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Abstract: As point cloud acquisition technology develops and the demand for 3D applications increases, real-world
scenarios require continuous and dynamic updating of the point cloud analysis network with streaming data. This study
proposes a dual feature enhancement for the class-incremental 3D point cloud object learning method, which adapts point
cloud object classification to scenarios where new category objects keep emerging in newly acquired data through
incremental learning. This study proposes a discriminative local enhancement module and knowledge injection network
respectively to alleviate new class bias problems in class-incremental learning by studying the characteristics of point
cloud data and old class information. Specifically, the discriminative local enhancement module characterizes the various
local structural characteristics of 3D point cloud objects by perceiving expressive local features. Subsequently, the
importance weights of each local structure are obtained based on the global information of each local structure, enhancing
the perception of differential local features and improving the differentiation of new and old class features. Furthermore,
the knowledge injection network injects old knowledge from the old model into the feature learning process of the new
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model. The enhanced hybrid features can effectively mitigate the increased new class bias caused by the lack of old class
information. Under the incremental learning experimental settings of the 3D point cloud datasets ModelNet40,
ScanObjectNN, ScanNet, and ShapeNet, extensive experiments show that compared with existing state-of-art methods,
the method in this study has an average incremental accuracy improvement of 2.03%, 2.18%, 1.65%, and 1.28% on the
four datasets.

Key words: 3D point cloud object classification; class-incremental learning; discriminative local enhancement; knowledge

injection; catastrophic forgetting; point cloud representation
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O T FEEEN TR AR $ 75 5 5 2 IR R,
T /M FaE 1 TH AR R, KIN 5] T — /M a
SEMEAFIES IE R 5L, sh SR R e 4 2. Bk A
ke

hmix = AO hstab + Mplas (8
He, AeRYE—NA2E 1S, 0~ Hadamard 7,
mix € RESEHIRTE N J5 IR A HERRFE. KIN [¥145 7
WK 3 fios.
24 MKRBEEERIE

BN 55 2 x, 434 DLE f KIN W 5 2
J5i, BRI RV 5 HIHRRAE hix , 223 70 2R 25 C 15 2 259 Bl
M Re. 2, RITEINGR AL B AR R

K;
Lh(6y) = = > k=y log(er() ©)
k=1
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Horb, KB By BT I 2 AR, 6y & — i
TN, o ST BB KR AR 2, y N R x b
(AR 2. [, BT DFE3D J7 V75 %% 48 & [ BL I
PACTRAE — B, AR T o Bl Ab i Rs, B 5
%1

509 1. DFE3D Sk IUIZRIRRE (B « B

N NEBHE O, IHREBIEM,, AR (@,,0), i FeB A R4
ko, TS50,

17 G it 35 R0 22 S5 M R 38 B ASE 3 ) ) o

Hit: 6,e(@,,CA).

1) Wtatk: @@, FENLATMGC;
2) BHURL: 0 <0,
3) for epochs do
for (x,y) in D;UM; do
hinix =007 (x)+®;(x)
¢=C(hmix)
AR L
End for
End for " s
4) {4l FIBE LR A S0 SR SR AT H AR B SR M,y

Al
%

y

3 RSN

N T B E R SR ) =4 B IR )
% (DFE3D) M R, A SCor BITE M A6 s = 53 2K
i 4 ModelNet40™'!, Shape-Net*, J§/>ELS2% 1%
BRI A = 2K E3E 5 ScanObjectNNI™!, ScanNet!**)
I 5 2R R 2 S VAR S Y S s R S ik
HEAT XS LG, b4, AR SCRTH Bl S50 PPl T 22 S5 1 ) S 1
SEALEL (DLE) FIRTRTE N4 (KIN) FIA 2Pk,
3.1 LWEE
3.1 Xteorik

