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Consistency constraint guided network for zero-shot 3D classification
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Abstract: Objective Deep learning has made remarkable progress in 3D model classification. However, most existing
classification methods rely on supervised learning, which limits their capability to recognize only the model categories seen
during training. With the development of computer-aided design and LiIDAR sensor technologies, an increasing number of
novel 3D model classes are emerging, presenting a challenge: how to effectively identify model classes that were not
encountered during training. Zero-shot learning has been proposed to address this challenge. However, this approach faces

a major limitation due to the shortage of large-scale datasets with high-quality semantic information. To overcome this
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issue, many existing methods introduce large-scale pre-trained models with rich semantic information from 2D image
domains, such as the contrastive language-image pre-training (CLIP) network. While these methods project 3D models to
2D space to meet the input requirements of CLIP visual encoder and achieve reasonable results, they do not fully capture
the 3D information from the datasets and fail to leverage the knowledge inherent to the 3D domain. A straightforward
approach to addressing this limitation is to adopt the learning strategy of multiview convolutional neural networks, which
involves fine-tuning the CLIP visual encoder and optimizing its network parameters using a 3D model dataset. The goal is to
leverage the advantages of 2D data annotation while incorporating the inherent characteristics of 3D models. However, this
strategy does not yield effective results for CLIP. The fine-tuned network tends to overfit the training set, causing it to
gradually forget much of the valuable 2D knowledge during the tuning process. Therefore, this strategy is not feasible. This
paper proposes a consistency constraint guided network (CCG-Net) for zero-shot 3D model classification to overcome these
problems. Method CCG-Net aims to leverage the strengths of 2D and 3D domains while mitigating the issues of overfitting
and knowledge forgetting. CCG-Net comprises fixed and dynamic parts. The fixed part of the network employs a frozen
CLIP model to learn cross-modal information from large-scale 2D visual and semantic data. Stopping the backpropagation
in this part forces the network to focus on preserving 2D information. In contrast, the dynamic part is a learnable encoder
designed for extracting global features from 3D models, with a strong emphasis on acquiring 3D knowledge. A view consis-
tency constraint is applied in the dynamic part to guide the extraction of 3D features. This design ensures that the 2D knowl-
edge from the pre-trained model is fully preserved, while also allowing the network to learn new information from 3D data.
The information from two modalities is then effectively fused into comprehensive 3D model features, which are used for clas-
sification. Mask consistency constraints are introduced to enhance the extraction of features for 3D data and improve the
robustness of the 3D encoding process. This constraint guides the network in enhancing its capability to learn the 3D model
through self-supervised learning. The specific approach involves employing different masking methods to obtain a diverse
set of mask features. Once these features are generated, the next step is to constrain their consistency. The network can
effectively learn and integrate the essential characteristics from the masked data by ensuring the consistency of these mask
features, finally enhancing model robustness and accuracy. Additionally, the pre-trained network employs a mutual exclu-
sion loss, which assumes a mutual exclusion relationship between the labels to be classified. However, this network is
unsuitable for the zero-shot task of tuning on a small-scale dataset. A non-mutual exclusion loss, guided by the homogene-
ity consistency constraints, is also proposed to address this issue, ensuring the accuracy of the learning direction and the
network’ s capability to generalize its learning during training on a small-scale dataset. Result Three different consistency
constraint schemes work collaboratively within the network to optimize its parameters, effectively preventing overfitting dur-
ing fine-tuning on 3D data. This approach enhances the reliability and generalization of feature extraction, ultimately
enhancing zero-shot classification performance. Quantitatively, on the ZS3D dataset, the proposed method achieves a clas-
sification accuracy of 70. 1%, marking a substantial 9. 2% improvement over the current best results, achieved by discrimi-
native feature-guided zero-shot learning of 3D model classification (DFG-ZS3D). Additionally, this method demonstrates
improvements on the dataset proposed by Cheraghian, achieving classification accuracies of 57. 8%, 19.9%, and 12.2%
on the ModelNet10, McGill, and Shrec 2015 subsets, respectively. These results correspond to improvements of 22. 8%,
3.3%, and 2. 3% over the state-of-the-art methods. The ScanObjectNN dataset, which comprises 3D models obtained from
real-world scans rather than synthetic data, further validates the effectiveness of CCG-Net. On this dataset, CCG-Net
attains the highest performance across its three subsets, with classification accuracies of 32. 4%, 28. 9%, and 19.3% on
the OBJ_ONLY (Object only) , OBJ_BG (Object and background) , and PB_TSO_RS(Obje(:t augmented rot scale) sub-
sets, respectively. The performance improvement on real-world datasets further validates the generalization capability of
the proposed method. Additionally, ablation experiments confirm the effectiveness of the three consistency constraints.
Finally, qualitative analysis results of the confusion matrix demonstrate that the network can avoid overfitting to a certain
extent. However, this analysis also reveals shortcomings in the capability of the network to extract discriminative features,
providing a perspective for future research. Conclusion Compared to methods that rely solely on pre-trained models, the
proposed approach in this paper leverages the strengths of language-image pre-trained network while incorporating knowl-

