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Abstract: Traditional 3D point-cloud classification methods tend to suffer from insufficient generalization and
catastrophic forgetting in Few-Shot Class-incremental Learning (FSCIL) scenarios. The pretrained vision-language
model CLIP (Contrastive Language-Image Pre-training), which contains rich 2D shape priors, has been shown to
effectively enhance 3D FSCIL performance. However, existing CLIP-based frameworks still lack flexibility and
adaptability in multimodal feature extraction and fusion, which limits classification accuracy during incremental
stages. To address these shortcomings, a 3D FSCIL approach with deeply fused multimodal features was proposed. An
adaptive adapter based on gated units and residual blocks was introduced to achieve multi-scale feature alignment and

redundancy suppression, and a multimodal global feature dynamic fusion module with self-attention was designed to
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adaptively adjust the weight allocation of different feature streams according to sample characteristics, thereby

obtaining more consistent and complementary fused representations. Specifically, point clouds were rendered into

multi-view depth maps, and features were extracted using both the original CLIP visual encoder and a CLIP encoder

pretrained on depth maps, combined with point-cloud geometric features. After processing through the adaptive

adapter, these features were fed into the attention-based fusion module and aligned with semantic features extracted by

the CLIP text encoder for classification. In addition, contrastive learning loss, multi-view and geometric

perturbation-based data augmentation strategies, and a memory-replay mechanism were incorporated to effectively

mitigate overfitting and forgetting under few-shot conditions. Experiments on ShapeNet, ModelNet, and CO3D

demonstrated that the proposed method consistently achieved higher accuracy across incremental stages compared

with existing 3D FSCIL approaches, while significantly reducing both relative accuracy drop rates and maximum

stage fluctuations.
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AR BRI . B K BBk AR 5 I F DA Ao
T 338 2 ) b R o BB ) 1 AR A 1) B R AR
FE, BRI IR Bk AR 5 B vk B R AT 25 T R )
LB R .
3.2 EIGYATS

A S26 fE R £ NVIDIA RTX 4090D 24 GB i
K GPU Ia 47 AR SO 32 UGB S a
Vision Transformer (ViT-B/32)M*'#% A {f 4y J§i 44
CLIP fIA 5 Jm b 2% o T2 i 1) CLIP 552 DU 47 A
CLIP2Point" i () 7F ShapeNet - Zeit i)l 45
TR FE B it 2% o X5 T 2 FPAS[R] A0 oL G i 25 74 21
FIRFIESIN, FLE & B E B 28 AU E I 2R . AR

JIT A% I f¥) ShapeNet55, ModelNet40 UL CO3D %k
PEESS NI Ja AR i = B A, HOn) i ah s
S (1) 3D BEAY R T Rz s R 1 7 SAED)
AR R TR ECH 1024 D s E NS = . R
FEMI RN XYZ by, AEBEFEREEE. X
TR S BB, ASCEMHT s ol &
AL BRI — X AT AR B . AR SR A
CLIP2Point H 32 H IR VE 44 07 15K 55 2= Vil G IR B
Bl SR H 8 AL A A AT E G, AT iR
6 5% 10, 4R A A 6 I, J5 AL A 4334 0, 90, 180,
270, 0, 1805 A %HIM4: 0,0,0,0,90,-90; FTHE
FRIBER A 1. UAECH 10 I, Jihifasy
BIN:0,0,0,0, 45,45, -45, 45, -90, 90; 111135
N: 0,90, 180, 270, 225, 225, 315, 315, 0, 0; ML
PR IIBN 1o TEAR SIS iE Pl A A0k v 10,
8 OcCoE ShapeNet I Tii)llZ5:/1) DGCNNE!
BEUAE S 3D Gfidas . ASCH UG HRRIE LA R SCARE
TEF 4 33 B N 512, InfoNCE #2135 B 2%
BEENO.1AE G FE A, B f ] Adam HRAL 231,
HE2EIREERN 1107, WEFHKEN
13107 XA 55 A BAE S5, IZREe 3 il
WHE N 10 f140. TESEEAES S, XTEAHE,
I3 MIBENLERE 5 ANFEARBEAT ISR, FESEHT I B
H BE B B — AN FEAS A D 77 S FE A DL 2R i ¢ M 1
B BTA GRS NR E R 32,
3.3 XJEESELE