T 4 2% 2 0 2 S R T AR e 9 L — e 7
YRR AT SEEG I SR I R S VR I AT I
1R, B 7 VR P A 2 5 vk, T LA B
RIS B & PR T, B LA, ASCH DFE3D /75
3 P 20 B2 3] O VE RN = 48 05 5 A B o) kAT
S bl AR SCIERE T 9 AN Se it i T (R0 2
23] 7%, A14E icaRLY. Bic™. wWAPY, GDumb"™",
LUCIRPY, SS-ILP. GeoDL™, CSCCT™# CafeBoost™”.
[FIEF, iz R 5 ) Oy ik, 5 R B [ 78 S e (1)
NP, A% 1I3DOL M BEAT S L. St F AN 511
IHFEI 4 R AE 57, iCaRL. LUCIR. GeoDL. CSCCT
FH CafeBoost 5 1176 5 FHE K AF MG, 1 HoAh 772k H

138 4 ARH % Software TechniquesAlgorithm

BE B R A SRS
3.1.2 KR

AR SCRI I FH A& S B B E R A = N
BT A =HIEE. Hd, ModelNet40 2 il i % =4
CAD AL [ F TR AT BEAL A RAE 19 2 & OB 4., B
BT A0 ANE W), 9843 MIIZRFEA AN 2468 AN
IFEAR. ShapeNet /2 KA% T =4t CAD A (15 i3
P, B8 7 55 NH KA, A 35708 DMUIZRFEA
5158 AMMHRFEAFT 10261 IS URFEA. P27 50N 1
H ¥4k ScanObjectNN AL T 15 /I\ﬁmﬁ, H 11416
A NZRPEAR, 2 882 MMHAFE A, A< ¢S 56 4 H 142 14
R P.p_Tso_ﬁs. ScanNet ##E 05 1 17 K, 3t
12060 MIZRREAS, 3416 AIIRREAS.
3.1.3 SRy SRR

228 R i o) v i H R S8R 3% 5 CIFAR100-
BOY, ASCEAE LR 4 DBz R #HT IR 1) Model-
Net40-B0: ¥ 40 A5 F3%155 4 10 NI EH L,
AN BRI 4 ASEON BB, 1B E IR B REA E IR
800 MEEZ. 2) ScanObjectNN-BO: K 15 425 F 1 %14y
N5 AR B, AN BRI 3 AN 28
SEARBAFEA _EBR A 600. 3) ScanNet-BO: 4 17 25414
N6 AR B, BN BRI 3 AN 28 B, B
Ja— AN R BUBY 2 25, i%%\ﬁﬂxtllwy 600.
4) ShapeNet-B0: ¥ 55 2%l 9 MRV IR, &4
BB HTH 6 f%ﬁ_%%ﬂ_ﬂﬁiﬂzﬁ, BG 1A R By
7 24, [ B R AR R 1100

S TR N Top-1 TR RER R, Hoa

SN B BB BT Top-1 8 B v Rl R (1T 248, LA
SRR A R RE R L. Forh, AN BE Top-1
3 B R R TE AL S M AT BT 2R A A=
A 42 IS0 Top-1 20 FSHER =R, s AN [|] B B
B 3 et R, BAR AT

T
Z Acc;
i

T (10)

HA, Accayg 7 Top-1 P3G EHERZ, Ace; NER TG
HHT B Top-1 S EHERI R, T A EIE BB A
XN TTEEREAT T 3 DNBEML seed 5258, i A1
T B AR 2R DL S A 21 3 3 B A 2R B A v
ge gt B I HLAE X Bl S0 A il s 58 A R 5 2=

AcCayg =
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i H AR SN A

G5O, DA FUBOAN [F) J7 V5 () B AR 3 2 P g
3.1.4  SEERANTS

ARSI SESHE T G 8 PyTorch, B85 & NiE
# NVIDIA GeForce RTX 3090 GPU il 45 #%. Al
A 75 4 3544 ) PointNet® /2% . Il Zhid FEAR 4k 2%
P Adam, HIUHS 2] F N 0.01, batchsize A 32, 4
e BLUIZR 120 8, JRTE 58 A1 96 oI, H5 >) K%
NI 0.1 £