edge from the 3D modeling domain through view consistency constraint. This method improves the robustness and general-
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ization capability of the network by designing self-supervised enhancement under mask consistency constraint and refining

the homogeneity consistency constraint loss function. Therefore, this method achieves accurate improvement for zero-shot

3D model classification.

Key words: 3D model classification; zero-shot learning; self-supervised learning; image-text pre-training; visual-

language multimodality
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Fig. 1  Zero-shot classification accuracy of different

methods on ModelNet10 testing set
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2 R A EURRAE , IF 0 L HG &b 2 CLIP W0 B AR IE4E &
o A e R EURAAE 0 X 4% 1 1 LA AR
B BRI R T RN, R T
PO Mg 2 B 4R Bt 5 IR B s
ML .
2.3 ETFEE—HEN=4#8KEERE

TE2. 270 R AR 2 LI e 4 Ry B
A AL D T = YRR 2 ) TU AR TRl
PEwE TRz ARE T o HE AT DO E] , {[U HR
— B4 R A AR R AR, 2% T 22 LR SRR Y
BN 2% Bl XoF = AR R AR DL R Z AR )45
BRBfREE T . FET UL Lot AR SCRE RS — 2
PELY A A R AN [R] () A5 4 AR U 2 R i 4
SR AR P B EURRAE , S0 T X b 27 2T 5 29 SR [l AR 4 S
FRAE (] — 50, SCE [ R, i N 2% e 1 I
— Rz kR . HARS BRI

DAL RIERE . AT 2.2 4
SR i — A R, R TN 4 S Z
P[] () SR B 6 2R, 6 AT 3 — A8 | 4 3 AN [) 4
T A LASR A AR TR 42 JRy R I o AT AN 4y # 1
], 30 &, oy, P 1 <j = k< Vo

2) & Jm R E Gifi o [l =GRS o 28 45 A

AN TR BOHERERAE , 20 45 2] A AN [F) A 42 R AL 14 o),
il , BfG 283 — dHAR R S HEE S 0 4 R
I G i , 75 21 42 SR A AR £ TS o

3) RS — B R, A =R S Y
ANTR] 4 JRy R i B R TEAEAS , HC A S f51) 64 4 JR) R AE A
R AFEA, SRR LUK L, e RAGTERE AL,
{iff = AT N AR [ HE R ER AR IS 1 22 SR R R —
25 (R e /N A5 TR v A Y ) 4 SR R AT £
FRALEE
2.4 ETRE-HEMIEERIEHRE

TEHE ) — SO 2y o, SR A0 % be 4 2% U5 A
CLIP. 7 CLIP Il ZRid 2 v, 1555 SCAS J0H i A 2
2%, it R E BN AR T T EATARBLREDEAY
— R BE AR -5 A [R] SCAS R 18] A AR ARLEE 280 soft-
max 1855, TR A RAE AR R AN [ AR 28 (52
PR bR SCARRIE ) B 5 B0 MR 5 B 2 SCARREAIE XS AL ot
FRAETR AR o 35 1 FH 28 SURS 68 2K (cross entropy,
CE) , 29 SO0 45 A1E 18] F) J 46 ME 3R e K. soft-
max fRBTF P AR Z AFFE B R R & IR RS
S0 R RIS, X8 8018 R X 5 B R B L 30 ) A e
B B DUIGHER N AF R E AR, iR
BN o SRIT , AR KA H )11 25 k) 45 ()
CLIP) o, I 2R DL Bk o R ARME R o eob,
“softmax + CE" X — 2 & S TRt g1z N
FTEIY2E o B e B AT 55 b T 2 2R A ) 1Y
HRBAEIZEAT 55 A & vl RS2 Y

