? £ , 8 . = o
o = > = S S 2 > PSR =1 -~ [} ) = 13} & E S o i)
Approach E B 2 E = g g ,:d) g § g 3 % £ d‘f’ t'c; g g = g
PointNet! ¢! 146|463 13 03 01 08 02 02 00 616 158 357 14 414 129 310 46 176 24 37
SPGraph>! 174 (493 02 02 01 08 03 27 0.1 450 06 391 06 643 208 489 272 246 159 08
SPLATNet!3! 184582 00 00 00 00 00 00 00 646 04 391 00 583 231 711 99 193 56 00
PointNet++%! 201537 19 02 09 02 09 10 00 720 187 418 56 623 169 465 138 200 60 89

PNv2 with SAP-1 3141797 95 55 01 81 79 223 1.1 812 342 563 79 757 385 588 268 50.1 16.1 169
PNv2 with ASAP-1 333 | 84.1 116 75 32 114 7.8 185 3.0 81.8 281 531 78 749 376 644 272 517 228 308
PNv2 with ASAP-2 353 | 864 93 64 81 130 128 252 38 803 297 576 132 77.7 40.1 667 319 529 267 285

SqueezeSeg!!”! 295|688 160 4.1 33 36 129 131 09 854 269 543 45 574 29.0 600 243 537 175 245
SqueezeSegV2!”! 39.7 | 81.8 185 179 134 140 20.1 251 39 88.6 458 67.6 177 737 41.1 718 358 60.2 20.2 363
TangentConv!"! 4091908 27 165 152 121 23.0 284 81 839 334 639 154 834 49.0 79.5 493 581 358 285
SSv2 with SAP-1 40.7 | 83.0 21.1 224 41 155 257 339 13 895 529 689 192 737 401 692 36.1 614 140 40.9
SSv2 with ASAP-1 413|833 198 21.1 92 155 244 313 25 89.7 533 69.0 181 793 450 71.7 383 616 140 37.1
SSv2 ASAP-1-msg 425 | 84.0 198 223 13.1 172 240 319 55 904 555 709 222 805 462 715 37.0 63.1 153 36.5
SSv2 with ASAP-2  43.1 | 83.1 225 208 16.0 18.1 26.6 328 4.6 90.5 552 698 204 817 49.0 720 383 632 164 384

% 4—4 SemanticKITTI 348 £ & a4 £ F 1 fo 2 F 19 225 & ASAP #3935 L 43 4
#%47:& mloU (mean Intersection over Union), PNv2 £ % PointNet++®!, SSv2 1% %
SqueezeSegV2[®!, SAP-x = ASAP-x t494 £ & 3.2.2.3 ‘13 L. PR 8975 ik AR T 5 00
0 (FATH5/57) 08 AEINIER) VATV %5, :}kﬂ'l] Hib ok R TEa4s R, vAk

i &Ky ik AR %J:é’]%&)&ﬁ]"‘/\ ARG T AR

44 RIS
4.4.1  fas RERSENE A

TEAATH, FRATR PR 23 SRS AP I B AT S8 00 o AN R — e, F-AT
FETF M 25 ] PointNet++181, ASAP it (i 121 ASAP-1,

SR EIRTEFAG 45 WAL, STC (i) WK AT KX 2 R 251 3R
I (ol B A IXIEE) ZEAS WA T N A8 Ak, AT ME DASE B B] — Btk . AT
AIDAE R, FEFHEERIGIN, 450458 T ek, X R TR ASAP B i R{F
SRR, BENHE T IRATR S B (ii) B9 &R

25 35 11 4L 49 T
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SHANGHAI JIAO TONG UNIVERSITY HTJ- 3__"‘{' @%u mi}ﬂkgﬁ }j ﬁ]?‘&,ﬁ\ﬁiﬁ)‘{ﬁ %IJ ﬁﬁﬁ

B road [ car building fence |l vegetation
terrain [l person i other-ground [ trunk