DFE3D )~V 35) 3 & i 2 3 il A0 T 38 FH 2K 38 & % =)
5% 2.76% 2.18%- 1.65%- 2.05%, W T DFE3D
JIETE = R B2 ) AR IR Tl F B R 2 5
R B AR, [N, DFE3D J5EE 4 DMLl R
a3 AR T S 2 2] J51% 13DOL 2.03%- 2.26%-
1.95%. 1.28%, %1 7 DFE3D J7iEN LA S ms &
S TTEAS R Z AT Frdedk. 341, 7£ ModelNet40-BO
ScanObjectNN-BO. ScanNet-B0 3240375, &M B

3.2 EEXHEIIRLEER

F1-F 4 504 T ModelNet40-B0O. Scan-
ObjectNN-BO. ScanNet-B0O. ShapeNet-B0O | )£k
S R S W B O AN SR, I H A B B Y
W, IR R R ZCR, 103K DFE3D HikME T+ DEE3D 77V 15 5 75 B2 5156 2 o 0 o e 4
AT VE ISR T SIS SE AT I, 75 4 D SEIRE R, filt 1 R E A

# .1 ModelNet40-B0 SL437 5t b 1) i Bof b LI A Rt Sz 06 45 5L (%)
" A B C IR

S8 A 3 TR, A S T K A 2 RO 1
LR, 16 J5 S I 1 B o M i S A A OL T 0 LE i,
3 L, 7585 — AR R B RO, 7052 MR 4 i
Ik i R B0 T o XEB (1 7. % T S B A 7

7k 1 % 16 20 24 28 32 36 40 AcCave s
iCaRL™ 9877 9470 8924 8232 7695 7193 6935 6514 6251 57.62  7685+031  (+5.93)
BiC™ 9926 9438  89.16 8175  77.63 7405 7048 6854  67.53 6449  78.73+055  (+4.05)
WAL 99.01 9457 88.62 79.56 77.39 7381 7020 67.80 6649 6355 78.10+123  (+4.68)
LUCIRPY 99.01  94.18 8933  81.51  79.03 7420 7124 6671 6657 6207 7839+149  (+4.39)
GDumb®! 99.14 9536 8920 81.01  77.94 7407 7137 6748 6613 6259  7843+0.75  (+4.35)
SS-IL™Y 9901 9353 87.64 8124 7516 73.08 68.67 6689 6619 62.11  77.35+038  (+5.43)
GeoDLP? 99.01 93.14 8889  81.68 79.96 7513 7256 6895  67.59  63.08  79.00+£029  (+3.78)
13DOL™ 99.26 9549 9071  83.03 8172 7734 7405 7107 6888 6595 80.75+0.16  (+2.03)
cscett 9935 9573 9078 8324 7901 7548 7060 6863 6667 6207 19174076 (+3.61)
CafeBoost™ 9937 9512  90.86  83.02 7932 77.08 7398 70.16 _ 67.90 6343« 80.02+043  (+2.76)

DFE3D w/o DLE 99.01 94.64 88.53 79.56 76.73 73.79 71.19 67.58% 65.84 61.52
DFE3D w/o KIN 98.26 93.84 88.96 83.41 79.87 75.90 71.69 L7073 = 69.06 65.48

77.84 £ 0.82 (+4.94)
79.72 £0.59 (+3.06)

DFE3D 99.17 9470  91.85 86.00 8322 80.94 76.84 74.32 72.63 68.14 82.78+037 —
# 2 ScanObjectNN-BO SE3637 5% I [ 5% bl S0 A Al SE 3 45 - (%)
L ARSI B B 2L S 5