(EBAETREA =GR 3 ST 55, h T =2
BURCAR AR BN A% P28 EAT PRI, B — it
N B T S R AR 2 W N . AE X A
DU A E R PR 2 B R RA R . [, %
FEAAE 55 208 W28 T 03 28R IR XS 4, R WL 1Y
N BSR4 T WA [R] 50K S EOR DL2E
FIR X6 5 55 A A DL A8 X R AN A

XA ) R R AE A — B 2y v, 26 B A 43
R BRI 2 FEAR AT AR TR AR 285 (9 A [i] 552 f91) 18] F) 4R AIE AR
UEE . Ay s s a) R, st SCHE I R0 AR B %
Wi, BARTW 5 (# F sigmoid F1 638 LI (binary
cross entropy, BCE) 5 2k , LAk AH [7] 2 571 (%) AN ] 52
BVRSTE A A B B ORISRy o] 4

K 1) — I ZR AN 1Y PIAS A [ 42 Jm AR T Ak 2/
2", TEHE S — Bt 29 b R F T e 4512k HREZY
WY HAL S PR [ [ — R AT (A AR B s
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(2,2") Fe K, Il 1 softmax #EAVERE s 20 HOk B AN
BEHL I 2 1 2" 2Z RV AHARLE B /D, B B AT )8 T[] —
Koo ZARIFAEHL, Y 2 M 2Ok B R 28 [A] 52
{91 P AFABLBE AL I e Ko S S X — H A, AR SCH AR
[Fi) 28 53 AN (] S5 481 14 4 Jmy AR AU AR LR TE AR A, R A
ARV 1) 42 SRy R AE I Ry SAREAS o g —ZH 2R R
INECE RS [F2E— SRk L, By

3 2N 1 2N o 1 2N -
Lh(- - 2 NPOS ; lljk ljk + Nneg AZ; 1jk lj/; (2)

Jj=1

Ao A — BT LR L, RO — 2 AR AR HR
softmax $VE A 43 T B sigmoid (184 o) #5841 FH
BCE MR ZAMAK L, , BN
ljk =y, X logO'(s(zj,zk)) -
(1 = y,) X loga((1 - s(2,7"))) (3)
ZEA M — LR L, 5 R 28— 2 5
KL, M4 CCG-Net BRI 2 U Hh
L., =alL, +BL, (4)
K, o 5B HAE, BTE T AR i 7 e 458 5X
TR E ., A a 5B E N1,

3 wESWH

3.1 HESE

FEREAR = AR ST 55 v A (e FH AR B 4
1 F5 ZS3D (zero-shot classification network for 3D
models ) F#i 42 | Cheraghian ZU 4 42 Fll ScanObjectNN

783D B HE 4 (i 55 ,2022) B A EFEA =
A 15 R I3 AT 55 BT Y e 4E | DL Shrec2014 il
Shrec2015 (Lian 4, 2015) i B4 I8 44 4, FO)I 4k
£ 5K [ 334N 1 493 MR IR AR f 5ok A
8NN 184 MY Mgt 41126 1 677 AN FENIE = 4
PR

Cheraghian B4 ( Cheraghian & 2019) KT
B = 4 BE 2 ModelNet40 . ModelNet10(Wu 45,
2015) 5 /N AR W HEAECHE £ McGill (Siddiqi 55 ,
2008) . Shrec2015 (Lian %¢, 2015) 4 ™ ¥4 4 — kX
I3 o Ik 4 K i ModelNetd0, {H A 41 45 5 Model-
Net10 541 10 4251, B30 4~25 5 976 4~ = 4
) 4E SR B ModelNet 10 . MeGill #1 Shrec2015,
Horp MeGill £ 14 25119 301 MR HY, Shrec2015

BE 30 MY 720 A

ScanObjectNN % 4fi 4 (Uy 55, 2019) & — 4~ H.5¢
F) =2 R o R A L = R ROk B RS A
= NN AE CAD Al B R Ak A
152511 2 902 4> = HEREAI S, [] I, AR 41 X
JE AR RS P AL BRSRE W, 2 R AR & 2RISR A
SCHEHR T 38T 5% 5 B OBJ_ONLY (object only) £
15 5 5519 OBJ_BG (object and background) Pk }z 2
o B P8 B8 58 A9 PB_TS50_RS (object augmented rot
scale) 3K
3.2 ZWEESIFMNIER