A 4-3 f& SemanticKITTI' L #4795 Uy %] Sthbah 45 R . A EF FIRAZL : EIFR09E Ly

)% %) (groundtruth), 7£4-3 #HA149 ASAP A3k A7 402 /& 04 SqueezeSegV2! w25 2, 41

G049 17 I8 R th 27 SqueezeSegV2!! g it ey FAML R, M CABREEFT 46T X

17 ASAP #8332 5 EEF G TAMILE R . TVAFE], 454 T &A169 ASAP 423 5, AT M &4
B HF M RIFE TR,

442 FPAFEIEET L5 T RCR

TEWFRATTHE Table 4-4 1 T B HAY, PointNet++8 {2 Tt K F SqueezeSeg V2!
HIBCRAR T o FRATIARIX 2 T80 ASAP BBty 15 PointNet++® 34/), {5 Squeeze-
SegV2! 524 K[, 1T SqueezeSegV2l! 44 Z 4k 2D MG, B ST ASAP
HesE s, AT eMNEGH EE S S, RS s h 2D, Z RS E AR
Fde, BN, MRS 431, RAOVEHERMLZREM S Z, DA TSR ARR, (B84
iy LR AR T DASKE [ R T o B, X St B T AR A R e TR A A =, AT
TEFAIREE LW AIR T 8N 28 0 48 F) T LA R

2 36 71 3t 49
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SHANGHAI JIAO TONG UNIVERSITY HTJ- = @%u E/‘] I;V‘kfg_n—?_‘u }'j ﬂ] 'ju‘t\lﬁ‘zlgxﬁ glj ﬁ;l:ji
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DEEP LEARNING BASED DYNAMIC POINT CLOUD
SEMANTIC SEGMENTATION WITH
SPATIAL-TEMPORAL UNDERSTANDING

Dynamic point cloud sequences are readily-available input sources for many vision tasks. The
ability to segment dynamic point clouds is a fundamental part of the perception system and will

[66] (671 and

have a significant impact on applications such as autonomous driving'”!, robot navigation
augmented reality[Gg]. While great success has been achieved in static point cloud!® % 16:17.401 e
literature on modeling point cloud sequence has not been fully-explored. Therefore, we conduct
research on dynamic point cloud segmentation with spatial-temporal understanding.

Methods for static point cloud processing can be basically separated into two categories:
projection-based methods and point-based methods. For projection-based methods, they usually first
convert irregular points into regular representations. For example, SEGCloud"”! first converts the
point cloud to voxels and apply 3D convolution to get coarse voxel-wise semantic prediction. They
then use tri-linear interpolation to project voxel predictions to single point and enforce the consis-
tency with fully connected conditional random field (FCCRF).According to the working mechanism

of LiDAR scanner, SqueezeSeg[lgl

propose to project the point cloud onto spherical surface accoring
to the azimuth and zenith angles. It then apply a traditional encoder-decoder architecture to perform
segmentation on 2D projection surface. For point-based methods, the pioneer work PointNet!'® has
shown its capability of directly learning point-wise features from the raw point cloud. However,
a single point does not have semantic meaning until it is considered with its neighbouring points.
Subsequent works on static point cloud™ *% encode local structures from set of neighboring points
and capture interactions among local structures. All those methods are restricted to single frame
point cloud and fail to learn spatial-temporal information jointly.

For modeling dynamic point cloud sequence, an intuitive and straightforward way is to encode
the local structures both spatially and temporally, i.e., within a spatial-temporal neighborhood. Lat-
est works!!® ! follow this direction. 4D MinkNet!!' ! is projection-based, it first transforms the point
cloud into regular voxels and applies a generalized sparse convolution along spatial and temporal
dimensions. It proposes a new sparse convolution library to address the computation cost caused by
the sparsity of point cloud. To better learn both spatial and temporal features, it also proposes a new
shape of convolution kernel and a spatial-temporal conditional random field. In the contrast, Mete-
orNet!'%! follows the point-based direction, it directly stacks multi-frame point clouds and computes
local features by grouping spatio-temporal neighboring points according a specific radius.

Although both methods for dynamic point cloud segmentation are capable of capturing spatial-
temporal features, it is hard for them to decouple spatial and temporal information in sequences.
There is evidence that in real world, the human visual system largely relies on temporal informa-
[12]

tion" ~' and treats it as a primary source of information. Without decoupling spatial and temporal

structures, it is not well understood to which degree temporal information can contribute to dynamic

[13

scene understanding!'?!. Some researches about human brain also show that spatial and temporal
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information are transferred to the hippocampus through two streams but also deeply coupled with
each other. Therefore, it will be beneficial to related research if we can decouple the two aspects of
information to some extent.