Tk 3 y ¥ 9 12 15 Accave °
iCarRL™ 88:93" 79.89 68.58 59.88 51.63 69.78 £ 0.58 (+2.18)
BiC™! 0 89.02 7436 68.40 60.26 5325 69.06 + 0.44 (+2.90)
WAP 89.44 73.60 68.34 58.15 51.75 68.25 +0.32 (+3.71)
LUCIRP" 89.65 75.32 67.31 57.77 47.92 67.60+ 1.13 (+4.36)
GDumb™ 89.65 72.80 66.35 57.67 48.79 67.05+0.98 (+4.91)
SS-ILP? 89.57 72.59 69.38 60.34 50.87 68.55+0.75 (+3.41)
GeoDL"" 89.82 75.58 68.33 58.96 52.46 69.03 £ 1.48 (+2.93)
13DOL™ 90.29 77.74 70.03 60.06 50.37 69.70 + 0.56 (+2.26)
cscett? 89.98 77.81 67.89 57.62 48.69 68.40 + 1.03 (+3.56)
CafeBoost™ 89.26 77.68 68.60 58.79 51.77 69.22 + 0.89 (+2.74)
DFE3D w/o DLE 89.40 72.90 67.06 59.07 50.74 67.83 £0.30 (+4.13)
DFE3D w/o KIN 90.05 79.47 65.10 56.45 50.20 68.25 +0.90 (+#3.71)

DFE3D 89.51 81.78 71.22 61.45 55.82 71.96 + 0.39 —
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3.3 HRALIGLER

N T 5 UF DFE3D J7i%+ DLE BRI KIN 1
Rk, A CHE ModelNet40-BO. ScanObjectNN-BO.
ScanNet-B0O. ShapeNet-B0 L #E4T T V@ sL56, 40
# 1-% 4 Fion, DFE3D w/o DLE #l DFE3D w/o
KIN 4> 5143 DFE3D J ik {E# A DLE I
KIN I PERE %R P 5 DFE3D 774, DFE3D w/o
DLE #k/b 7 3852 2] I A2 HR X i = B0 AR B R PRI
Wit RZEFAHNT R A B R ERE, SBULE 4 452

3.50%, Bk | DLE #ifE 251 & % =] Xt T DFE3D
JIVERFIE BN o 1 B M. BME DFE3D w/o DLE H
FELE BB A IH AR B RRAE TN, (E I B T A7) 28 7™
O R N 2% B 2 PR A B2 A Ty ST
FRAEIH &0R 5 B A 820, DFE3D w/o KIN 21X Al A
DLE BB 553 3 W 28 T i = 8 2 o) i 2,
T HR A AR AL IH E IR RN, ARSI
FNHIPERE NI 3.06% 3.71%- 1.84%. 2.38%, St
T KIN BBET SN 2 PO a2 R 2 5T