A% 3L B 7E L 45 T Nvidia Tesla V100-SXM
GPU i Ubuntu 18.04 R4 L ibAT . JF A 38N
PyTorchl. 7. 0+CUDAT10. 1 +Python3. 8,

5 ZH I WEFE— 20, A SCR Y 12 WL R RAE = 4
B AL R 3 x 256 x 256 IS . Xt T CLIP
W 2%, {11} ResNet50 i BOHL I REAE , Il FH ] 22 7Y
TR [ classname | ¥4 1 75 LHR IR 5 4 Jay DRI P AiE 4 )
% 2% % FH ResNet18. % 25 76 Il 2k it {ifi H AdamW 4t
s, 27210 107, BEEFEIC 1 % 107,244 1007,
batchsize 4 32,

52 T RS B R 64
T£ ZS3D 5 Cheraghian 204 45 I A9 XT FL A5G, DL AR
Cheraghian BUPEAE 1 ModelNet10 _F F¢ 74 Fib S 56,
L5250 329 R top- 1 HER AT M 8RB R A, fi
1CH Ace s & PESE I A5 TR VA FE R FIREAS 7347
3.3 FEZSIDHIEE LKW 52

AR T ARG T ] = 4EBA Y T REA = 4
BRIy b o X T 283D Budla 4, AUA ZS3D-
Net Ml DFG-ZS3D , i W J5 3 34 % il 22 AL IR ik =
epAl, HALEECH 12, 5ASOME—BL Rtz
Hb A SCHEHRLY — 43 T 1] 4k R 28 35 AR
R oAb I AL HE TR A 1Y 5 125 SJE (structured joint
embeddings ) (Akata 55 ,2015) . SAE (semantic autoen-
coder) (Kodirov 55,2017 ) F15& T 4= i) 572 LisGAN
(leveraging the invariant side for GAN) (Li 4 2019) .
LsrGAN (leverages the semantic relationship for GAN)
(Vyas % ,2020) , Ay 3 I — 4 el 45 7 vk 14 2R O
IEfR B e REE , dan AR ] 2 0 B DR J5 T8 Al R
IR

e 1 7R , A S0 1 CCG-Net 7E 783D ¥ 4
TR T ERALRTERE . B SR A
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Table 1 Comparison experiment on ZS3D dataset

FAEE itk Acc/%
SJE(Akata%#,2015) 322
SAE(Kodirov %§,2017) 18.8
IR
LisGAN(Li%¢,2019) 36.8
LirtGAN(Vyas %,2020) 42.6
ZS3D-Net( F# 4F,2022) 58.6
=YY DFG-ZS3D ({5 1/ 4% ,2024) 60.9
CCG-Net(A30) 70.1

TE IORL R R TR 5 s el LSS 2R

1) 4k BRGS0 ) FE e AR 2 2] 2 iy i A
Qb B = AE AR BT R HUS — o SO, R h 4 (5
JSNEORSE Y&

2) X FE A RIS 0] i 7 2, 4 11 BT X = s A
M ZEAR S R B AR . U HIE S Lir-
GAN #H [t , CCG-Net HUf5 1 H i 27% MY PR RE 32 T .
Lo TR A R A Y E R 1 ) 4
EIME B 7 A R i = 4B A Z L E Z 15 8.
AT [11] = AEAST Y %) 7 3253 2ok ol 2 00 T ] A9 G R U T
PERESE T