T ISUEAR TR 80, ARSCIERL T LAR L
PR EAT T L 1B -ER - s G — R
(Unified Representation of Language, Images, and
Point Clouds, ULIP*™), FACTP”, Microshape!'”
A FILP-3D!"*, ULIP /2 H #iiA #| SOTA ) 3D /MeE
K TE, KRR T —ME—ES . BGMLs
B 2 BES T SHMESE , T 427+ 3D BRA#RE
ZITEAE ) CLIP 55 K2 &30 PTMs F38 FHAE X3
], @R AE -SR-S s = d, ¥ 3D HRE
XF 55 B A BB SCRAE S [A] . ULIP R 45 BMERISC
AYifines, (IR 3D it 8 LA ST I B A R %o
55 FACT J& — Mt 5 415 7 2510 FSCIL 75k,
FLAE Bt 25 B B v oK SR AT B8 NN 11 37 25 Tl B
AN BRI S, FACT ERHEZS 8] b 5] A\ B
U R (Virtual prototypes), ¥ T AN [PRRE s 46 2
TR BRI, M AR R T 2% ], JEiE
L HRFEVRE A (Manifold mixup)BEfUHT ZRAEA, $&FF
BRI TH] ) AR A& S GE 7. teah, AU IR
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FEFEFERY BAE IR ZS IR SEJE, sk o 28 2 1) H)
MAEST. N T H FACT BB = BT 554, A
SR H FILP-3D f751%, ¥ FACT ¥ CNN
H iy CLIP2Point MR K45 #% . Microshape
JETH 1) 55 25 20 241 FSCIL 7732, %714 3D X %
TN —HTE LRI R R IE(EASHE &), N
177 S HF B 2 4 2 ) . R AR D B R
AAE AR AT SR 0 R 22 ST 2K, AR T

I G 35 28 R0 8 B 24 2 T ) 3 2% A o ) e

F% i) #5, FILP-3D 2 H 17 SOTA ] 3D FSCIL J5¥%,
HFEHFIH V-L BR CLIP Frgei & BT IR S 56 %0
W, 51N ) 7 M 2T T 19 58 3D 4FAE
fa M, TURFHIETH R a B TR 5 1)
o 4 7 B A6 S R R AR R IE R 7R . R 1 v 4 Py
15 M AR TJ71E7E ShapeNet £ ModelNet £T 45 [ [ 5256
ZiR.

% 1 7 ShapeNet 2 ModelNet #{#E&E FRISLIGE R S
Table 1 Analysis of experimental results from ShapeNet to ModelNet dataset

WIRES Acet Al Al

1 2 3 4 5 6 7
ULIP 86.3 83.3 80.3 75.8 72.8 62.9 65.1 24.6 99
FACT 82.6 77.0 72.4 69.8 68.4 67.7 67.3 18.5 5.6
Microshape 86.9 84.6 82.8 78.3 78.5 71.5 68.6 21.1 7.0
FILP-3D 90.5 87.1 84.5 81.8 80.9 80.2 77.6 14.3 3.4
ASCTT I 90.7 88.8 87.0 84.8 84.7 83.6 82.6 8.9 2.2

e PRRBUEMOREF; | RN BUE M/ NEREF; ULIP, FACT, Microshape

eI ZE S5k B SCHR[18]: FILP-3D F/sAfi B 77 ARSI Al

OGRS 51 BRI B, HREORIEINBG Ace FURBIRME AT BRI AWML TS, JoRBa& i Box T
SERBT BEEHER 3 T BRLLG]; ADN RO BUgbAR 3, o BAE A S S BOb (R e KHERf R B ASIR L Inf s S i LA

