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Attention-Based Multi-Stage Network for Point Cloud Completion
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Abstract Point cloud completion refers to the process for reconstructing a complete 3D model using incomplete point
cloud data. Most of the existing point cloud completion methods are limited by the point cloud disorder and irregularity,
which makes it difficult to reconstruct the local detail information, thus affecting the completion accuracy. To solve this
problem, an attention-based multi-stage network for point cloud completion is proposed. A pyramid feature extractor that
satisfies the replacement invariance is designed to establish the dependence between points within a localization as well as
the correlation between different localizations, so as to enhance the extraction of local information while extracting global
feature information. In the point cloud reconstruction process, a coarse-to-fine completion method is adopted to first
generate a low-resolution seed point cloud, and then gradually enrich the local details of the seed point cloud to obtain a
finer and denser point cloud. Comparison results of the experiments conducted on the public dataset PCN demonstrate that
the proposed network can effectively reconstruct the local detail information, and improves the completion accuracy by at
least 5.98% over the existing methods. The ablation experimental results also further validate the effectiveness of the
designed attention module.
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GABBIZEUNIE 3 7R o GAB SR HIE] Transformer e 2Z i fff ] fe Kb Ak 4 40 5 91 KK R R & R B A 2 .
SR RS N E R NBE T AR Rz, 7R e T U IR R BRSNS T A2 A
TORFER R, ERM N OB ARG W

B AR 22 6] (AR DG, DL SEBARRAE B L T A A A XA X 2= Ao (2)
o BRI E R A T R G SR I A BR8] 9 HT T 38 SO R ) B AR AN G 1 5 ]

B, LA B AR ] R R AR B RAERE Ty . [ BRI PR TR A ST O R )R 46
I Sy B AR TR R D BB i A 2 B LR OB JibJ2 (SELayer) ™, JH 7 4% 5 3 36 480 - 1% ¢ 88 P 10E
2R JE AP AR BRI IEASG) AEPATIE R I8 SELayer 5 A XER R

/o - /© >N (@

linear linear linear linear linear linear
1% K 0 vl K ol —

N - L

FC: fully connect; FFN: feed forward network

-

B3 GAB.(a) Bl 38 R A ; (b) B 7 e ; (o)l 8 i B J1 SELayer B (DF /RN, O F /i 183 7 1
Fig. 3 GAB. (a) Improved cross-attention module; (b) self-attention module; (c¢) channel attention SELayer module (& denotes

element-wise addition and () denotes Hadamard product)

X=X+ X X Sigmoid{MLP[AP(X) ]},  (3) (Q.K,V)=[MP(F)X W,, SE(F)X
K X TR AR s AP () R 2 5 F 23 Ak # W.. SE(F)X W], (4)
'T/E,Slngld(')%%ﬂ_‘_\‘ Slngmd?%flﬁ?lglﬁo E&iﬂ:)ﬁﬁ_‘él Attentlon(Q’K,V): Softmax(Q.KT)oV’ (5)

TE R BB 3R A O

1015002-3



F 6155 108/2024 £5 B/BAEXBEFZHE

QCR" ', K,VERY"C, (6)

K :Q K, Vo il kA i) ) it 5 ) i LA 1) £ SEC)
e T VE B AT B R 1 5 Attention (- ) R A
[ 7 7 S LA T I #4E ; Softmax (- ) /R Softmax iR
B W W W SRR AT 22 ] I A ME B R I
2.2 MFRRERE

Pl 5 A2 AR AT 55 2 AR AR 0 A A = B AR A
AW — W E RGBT S s, frEs
A R B SR A0 PR 1 A R TR Y R B
WM AFEENBRAN., H%, @l —1HA =4AFC
2= GelLU 30 sR AL Y S BB HOIE S A L = T IR0
P A RELRS A = B RRE ) i . SRS L G R AN A
BB A SR AE [ R A R AR RE S . B KRR
FAERE S 5 B RRAE 1] 38 23 AU 2L 5 ) MLP #il reshape
PRAVERE R HLBE 5 5 PLE R A LS 5 = A 7E
TUART 15 18, B 2 15 3 J6E 40 A AN 14 45 1) B0, O fiff ok 3 2 i)
B IR IR A S 5 P SRS S s PO TR SRR
FH T8 257 SR B 1 06 Rl A5 I 9 2 R AT SRR A5 B Rl 05
=P ER IR AR RS A = A A A o
2.3 RS TERE

R 20 5 2 A A Y B B A R B 0

B TSR P SR N A B O e SN = B R
K 40 0 A2 43 R W B B SR E KL SRS A Ah 42
A, A S A AR LR, s AR AR B S5 i E] 4
e Mt m AN E—ZnEmt S sPr, &
HARE B F, o 7E5— B BE, B ARRAE 1) 2 2 F 4T
A TR AR 5 A s B R AE [n) i, @S S A R AE ) & AT
VA S RAE S8 S 2 LR B AR . e
A RS R4 25 R T S GAB AL, AR SR A {8
Transformer 45 ¥4 , 1 76 &5 = A g8 PR BR 2 L E B S
BRI T A A | B B e o ARG LA
HaP, o whEd—NEA =AFCRE R GeLUE
9 0 PR BB MLP, MLP ¥ = 4 Ak f5 P, ERY 7
e S5 3] 5 i AR 1) R ) A SRR AE 2 ) RN A A
MR B = BRI R B F Bl A8 OEE T
R A [ 7 AR 4 1 5 AN [ B BE AR AE 22 R A A
S R R B B AE A M B . RS A5 B 4
HER = Pro R REFRR N
F,=SA{CA[MLP(P, ,).F, ]| o
P,=P, ,+MLP(F,)
P SAC) R B R B H A AT R AECACO) N
A& X B A AT A R A