3) X B AR = YRR 53 257 1, DFG-ZS3D
HHAE T ZS3D-Net BUfS 2. 3% (4R T} 5 AR X3 CCG-
Net #H#% T ZS3D-Net &7+ T 11. 5% A9 I 14 25 , AH
B F DFG-ZS3D W UG T 9. 2% M MEREY 45 . X2
PRl Ry 52 BR T = 45 AU A AR S R /)N 1z 1k
PEREAS0E 55 7] 1, DFG-ZS3D iX 3 F Wil 2 — 4
I 2 B 7 AT AR AR BB A BRI, R BT e o
BEPET s A SO ) AR — 2 R Tl 25N 45
IEOR B HZHORE | REAE TN 7853 M 3R — 4k (K114
B AR B R AP bR ok B PERE RS 5 , S — 4ERTY
I FEAEA 3 AR T R A ik e SIS
3.4 7£ Cheraghian ##E & FHILIEXT L 5447

by itk — 25 B UE AR SC 5 s CCG-Net (18538 £ |, 3%
B Cheraghian £ #l5 £E E AT 255 %0 tb o W3R 2 Fiow
XL A 328 W EE T A vk e it ik
Forpr, BT Z 4 RMER 9 7 15 AL 45 f-CLSWGAN (fea-
ture generating networks for 7ZSL) (Xian &%, 2018) Hil
CADAVAE (cross and distribution aligned VAE)
(Schonfeld 55, 2019) , 3f-11% 1 3. 3 715 1 A B0E

BT =4k 5 00 DA =4 S s o A TR BN =
FEAESE I, $E 1 56 B A3 AT 55, 046 Cheraghian 48 )
#J ZSLPC (Cheraghian 55 , 2019) . MHPC ( Cheraghian
4 ,2019) . CGRL (Hao 4§ , 2023) 5 VAE-GAN3D
(Abdulla 55,2024 ) ; 5 T =4 Z W0 K 1 67 2%
= YRR AL B R 2 L FRAE 25 AT R S
YE , B4 & PointCLIP (Zhang &E 2022) . PointCLIPv2
(Zhu % ,2023) . ZS3D-Net ( 1 %5, 2022) il DFG-
ZS3D (TG a4 ,2024) .

A ) X BE 2 2 HAH ) R AEAS R AR b 5K
625 WA DL & B AE LA ModelNetd0 Sl Zr /), R
FH ModelNet10(MN10) 7 242 B B {4 1 ff R A0 A,
K McGill(MG14) 1 Shrec2015(SH15) Sy it 4E It
HERfRAAR, REA W R, L — R AR
2] AT R A A I 28 RN 0 i N R 2 A X
DRI T AL B0t AR R A G e 55, H R I 25
4R ModelNet40 3= 40 45 NI P = 2 5 AU, 17 0 3 42
McGill #1 Sherc2015 X i Wil P4 = 2 AR | daf 1] 2
KEE KRB

I 1y X L 2 AR RIS TR 2 0 4 2
WERG R AT LA I . 1) JF 4k EZ 1Y -CLSWGAN |
CADA-VAE 51 ] =4 55 2 9 ZSLPC M BEAH 24, K
JERAR o 322 PR 3T RGN 5 0 = 4R R SR AE
A8 7155, LT SR A 7 sz AR ) 32T
T i) SRR ) TR IR R A RO 5 2) A S ik
CCG-Net £F ModelNet10 . McGill 11 Shrec2015 = >l
R LU T 57. 8%, 19. 9% il 12. 2% A4 HEHf
LR 1, Ham i oA 2 . X & i CCG-Net
HREGHE T Bz Atk 2 Wil 25 W 4% CLIP i — 4
IR IR T = e R G 42 S (5 8., T B — 4 St
PE R = 2 PR R A A S BN, PR O T A
R tkng.

3.5 7EScanObjectNN ##E LR KIG 3Tk 5547

R B R A AT AF B, IR PR R A S CCG-Net 1
AL s R Rz AR R B, TN A ScanObjectNN (4
LHATXT I, R 3 PR . EHEIE T CLIP 1Y Point-
CLIP (Zhang 4% ,2022) 5 PointCLIPv2(Zhu %5 ,2023)
DA B 3 F R 4R 5 2 19 CGRL(Hao %5 ,2023) 5 VAE-
GAN3D (Abdulla %5, 2024) fE A xf e ik, Horp, 3k
T CLIP /) 77 ¥ R 4l 90 6 4 A5 25 19 AS 8] 343
ResNet50 5 ViT-B/16 (vision transformer base patch
16) Wi, JEFJFAR 25 25 I 7 IR B PR A5 F 0 2N I
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Table 2 Comparison experiment on Cheraghian’s dataset