s NIRRT B R FF 4.94% . 4.13%- 2.48%. AR
# 3 ScanNet-BO %Mt LA it LS B 6 (%)
. RN R B O A1 A4 -
ik 3 6 9 12 B 17 AcCave b
iCarRL™ 94.36 83.65 75.23 70.47 " 68.04 64.33 76.01 +0.32 (+5.87)
BiC™” 94.47 83.23 71.55 74.41 71.62 70.16 78.57 + 0.84 (+3.31)
WAPY 94.63 8347 77.86 74.70 71.51 69.84 78.67 + 0.30 (+3.21)
LUCIRPY 94,97 85.44 78.63 75.93 71.12 66.31 78.73 + 0.90 (+3.15)
GDumb®" 9455 = 8480 78.40 74.15 69.16 67.80 78.14 + 1.69 (+3.74)
SS-ILP ¢ 0460 84.56 78.64 75.11 70.96 65.49 78.22 + 1.70 (+3.66)
GeoDL"” 95.06 86.15 80.39 76.28 71.73 70.07 79.94 +0.19 (+1.94)
13poL!" 95.30 84.58 80.12 77.05 73.26 69.27 79.93 +1.34 (+1.95)
cscett 95.58 85.80 79.24 77.04 72.44 65.52 79.27 £0.31 (+2.61)
CafeBoost™! 95.30 86.54 80.41 76.80 72.48 69.85 80.23 + 1.31 (+1.65)
DFE3D w/o DLE 94.27 85.46 81.05 74.99 72.11 68.53 79.40 £ 0.30 (+2.48)
DFE3D w/o KIN 96.24 86.95 78.75 76.42 74.77 67.13 80.04 + 0.86 (+1.84)
DFE3D 96.30 89.16 82.67 77.30 75.48 70.34 81.88 +0.82 —
# 4 ShapeNet-B0 T4z 5 b 158 ST LRI FITH R0 45 R (%) \
AR gy p
ik 6 12 18 Ek24I — f%)aﬂﬁﬁfz 42 P8 55 AcCave .
iCaRL"™ 9210 8689  77.62 7205 6864 6387 6096 | 5699 5256  70.18£1.78  (+5.58)
BiC?” 9383  87.11 7775 7407  70.66 6873 6573 6391 5731  7323+£072  (+2.53)
WAPY 9396  87.07 7712 7490 7130 6843 6569 6346 5676  73.19£042  (+2.57)
LUCIRP" 9294 8720 7921 7544 7187 6606  61.86 5838 4839 7126030  (+4.50)
GDumb™ 93.51 86.01 76.83 72109  68.18 6567  63.09 5851 5048  7049+0.97  (+5.27)
SS-IL™ 93.19 « 8770 19942 7661 7291 6740 6390 6239 5245 72894034  (+2.87)
GeoDL™ 9277 8722 7920 7703 7430 7103 6561 6318 5305 73714021  (+2.05)
13DOLM" 9471 8679 7884 7686 7328 7153 6798 6469 5560 74484031  (+1.28)
csceTh 9324 8809  79.96 7558 7164 6749  63.07 5818 5129  72.06+130  (+3.70)
CafeBoost™ 9324 8840  80.68 7628 7272  69.89 6585 6190 5354  73.61+£1.87  (+2.15)
DFE3D w/o DLE  93.65 8621  77.67 7417 7035 6838 6393 6234  53.64  7226+036  (+3.50)
DFE3D w/oKIN  93.12 8751 7942 7604 7212 6979 6598 6331  53.09  7338+0.79  (+2.38)
DFE3D 9438  89.93 8247 7870 7523 7031 6727 6533 5827  75.76+0.37 —

34 WEESHENEESH

N T B AF DFE3D J7 V275 3 AT 45 Hi it A [R] B )
PERERIN, ASCAE 3 AL & N7 55, HrEK 4
iR GE . Hr, 4 4(a) ModelNet40-B0-20 steps #f
ModelNet40 i LRI 73 Ny 20 MESS, BAMME 58T

140 A4 ARH % Software TechniquesAlgorithm

2 K HE; B 4(b) ScanObjectNN-B0-7 steps ¥
ScanObjectNN HHREE X 73 7 MES, BAMES#iig
2 REHE, BRI 3 2540, I 4(c) ShapeNet-
B0-18 steps ¥ ShapeNet £z E X4 18 ML,
AMESSBIY 3 2K, S E AR5 4 8.
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i H AR SN A

100 s ~ ICaRT
L S —— Bi
95 2 WA
90 | —— LUCIR
~ —— GDumb
S s | ~ SS-IL
> —— GeoDL
g 80 — [3DOL
5 CSCCT
§ 75 1 —— CafeBoost
s 70 |
5
s 65
o
g 60
55
50
45 . . . . . . . . . .
4 8 12 16 20 24 28 32 36 40
Number of classes
(a) ModelNet40-B0-20 steps
1% iCaRL
—— 1Ca
95 [ a¥ +Bi/§
L W,
% ~ LUCIR:
X 8 r —+— GDumb
< . — SS-IL
% 80 " % —~ Geo
£ s 'y & BDOL
3 CSCCT
2 70 + —— CafeBoost
= Y —— DFE3D
£ 65 s ¥
o
5 60|
£ 55+
50
45 t
40 L . . . . . .
2 4 6 8 10 12 15
Number of classes
(b) ScanObjectNN-BO0-7 steps
100 & — iCaRL
95 r —— BiC
WA
90 — LUCIR
e —— GDumb
< 8 — SS-IL
>
g 80
5
S 75+
<
E 70 -
5
s 65
o
E 60 T
55 F
50 b
45 -