M1 AT CUE Y, AR T EELE SE R B DA K A
SR B 0 HERA 2 B v, S ERE X VR B A
A B, AHAT T ) A B AR BT
ULIP, A JjiETESG =M B3 LA T
17.0%, FXTHERAFE T FERBEAE T 15.7%, SCKH
BV R T T 7.7%. PiHIA TR0 T2
HH AR ) 9 HE PR T8 0] A T LT AR . AT
FACT, A7 1EAE RN B HER R 356 = T 10.0%
MIAETE, AN HERGRE TR T 9.6%, Hm KM
BOMRAS R R[4 T 3.4%. FACT YA B 5% A iR 5 ]
REAE T HA# FH BB RAE 3D S P ik R
W 1, 3 BUR Y M DL RE A 3 R AE 2 ]
THE%S] . b, FACT JEAHIHEFHLH] &R T
EURRHER AR 1%, 5 5 2 RE R A 22 7R
Ko MATEHTREN R 2B ES&TH, JF
HARAE FH R SURE AL 51, T DA B0 3 )
FHE T Microshape, A8 SCAE B B HERG 21 52
T T 4.5%, MHXTERREE R BEZRIEICT 12.2%, &K
Mr BBk AE R % T 4.8%. FHT Microshape &% (]
I 6] 55 25 20 BAE 45 1 FSCIL J7 ik, b REAH Xt
FACT H Fre t. SR, 755 1A 0386 & M B (b B
5~6, MYEX 6~7), Microshape FIHERZRIHE HIL T
BRI E 1) R o e B R RE T 07 VR S 2
SBRER B EAWR, FAEHRNEZ, WTHT
Fonme T A, 2K ZIE PR A
&, XL, R ENE, BRgT2g

SRR, Z BT ) B RAE S (A 21800 32 2] F
P, WOBARZRE B, SRR TR, BEE
BRRZL G, WSS, Bz e
IS, AT S BUS B R B3 N . A T
i) CLIP AERI7E K& I R -SCAR XS Bt AT T
WSy, HZEFEMmmil, BRIz
TRIE ERRAE, EASTR 2 55 42 2] RO AR R AE
Fik, FrUZBHR NN T BN A5 E E
i SOTA 1] 3D FSCIL J5i% FILP-3D AHEL, H§=ERY
B AT 2 P35 T T 3.6%, HAHXTHERGRE
e [EK T 5.4%, wRMTBUVER TR T 1.2%.
AL, fEREM B, FILP-3D HIL T JLIREKIE
FERIVERE N BRI B B 1~2 RS R T 3.4%;
MBI B 3~4 FBE T 2.7%55), AR 1 REAH X AR
S o X F LT FILP-3D JiEfEH T £ R EERRE
PEEL LA S AE AT REAE R B, BT R I 7 3247 R e
— B RGN EE R, § B SRR T
IR o T A T 38 5 N FEF 1145 B e R iR 22 B 1)
3 83 C 48 DA SR T B VR R LG ) 2 A 4
JRRE BN AS RA L], o] DARE B M L 2 A A
TEFE AT RRAE IO TR FE B, AT 32 i A 20 A 2 T R
TEFRIEHOR, a8 7 RIAY B R e

% 2 0 3 FhJ7 ik e A T7AAE ShapeNet ] CO3D
f£5% ERsRiG4E 1. T CO3D RELHAMM AR
Hate, H 546 EdE 4 ShapeNet ik 2= 5 8 K,
HAFEMEFsm . R0k, A R 42 21 s a4



86 AL B 5 AL

2026 4F

TS BA B, HERFA IS H 5,
DA SRAB AR M PR B RE A TRz AL (1) R 7 58 . A
K2 W LLE R, RTTEEEAMBATE & AR
Tff 238 DL B S K FRT R R VR S o 230 A B R B B ik
AFF ., il Microshape 751252 238 2 F 520 N
B3, AR T RERILE] T 30.3%, &KbY
BB RIE R T 12.1%. X AT AE AL FH T Microshape
FEF15 - AU & e s 5 b2 2 B OB AR L&
TCVEAR U HAE FLSE i R AT 2 A RIS, FLsesl
E LRk K N Y NN 1 22 = S =i s 1) TR
TR 28 25 1] PSR M RN 28 30 ) VR, AT 3 B
VERE T RET ™ E . AHELZ R, FACT Z 350
BUN, HERATLH B — & KRR T, TR
AT BE 2 H T FACT A5 FH (1% j 40 J5 2L i A\ 2% (8]
TIER ML R RFAE 73 AT A 5 TR 5 i 2R 5 i
WG REST, KPR EIT A o B rh AR AL 1 S A ) )
PR G DX I, S ASE AL 7E T 6 B0 S OHs (1 45 0 52 0%
PEFIRAZ I, AT Re PR FF P PERE . %23 T CLIP

) PTMs, FILP-3D J7EAT3 R EA6 A5 v ) HE A
J& o (HAE 25 B B HERA B2 AR 7 15475 G FILP-3D A
T, BAEEEMRGARAME ., X300 A VLR
X BCSE AR S HARE, ATPTAREE I N IE AR DL
R IR A, AT Hh AR S B R AT IR
FERLE .
3.4 HELSKIG