AR HERA R Ace/%

FIEE K WIREA
MN10 MG14 SH15
— f-CLSWGAN(Xian %,2018) 20.7 10.2 5.2
Elf5 CADAVAE(Schonfeld 5,2019) 23 10.7 6.2
ZSLPC(Cheraghian % ,2019) 23 10.7 5.2
=4 MHPC( Cheraghian % ,2019) 33.9 12.5 6.2
NE CGRL(Hao%%,2023) 35.3 19.9 X
VAE-GAN3D(Abdulla%5,2024) 37.4 X X
PointCLIP(Zhang 5% ,2022) 30.2 X X
e Z33D-Net( |1 55,2022) 30 15.1 6.7
EZ PointCLIPv2(Zhu % ,2023) 35 X X
I DFG-ZS3D (YA f 4¢,2024) 31.9 16.6 9.9
CCG-Net(A23X) 57.8 19.9 12.2

E IR R R TR IR SR AL LA R X R I

U = AERLE i , 7331 /2 PointNet Fl PointConv
1o ) X L3R 3 T 45 s S AR R T LUK B, i
TE AT S NS A BE 42 OBI_ONLY MEFE e 1%, 45 51
TR 5 15 5050 OB _BG M2 i i 3 i
(1 PB_T50_RS MERE ALK , £ iR A S A ]
1) LI T CLIP 1773 & B, 1 ResNet50
Y J 58 i i ], PointCLIP 55 PointCLIPv2 HUi5 T
ARG E . % &%) PointCLIP 5 PointCLIPv2 LAY
ANET A SV BORIPERE S8 2 HOR CLIP [ SHRE ), 2%
TR AL B8 Gt i 48 o R i T BE SR %) ViT-B/16 Fs
8%, T At asie 1 it NSO RY  BUs 1 1

RESRTT , (AT SRIZAR T ] ResNet50 ) CCG-Net.
HE—25%F e PointCLIP 55 PointCLIPv2, 1J LR
3| PointCLIPv2 &t X 4% 52 5853 1 ek I AN s & T
Bods g o AE ) 20k RO B 5 00 AR A A AR
PB_T50_RS i}, T e i A F 1L 5t 2t A 4% ( ResNet50
5, ViT-B/16) , #F R I0HE AN ) R B ML AR R BRI 00 o
S5E TR S s TR, CCG-Net 5L T
HAFRBOR , VAE-GAN USSR L. CGRL 2K 1] ] &
VE R % Bh A5 B, VAE-GAN3D $2 H e B 5 B, 4l
B 5 BB AT X 4575, 1 CCG-Net 25 F CLIP #5
BTN LRI 4%, FerR B REAA5 B 7).

%3 7EScanObjectNN ##F& T Lk 318

Table 3 Comparison experiment on ScanObjectNN dataset

/%

Jrik TGS f OBJ_ONLY OBJ_BG PB_T50_RS
ResNet50 10.5 6.8 7.3
PointCLIP(2022)
ViT-B/16 15.2 12.7 15.4
ResNet50 9.8 7.2 7.1
PointCLIPv2(2023)
ViT-B/16 18.9 15.1 114
CGRL(2023) PointNet 14.0 x X
VAE-GAN3D(2024) PointConv 26.7 X X
CCG-Net(A&30) ResNet50 32.4 28.9 19.3

T L R RIZ TR B R A5 S B AL RS SR xR TR
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3.6 HEFHEXILL

W5 4 PR, A% CCG-Net 5 i) £ 56 F CLIP
(1) W5 4~ J7 5 PointCLIP (Zhang %5 , 2022) 5 Point-
CLIPv2(Zhu 4%, 2023) fE 358 T8 _EUEAT XS L, X B
8 bR 55 T 11 5 18 GFLOPs (gigabyte floating point
operations) 5§ 2 #( ig Params., H T PointCLIP 5
PointCLIPv2 Pi/>75 i EL4% AT CLIP A5 84 5¢ ji 73 26
55, T AR B IR A ) o 28 00 288 A e, DLt T 2 31
TP HS IR T CLIP St H B i1 HE oK, BIER ]
AR ) i, H T8 — 2. M, ik 4 Fos
ARG PRI 7 15 5 IR AE N PointCLIP/AV2 5 [R5
& CLIP 4w A% 2%t L 58 g B9 4% (vision encoder, VE)
5B L 44§ (semantic encoder, SE) BIHR2H AL, R
T AT B AN L oA, 2R b A TR T
Oy BT EIT B A S H R . TR SE g A A% R O, L
ResNet50 M3, AT I UG L3