Inspired by the mechanism of humam brain, we propose a semi-coupled network design and
training strategy to deal with the two aspects of information in a similar way. Specifically, we first
separate the network to two streams so that the two aspects of information can be processed in a
relatively independent way. Then to let them interact with each other, we stack the two streams deep
and fuse the two in several layers. However, as the network becomes deep, the computation becomes
increasingly expensive and the problem of mutual interference between them when back propagating
becomes severe. To address the above two problems, we propose a new gradient based learning
strategy names STSGD which cuts off some back-propagation paths according to some probability
to alleviate the expensive computation and mutual interference. We further provide its advanced
version ASTSGD to automatcially adjust the probabality. Also, decoupling spatial and temporal
structures can make the model more extensible and flexible, i.e., we can easily apply the static point
cloud methods as backbone networks, which can be seen in Section 3.2.2 and Section 4.3.1.

Based on the general insights about spatial-temporal understanding above, we extend it to 3D
dynamic point cloud. compared with regular images or videos, point cloud has varieties of unique
characteristics. To effectively encode temporal structure, we need to tackle the following challenges:

(a) Feature fusion with different frames: To capture temporal information, we need to fuse
features from different frames. However, the features from different frames may contribute differ-
ently to the results (for example, fast-moving objects may rely more on current frame while slow-
moving object may also rely much on previous frames)and they are all likely to contain undesired
noise or mistakes. Ideally, the network should automatically identify the importance or confidence
degree of different frames to achieve better fusing results.

(b) Point correlation across frames: To fuse features from different frames, we need to corre-
late points across frames. However, the distribution of dynamic points varies from time to time and
they are unordered, making it challenging to correlate. Also, simply matching the points according
to feature similarity or tracking through time can increase the computation which is unaffordable for
many tasks.

In our ASAP module, we propose a novel attentive temporal embedding layer and spatial-
temporal correlation strategy to tackle the above two challenges respectively. For temporal em-
bedding, we introduce attention mechanism to automatically identify the importance and trust de-
gree of different frames then multiply these features with corresponding attention scores and sum
them together to get an updated feature. For point correlation, we propose a simply but effective
constant-center strategy to enforce temporal consistency and avoid extra computation. Specifically,
we only sample center points at the first frame and compute following features in an iterative way.
The module is a general structure and can be incorporated into different backbone networks.

We conduct thorough experiments to show our ASAP module’s advantage over state-of-the-art

(10, 111 and its generalization ability of improving the performance of different backbones.

methods
Figure 4-3 provides qualitative results of our approach, showing the effectiveness of our ASAP
module. We also further conduct experiments on action recognition datasets UCF-101", HMDB-
51 [2], Kinetics-400! and driver behavior datasets comma.ai[4], LiVi-SetPlto show the effectiveness
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of our semi-coupled spatial-temporal modeling strategy. Our key contributions are:

We conduct research on spatial-temporal understanding which is really important to many
real-world applications and propose a new semi-coupled network design strategy to process
the two aspects of information with two relatively independent but interactive streams, just
like the mechanism in human brain.

To solve the problems of expensive computation, memory explosion and mutual interference
when the network becomes deep, we propose a new training strategy named STSGD to cut
off some paths according to a probability and its advanced version ASTSGD to automatically
adjust the probability, thus achieving semi-coupling in the training level.

We introduce a novel attentive temporal embedding layer to fuse the spatial local features
across frames by automatically calculating attentions and summing those features with the
attention weights, thus achieving better and more rubost results.

We present a spatial-temporal correlation strategy which use constant centers and update their
features in an iterative way to exploit structural information, enforce temporal consistency
and reduce computation.

We propose a novel architecture called ASAP module which can be flexibly plugged into pre-
vious static point cloud pipeline and conduct thorough experiments to show that our module
can achieve improvement by a large margin. We also further evaluate our spatial-temporal
learning strategy with action recognition and driver behavior prediction experiments. Both

show the effectiveness of our strategy.
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