6 12 18 24 30 36 42 48 55
Number of classes
(c) ShapeNet-B0-18 steps

K4 AR RS HORN I E R

WK 4(a) Ai7s, DFE3D JEAERT 8 MG EAES T
PERER I — M, R JE BRI EAT 55, AN L7
EH T X DA 1l 22 B B e A v 0 m 0 R R R e
L5 DFE3D J74 1) 2 5318 %7 S 3. DFE3D )38 & #E
R T L7k, YRR i AR R PR, HBE M B

B A B0 560 7 2 % 5 2 1 4
HLAT 451, DFE3D 773k 1F AR 7 MU 2B A8 15 2 250 it
22 TSt o e RS S RIS, 7E 55 AN S
4(b) R 4(c) B 77 7E R 4(a) —BERIBLE,
DFE3D #BA545 52 M2 I B 15 25 0 Bk 2 STAE 55, b
SUHIE T DFE3D 7i:7EE SR 5 Wt 5t F I 2
3 P .
35 FREIMIBHGIEREX N E RN

KT P A IH R K AN DFE3D 77k )
I, AXS2I6 7E ScanObjectNN-BO 824837 5 T, ¥4 IHFE
5145725 it /Jw/xoo/ﬁsww%m%%@y 300 #1900 4~
S, I AT LR, 1 5 R, & 7 R

L ) et (R R RN U, 1

M 900 T FEF] 300 B, %775 H B 1T 351 B HE A R
TFE 6.52%-9.64%, i BH [E] RIS X T a2
S E BN, RE& Wik, DFE3D £ HEEGI £ 5 Bk
300 F1 900 B, i b FL AR 77 V2 ATh SR A BT 1 1 e AR B,
Gy MAEF RS AR EIE T T 1.28% M 1.76%. 56
ET DFE3D J5 it i 22 1045 SR A 1 & k.

mm iCaRL
=it

2.5 =
7235 == LUCIR
mm GDumb
70.0 (wm SS-IL
== GeoDL
== [3DOL
67.5 rem CSCCT
== CafeBoost

Incremental average Acc (%)

6o |= DFE3P \
62§ |
\‘ 60.0
~ 300 900

Number of old exemplars
BIS AN RFEBIER KN E & i

3.6 EIRVIEE LRI E £ 57

N #E—2BIAIF DFE3D 788 & i f b 1 & i,
A S MR O 215 BB 1 2500 A8 A0 % % 5 1
SZMH. 7E ScanObjectNN-BO S5 50 R, ¥ 15 4201
[ 2 P BE LT 8L, JF HEH R R 5 MRS
s fow, AR R AR, aRE & TEAL RN
WF TS RZERF FERMEM, 183 MR Y=
KT, DFE3D J7 kR B0 T B Rt B U7 i,
B2 3 AT T K A e 1 st v T R X
L J7VE 1.46%. {HAFT B2, LUCIR J5 ik AE S AL
N PEREFR AR I G BT R YRR TR ARAE 2 4.54%,
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HREANTTEMAAE—E M2, Wik 7 AR &
MNP X 1 2= 3G B2 IR — 2 I sem, IF H
XA 2> B A 75 1) & B AN [F) T 2022 . DFE3D J7
ERMEE R I I 2 IR T 3 NAAR IR E 72.38% 1)
PR E A, SERUT T RITERE RIS ZE 1.84%,
P83 HIE T DFE3D 77356 - AN [5] 14 8 28 ) ot 1)
B