R4 HEFHIILE

Table 4 Comparison of computational costs

GFLOPs Params/M
J7id
VE SE VE SE
PointCLIP/v2
12.75 5.96 38.72 63.69
w/ResNet50
PointCLIP/v2 1 1
3513 5.59 86.19 63.43
w/ViT-B/16 (+176%) (+123%)
14.39 50.43
CCG-Ne —= 22 63.69
et(AR30) (+13%) (+30%)

5 R B T B 008§ L3 A0 58
RIS ORI B B

SRR 4 BT R TSR R A T AR 1) 18 Y
TR IR s BN . R 4D ICI R AT
LT W SRS R I E B IR A R R NI AR M5 2)
PointCLIP/v2 M B i 4 T4 i 5 85 58 K 9 40 0 2 )
fr o A AR 3L, i VIT-B/16 4 A A% HUAR
ResNet50 fE % {ifi PointCLIP/v2 15 2 14 RE 42 TF , SR 1fij
ViT-B/16 Zi 5% 1Y) GFLOPs 5 Params ¥ 35 JF 54 43 51
J& ResNet50 [ 2. 76 55 2. 23 4% ;3) CCG-Net H 3
BN B TR B T B R T . T
{4 FH ResNet50 ¥ 5 4 i % 1) PointCLIP/v2 , CCG-Net
i) GFLOPs 5 Params W 31 JF 45 H #5m T 13% Al
30%, BT VIT-B/16 (A P4 . 45/ R 31

S 45 A, CCG-Net 38 12 18 i1 ] 27 o) B e 5 =
A JNH AL CLIP LSS RHIE , RESE 72O A D iy 1t
IR O RTEE T BUS B m  ERE R T
3.7 HBL3RIE

TH Rl S5, BEHL Cheraghian 2048 4 1 19 Mod-
elNet10 V5 A AR | X AS [R] 42 Ja 9 1 it T CCG-
Net I /N [RIASER A 38R HEA 706 AT
3.7. 1 AN[] 4 Jay IR L BORT I 46 11 s i 5 43 B

AR — B 24 SR SROGT [R]— A — 2 A5 A [ e 3
T2 WA EAE A RIANF M 2R E . B3R
TORIRIVE B 4 R A X A 28 25 SR s . R 3
ATRLE 1, 1) Y 2 R 0 B 1, 40 25k B
43. 3%, AHXT A o 32 PR R R — 1 4 SR A 1L TS 1k
P AL — SO A, B2 1) X 45 X = G A AR 5 e
TERFEI; 2) 2 4 R L L B30 DA 1 35 #1) 2 5% 4 B,
R RUER AR BN, 7 50 57. 8% 1 56. 6%, iX
FREETHRE R B B 2 42 Jay IR R 78 1 = 2, ok
H S — B0 5 R 2 — S0k id 200 s — B 2
SR L4 A0 PR ] 0 58 L, S B B &2 = AR R A
PEITR] %) S B G 2R 5 A28 — B2y o] DLk 2% ) B
b, AT AR TR R 25 R LR Az A . 3) Mtk —2
B4 JR A0 B 26 R o S E R R R
37. 4% 4= Jay A0 PR B0 A 12 15, 0 S o R AR
21. 9%, VERERRARAY R BRI R 21 4R R &
Az WU 22 0 A SR RRAE , RO I 00 B a5 Rl B
2R A AN TG o, B 55 = AR AR TR i L 400 P e —
ST, P28 2 e R R TUAR I DI RE , R TTAR IR B
VE R4 JRy A, AN TR 285 ) 7 0 AR RS e A5 2104 3%
FIFE (20 SR I A9 = AR A o R A1

RS A SRR A M PR E A B
S JRy L et AN RO T (R R, A
) 28 S BT X BT AT AR TR 22 ) S0 O 2R 11 249 S e
M —E P20, 3 ELX A2y shi e LA —Fl B 12 Ak i
(197 258 A CRP S 5 [ 28 — B 2000 | s 1)
46 8 DA HAS X AR AR B BE T 5 i 2 10 4 R A A
S5l ARBIURTE B AR £ 2 — 400 &1 5F
TEJE W 4005 25 R PERE o AP IR B B T, AR
SCSE G A R A B 2
3.7.2  AN[AIRSEHR T R 4% 55 0 -5 AT