N
; N P,

— reshape

cross-attention

self-attention

==+ Softmax

® matrix multiply
GB element-wise add

(RN Y e T

Fig. 4 Structure of the point generator

2.4 HMKEE
i 81 ff1 #5885 (CD) AE S AMCNet 4 35 2 B8 %8 .
CD A LA B 5 = 0 R e s, Rm N

1 p
d(‘I)(P’ T):ﬁzminyGTHx_y Hz+
xepP
1 . 2
m;mm,@‘y—x 5? (8)

S P T  0h T A 2 0 2| R
VR J7 . A 2 T EE I SR HOBLEDRE B9 7 2 %4
TAE— A S B R = AR KN 512,
2048 16384 19 5~ o AMCNet 125 sRE N =2 ik
SZ 5 I R/ B A B CD 2, 2k

3
Lzzaidl‘l)(P[’Ti)’ (9)
=1

XA, XA P XA E R, ALH o =a,=

as;=— 1,
3 atr5vhe

3.1 HIEESIHUAET

fE PCON B 42 | 56 3iF Jir £ X 2% 19 PE i . PCN
Boyn AT 8GN, 2 A KL AR R A T A
KT Wb & 5T RUEEE, 3k 30974 AR RL, Horp R 57 4
A,z g A 8 R R PR B 8 A AN [R] AR P v A A
B, B AN S8 B L 0 B RN T 2048, X R Y
(B 5 73 HE R O 16384 (I 4 of 5 8 1 280 3% T 3k 47 1
SIRFEMIAE) o HEAT A LU, 925 0T I 4% PCN™
HA TR] 84 R0 20 510735, IR A CD (ELR DAL #b 42 25
A, CD /N b 0 B2 A i o

1015002-4



T2 B 4 1) F Py Torch 1.10. 1 528, 76 NVIDIA
RTX 3090 B A HE 88 (GPU) b #4714 . YN 25 o 7%
o ff ] Adam AE R OE AL &%, W 46 2% > 2RI R 0. 001,
K E AR R L 2 2 D KOl 40, AR
R 0.7, W4 1 AR IRECH 400 %6 .

3.2 = I

VAL L e Re  E R IR 5 ITT A s
#4265 1A T A o RN 1 X : FoldingNet ™ \PCN'™ |
GRNet'"'  PMP-Net"” | PoinTr*" | SnowflakeNet" " FI
PointAttN"" . 5 g 25 S an 3 1 TR CH Ar A 3385 1)
CD K 1000 4%, F AT L 38) o 5 FHAh W 25 41 1L
JIT B ) 45 AE - 4 R ARG B HAS T R AP AR . S HE
255 ) Point AuN"" A F, BT 4R 9 45 9 - 25 CD A I
BT 0 41, FHXF I D T 5.98% (6. 45 vs 6.86) , [A A,
ST I 285 A T AT 28 53] L ) b A R A E IS T RN

B 61 55E 10 #1/2024 5£ 5 B/ ERBFEHE

CD B, 2 B Jir 412 9 45 75 b 4 A [ 2 50 485 780 i LA o
Wz PEfE . 5 SnowflakeNet " Fl PointAttN" jx
P SR P R BRG0S0 2 b 4 5 0 1 T 4% AH L BT 4
254 PCN i 4 b #bh20KG B2 8y, R W] GAB w] LY
Bl 190 4% 41 BRUSU AR i A 05 = 0 R 3 LA 5 8 R Al i =
Az 1A T 1 48] Transformer 45 14 38 ik 7 57 A [A] B B £
2 (BB R AT DAAE A o 2 R i i i s A5
Sk 8 AN T WAL A 4 25 5 AT LABH A L BT 4R
26T LA BREORS A0 ) SE L R s o A s R A AR 2 S
67 T 8 IO 24 A= 1 5 2 A 0030 B n S 5 o M2
RN = DT 7o L [ € o A A B A e U = O S S
IR K] 6 R TR A R R R IR, T LR
1, M It T° GRNet. SnowflakeNet Fl PointAttN, ff $&
AMCNet A DLUAN 48 2 (0 JLAT 4015 15 B, te o - 4% o
g3 W M D (SERAE ) 2% 1R 0T (R ZRAE ) .

F1 HEPCNEIEE LAY CD A=A XT g 1 Gl iy )

Table 1  Point cloud completion comparison on PCN dataset in terms of CD (lower is better)

Model CD /10°
Average Plane Cabinet Car Chair Lamp Couch Table Boat
FoldingNet 14. 31 9.49 15. 80 12.61 15.55 16. 41 15.97 13.65 14.99
PCN 9.64 5.50 22.70 10. 63 8.70 11.00 11. 34 11.68 8.59
GRNet 8.83 6.45 10. 37 9.45 9.41 7.96 10.51 5.44 8.04
PMP-Net 8.73 5. 65 11.24 9.64 9.51 6.95 10. 83 8.72 7.25
PoinTr 8.38 4.75 10. 47 8.68 9.39 7.75 10.93 7.75 7.29
SnowflakeNet 7.21 4.29 9.16 8.08 7.89 6.07 9.23 6.55 6.40
PointAttN 6.86 3.87 9.00 7.63 7.43 5.90 8.68 6.32 6.09
Ours 6. 45 3.58 8.74 7.36 6. 86 5.28 8.32 5.88 5.69

plane
cabinet l
car

chair
lamp
table 7 ]
boat _ Al | |
input GRNet
% 5

bbbl ALLL. ALl Al ALLL

PMP-Net SnowflakeNet PointAttN

ours ground truth

Al P 26 7 PCN Kdln £ [ iy 4 42 45 2R T AL

Fig. 5 Visualization of completion results of different networks on PCN dataset
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