N T BRUEAR TG NBLE A R, ASCeT
TR TE RS fE e B A R SRR b, A e A
HRRS BRI T 4% B 0 Ak 25 B 1O B 38 TS 2% DA
F T BER NG 2 SRR R G, DAIVE
i EEH. OF1: BRAENEE S, £H
FILP-3D H % H 5 4G A48, RPASTE & Bic 2% 4
FASCIR BT 1ML R 22 8 @Rk 2: Rk
H B ) 2SR R A A B, Bz DUAH [F) A %)
2 M2 EE A RRHE TR G @A 3: HHE
O I e 2% R B )l S i e i R R . R 3 ROR T
7t ShapeNet F| ModelNet 1155 H [ fil s 36 45 51

22 7t ShapeNet Z| CO3D #iEE FWSLINER O

Table 2 Analysis of experimental results from ShapeNet to CO3D dataset
. Acc? ,
2 1 2 3 4 5 6 7 8 9 10 11 12 Al Al
ULIP 86.3 85.6 81.7 74.0 71.7 68.1 67.6 64.5 59.5 58.4 55.2 57.5 28.8 7.7
FACT 82.4 77.2 74.5 73.1 713 70.4 67.2 65.2 63.8 61.8 59.9 59.8 274 52
Microshape 85.2 78.6 71.0 72.0 75.2 68.8 56.1 58.5 62.9 59.1 52.2 59.4 30.3 12.1
FILP-3D 89.9 84.9 84.9 83.2 81.8 80.6 78.6 77.1 76.1 74.8 73.5 72.2 19.7 5.0

AT 90.5 88.0 867 84.4 83.9 821

79.4 78.5 71.7 76.6 74.8 74.0 18.2 2.7

T P RRBUE ML, | RoRBUEM /NS, ULIP, FACT, Microshape SEI645 5ok B SCHR[18]: FILP-3D oMl B 75 40D (A s 52
AR B 1 BRI B, HRFRWENE: Ace RRMEAITE MATH BURHERZ: AAXTHER S T IS, RoRBA B Botb x5
lEY BRI R N R L] A BRI B AL 28, ORI FITAT 38 5 B 10 S R v e B AR B s IR 3808l 2 AR st

F=3 ERBEYMIERIRER
Table 3 Module effectiveness ablation results

Ly Acc
T 1 2 3 4T 5 6 7 Al Al
Tt HERLE LA 90.5 87.9 85.5 83.0 82.7 81.9 80.8 10.7 2.6
Ry WAl e 90.8 87.8 85.7 83.0 82.6 77.8 77.1 15.0 4.8
W 90.5 87.1 84.5 81.8 80.9 80.2 77.6 143 3.4
AT 90.7 88.8 87.0 84.8 84.7 83.6 82.6 8.9 22

T P RRBUEB G | FORBEE N 1 T BEIORERN B, HRFRIMEN B Ace FREAITE MATH BV HERI: AN

A HERGE T, o BRI BORAIRS TSRl B HERG 2 R RELLA); AR iR B Ae A2, R AL 7E i 18 Bk B B P ) B v s e B 42

WRPE: DR R Fe i fE .

HHEE 3 AR, FEBRAT A — M 2 S B A
PEREIRTL . o, MR HIERIERL AR, LR
BAMEN B R ESA TR, PTRT
1.6%, ALFT 1.8%, ALEFHT 0.4%. XEHT
WA T8 ek Z Pk sh & IR 5 2 R
FEFRFE G, B 5 2 B M= 2 R L5 B B
JARAR) R S5 i S5 TU R 3 Bsgm, HAEL IR

FIRHHR R, MNINFERHERE T, MHILZ T,
FE i 2 R IE Rl AL R A8 R f 52 i K, A AR
TE &N BB B 23 A BT T B, Rl fE )L
ANBrBEVERE RIS E, WERRT R T 2.9%,
AT 6.1%, A LFT 2.6%. X8 T K H E &
(TR T, A DAAR T AN [F) R A5 1) 1 00 B 25 1 R %
HRASRRAE () FE B, RRAE 2 (R IR EAME BV
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SR AR, M-S BRI M RE T BRI
B IS NS LA R B A B B b e, R
TERT JLAN 0 B M B i 2Rt — D PR (AR
M2, BLB R AR oyt & Ao i, 72258 6 i
7 B B AR S A RS T, R R B AR
ARIAME . IX W RE S T B 1 SO 48 7R 6 = V=
RGPS R, 755 A BOA R 2 B R s il
T, I T TBOR R B A S L, HE AR RE HAR A
)4 R RFAE IO 18 o LA L, A ST R HY I &%
AT AN 6] 7 THI ¥R 1 RE $2 T BT ok, A3
T H AU B A R