# 5 ScanObjectNN-BO 546375 LA [F 3 &2 057 1

X LRSS (%)
o AN (1) 38 5 T I TR AcCavg Accws o
RIF1 K72 RT3
iCaRL™ 71.39 71.54 68.71 70.55  2.83
BiC®” 71.36 70.08 68.13 69.86 3.23
WAL 71.84 70.02 69.03 7030  2.81
LUCIREY 70.68 70.02 66.14 68.95 4.54
GDumb™ 69.42 68.21 6712 6825 230
SS-1LP? 71.64 70.17 68.51 7011 3.13
GeoDL'™  72.19 7096 & 7002 7106 217
13DOL!" 7248 § 7192 70.05 7148 243
cscerh® 72.54 69.83 68.49 7029  4.05
CafeBoost™  73.24 71.53 70.56 7178 2.68
DFE3D 74.22 73.13 72.38 73.24 184

4 digHRE

ASSCHEH T QU R AL 9 10 =2 i 5 R
Jrik, i m s H bRy AR e 38 NEET I H s 7 1L 2
IEHIBLSE 5% DFE3D J59 i 22 53V Jm) B 1 s e i
WU = Bl B B R A B 5 2 A5 B BARAS E 1
JRI R G AL RRAE, I HL 3 1 4 JR) SRR R B B A T AR

R 22 S VR R XK, 7K 13T IH SRR AL IR (X 3 B |

[F A, R N 4 SRR I 1E AL SR R A0 b i
DTS RT YAV 43 o, DA 0 SRR HEE i 2 — )
URUBL it R A 2K (5 B A AL i . 2 B 4 0
SEUAIE B T A SO I e, R SL IR IR E T %
AN BT Rk SEBGIBE B T %7 1R T £ 1
AR5 I R 1, oF IE A1 4 25 1 4 2 D
Rk, SRTT, A OB TE TR RS R PS4 45
H AR RAT 5, IIATELEEAT S5 5t LR IR 75 Rk
(0 TAE o, AT — SRR R RS = Bk
M 35 S5 = o 47 AR AT 5

Sk

1 Hamdi A, Giancola S, Ghanem B. MVTN: Multi-view

142 A4 AR5 % Software TechniquesAlgorithm

W

o0

11

12

13

14

transformation network for 3D
Proceedings of the 2021 IEEE/CVF International Conference
on Computer Vision. Montreal: IEEE, 2021. 1-11.

Riegler G, Osman Ulusoy A, Geiger A. OctNet: Learning

shape recognition.

deep 3D representations at high resolutions. Proceedings of
the 2017 IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 6620—6629.

Qi CR, Su H, Mo KC, et al. PointNet: Deep learning on point
sets for 3D classification and segmentation. Proceedings of
the 2017 IEEE Conference on Compwute( Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 77-85.

Qi CR, Yi L, §u H, et al. PointNet++: Deep hierarchical
feature learning on point sets in a metric space. Proceedings
ofithe 31§t International Conference on Neural Information
Pr(;cessing Systems. Long Beach: Curran Associates Inc.,
2017.5105-5114.

VERR, IR, 055 1. FE TR A A N 2% 1 3D i 2y
Br. AZhLAR, 2021, 47(12): 2791-2800.

McCloskey M, Cohen NIJ. Catastrophic interference in
connectionist networks: The sequential learning problem.
Psychology of Learning and Motivation, 1989, 24: 109-165.
FKRS, EARIZ, W5, 55, 5L TR B 3] 2R 1 2
SERGER. THEHLEAR, 2023, 46(8): 1577-1605.

Rebuffi SA, Kolesnikov A, Sperl G,

Incremental

iCaRL:

learning.
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Proceedings of the 2017 IEEE Confe\rence on Computer
Vision and Pattern Recognition. ﬁon(')lulu: IEEE, 2017.
5533-5542. >
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