ARSI S TEXF H CCG-Net 4% 155 Bt 9 44 P B 1Y)
SO o Ry T ARIEXS FE 25 P SR T ResNet50 £ B4
LRI AR R AE , 108 FH 187 509 [ classname 1VE K18 X
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Fig. 3 Ablation on different number of global views

Heon, e L B Rl B A A PointCLIPV2 1F Jfy FLhili ) 4%
(baseline) o Fifi J7 R FH MVCNN i1 Il 5 5 W, figt B
CLIP ZHUAY [E 5 , ff FH = 445 0 B 4 X FL b A 76
i (fine tune, FT) . 4% TR —B 2y 0R, §2
B 4y A P R AE X CLIP #F 47 38 £ (view consis-
tency, VC) , BURTT R CLIP S8 AT 0 ; 15 i
SEAMA D — Bt 29 0 =4 B R B o ) 2%
(mask consistency, MC) Pk J [f] 28— S0Pk 2 SR 0 2%
PR 2 (homo consistency, HC) #E17IH Rl X EE . CCG-
Net A [RIASEHR A T il S5 36 45 SR AN 4 B s

HT &L 4 B9 il S 30 45 R AT LIS B LU R 45980 1)
Sl B AR A = AERAVEE A EI Sk CLIP DA H 2
AT HOM (FT) , P28 19 73 2 PR REFEAIR 17 23. 4%,
XS PR A T 2 I 2% v ) — 2 1R Bt o )1 et AR 1Y
e HE R B T 5 6, B IN A P BB A SO R LA S AR
W £ 27 ] 31| CLIP IR FE 8 R B Z AL PR BE , 5 e W] sF ~J
15 1Y =4 MR AR A AR YN SR B 2800 |, T BUE
M AE E R PERBREAR . 2) i A0 I — S0t 29 o
(VC) , MEZE I 43 PR RESR T T 8. 3%, X RWRH]
42 JRyFRAE B 26 CLIP i 3 40 1 4 FE 2R A7 e ik 3
HIAT L5 Al 422 G0 1 Tl s, ST 0 D0 2 7 DR A5 — 4
FARAYHT SR T X =R BRI, [ AR
TR T PR A AT e G R PR AR AR 1Y
4 Jry L PR AT S B, S Bl TR Z R
TORFETHM R HZALRE o 3)HE— M AERS— 2
PEZJH(MC) , F B8 CLIP fir$i i iy xoF bt 2 (A B
JRPER XS LU ), 28 PR REAS 21 i — D P iy, gk

Bl 26 HH LK IR 20. 1% X — SRR IITERERD —
BRI T R, AR O R AE 2 5 ) 26w LABE
L M A P2 AL 1R =2 ] A SR, i s o = ZEASE 7Y 22 40 ]
FAE AR AP PR, SO BB PR PR R AR AE , 1
PE= RO R FREA 2] o 4) 2R ] )2 — Bk
2K (HC) AR CLIP JIr 2 9 5% o Fe 4B 2k i, 743 2]
A% SC T AR #E 1Y) 9 4% CCG-Net, I Bt BUAS 55 i A B2
57. 8%, Wk WA AR T (9 22 2 A F T 4% 2 ARk
Tt

60

50

40

Acc/%

Baseline:35.0

30 +
20 +
10 E 11|.6 1 1 1
CLIP CLIP CLIP CLIP
+FT +VC +VC +VC
+MC +MC
+HC

K4 CCG-Net A[RIEHR B9 TH LS K
Fig. 4 Ablation of different modules of CCG-Net

3.8 AIMERESR

A5 fiff VRV P X CCG-Net (194825 45 AT
AREAR 7, I X B B B CLIP 2 800 O ik
(CLIP + FT) . %k ¥ 4 % B 2S3D 045 % 5 Cher-
aghian 45 48 , Ho b J5 4 R ] ModelNet10 5 McGill
VERIREE . AT R ZE SR an &l S s .

N EPORE o £l iz W N i €7 i sl A
PANLEER . %7 F CLIP + FT 4 J5 15 , 028 50485 7] K5
SYERIAER Ay R — RS . 7E ZS3D B s 4R
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