A, SN T BSIE AR SCAE G BB H ]
5 BT R 22 B A R, 30 L Bl IE 47 T 30
SEOG: FESEEEBIA IR L, A RIFEER B IE NG R
A GLU [ H=ALH], ORE AR ZE DL R B H &
NGRS GLU 1ML, Bl s, & 4
JEIR T AHITH Rl S Ie 45 5

M 4 TTAN, L2 R GLU [ 1981k 2 # B

PREDR, #HaTBUEMAER BN BUHER R T
B, AER AR B BT B SR R0 K BB AR R4
RUH] T HENER A T GLU [ T2 Ak = B
ARk

N T B UEA SCAE SRR pREGH 73 S G &
B BUAE S b2 ST ARG SR BIURFAE /K 773 A 21k
X BT T I R SR . R HAR I SRk A
—HURTEOL Y, AFERLLE K. KSR T
FH IR b 36 45 2R

M5 FTULE B, HB0A X EEEE SRR, R
RULERAB BB HERA 2 B 11 B, ARG HE R
B AR K BUBb A AR A it i, U] TR
E Y BOR IS s S8R 1A Rk

N T IR AIE A SR F B30 12 18] TAE 22 ik ok A A
18 i B A R, AR SO AT T sk
B fEHAMFAFMFERIRE DL, ASE ISR IR B
B LG G DMEAAE Y I SRR AT I 2. K 6
J&7R 1 RS 25

F 4 GLUINHZEHH SR ERBMMEMIELER
Table 4 Effectiveness ablation results of GLU gating mechanism and residual blocks
L Acc?
Jik Al A’}
1 2 3 4 5 6 7
J& GLU [ 14 90.2 81.2 84.5 83.3 82.0 79.2 77.9 12.3 33
ToFkZE 90.6 89.0 86.0 83.9 83.7 82.9 81.4 9.2 3.0
KILTTiE 90.7 88.8 87.0 84.8 84.7 83.6 82.6 8.9 2.2

TE: 1 FORBUERMOGREF | FR BN s 3 1 B BRI B, HARFORIG RN B Ace FORBIAE MATI BUIAET R, A
ARRTAERI L N RES, 2RI B B B T B ALY BORvER 2 N RELL]; A AR BBk AR 2, SRR MR BUAE A 384 B b B b AR i R 2 B

WRBEs AR Fon et fi -

®5 WHEIBHMEHMLELER

Table 5 Effectiveness ablation results of contrastive learning

Jrik:

Al Al

1 2 3 5 6 7
Text 2] 90.5 86.2 83.1 76.7 76.2 75.8 14.7 45
ASLTT 90.7 88.8 87.0 84.7 83.6 82.6 8.9 2.2

TE: 1IN | R BB s B 1 B BRI B, HARFORIGEIN B Ace FORBUAE MATI BUIMET R, A
ARRTAERI L N RES, RO B B B T B AL BORvER 2 N RELL]; A AR BBk AR 2, SRR MR BUAE A 485 B b B b AR i R i

WRBEs A HdE Fon et fi -

*6 ICIZEMAN LSRR

Table 6 Effectiveness ablation results of memory replay

ik 1 2 3 5 6 7 Al Al
Tz a1 90.7 84.7 79.2 77.9 76.9 69.5 21.2 7.4
ASLTT 90.7 88.8 87.0 84.7 83.6 82.6 8.9 2.2

TE: 1 FORBUERMOGREF: | RN BN s B 1 B BRI B, HARFORIG RN B Ace FORBUAE MATI BUIAET R, A
AHRTAERDBE NS, R B B B T BE R B AAER 22 N IELL ] AR RO Bk AR 28, SRos MR BY7E B 48 e b B o 1 R 2 i

WRBEs A EdE Fon i -

M 6 HT A B, AR G e REA IS 12 9]
R OL T, AR SN E B e R Bl T R

Bie, ARG R AfR P2 T e 230 R B K B AR 22 35092 v
WRIRBL TR 38
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