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Abstract: Objective 3D model classification is a fundamental problem in the fields of computer graphics and computer
vision, with wide-ranging applications in areas such as computer-aided design, mixed reality, autonomous driving, and
robotic navigation. The challenges associated with 3D model classification primarily arise from three key aspects: the diffi-
culty in representing 3D surface geometric features, the diversity of 3D transformations and deformations, and the incom-
pleteness of geometric and topological structures. Existing multi-view-based 3D model classification methods typically ren-
der 3D models from multiple preset viewpoints and input all rendered views into a neural network for classification. How-
ever, due to the presence of redundant and ineffective views, not all views contribute equally to the classification task.
Selecting views that substantially enhance classification performance can not only improve the overall accuracy of multi-
view 3D model classification but also help identify representative views that effectively capture the essential characteristics
of the 3D model. Method This paper proposes a Transformer attention-guided approach for optimal view selection and clas-
sification of 3D models. The 3D model is first rendered from 20 viewpoints arranged on a regular icosahedron. A convolu-
tional neural network is then employed to extract feature information from these multiple views, producing a sequence of
local multi-view feature tokens. Aiming to retain spatial location information, position encoding is applied to the token
sequence. Next, a learnable global classification token is introduced and concatenated with the multi-view feature tokens,
forming the input to a Transformer encoder that performs global view feature fusion and generates an initial global classifica-
tion feature. Subsequently, the optimal view selection module calculates the contribution of each view to the initial global
classification token using the attention score matrix from the feature fusion process. The highest-scoring views are selected
as the optimal views. These optimal view feature tokens are then concatenated with the initial global classification token
and input into the Transformer encoder for a second round of feature fusion, producing the final global classification token.
This final token is passed through a classifier to generate the classification probabilities and simultaneously output the
selected optimal views. Aiming to enhance generalization during training, the model incorporates random view dropping
and contrastive learning strategies. Result This study experiments on the ModelNet40 dataset, which comprises 40 object
categories. The dataset is suitable for research in 3D object recognition and is widely used for benchmarking algorithm per-
formance. Evaluation metrics include overall accuracy (OA), average accuracy (AA), and speed. OA measures classifi-
cation accuracy across the entire dataset, while AA calculates the mean accuracy across all categories, addressing issues
related to class imbalance. The dataset, created by Stanford University, is widely used for performance evaluation of algo-
rithms. First, the Transformer-based multi-view selection and 3D model classification method proposed in this paper are
compared with other state-of-the-art deep learning-based 3D model classification methods to validate its effectiveness. Sub-
sequently, ablation experiments are conducted to analyze the impact of different parameter settings on the performance of
the proposed method, including multi-view representation, feature extraction backbone, Transformer hidden layer dimen-
sion, number of attention heads, contrastive learning strategy, and random view dropout module. On the ModelNet40
benchmark dataset, the proposed method achieves an overall recognition accuracy of 97. 61% and an average recognition
accuracy of 96.36%. In addition to reaching state-of-the-art classification performance, the optimal views selected based
on the Transformer attention score matrix are shown to be highly representative. Conclusion The proposed method lever-
ages the Transformer architecture to perform feature fusion across different views. By employing mechanisms such as self-
attention, residual connections, and multi-layer stacking, the Transformer effectively learns complex features and captures
global contextual relationships among different views. Furthermore, the attention score matrix generated by the Transformer
serves as a basis for optimal view selection, enabling efficient classification while identifying the most representative views.

Key words: 3D model classification; Transformer; optimal view selection; contrastive learning; multi-view learning



$30% /FE 128 /2025 £12 B

FR#ASR, HIIP, ERH, FiE, =&
Transformer i FE 15| SN =4 BB SRUNBEREES S KT *®

0 35l

T

YRR SR T R NIRRT S LA B 4t
Sl By — S A ) R, IV R T AR T
PLA BB GRS BLSE TN 3 DL R HLAs NS
o SHYERIRL PR A PR TR IR T LU LA T
i« = ZERT LA R AEXE LR AE | = 48 5 FIE A2 1Y)
ZHEPE UM IR MAS A 1A SE 355

T ey = AEBE R 73 207 1Al 0 T T80 e
fiE, A R 5 5 P (Ankerst 55, 1999) B 18 4l if T
(Kazhdan %5 , 2003) fll = 4 SURF (speeded up robust
features ) (Knopp 55, 2010) 4, #& J5 45 & FE THLAR 2
A4S WS ) %m(suppor’[ vector machine,
SVM) (Cortes il Vapnik, 1995) | Ffi #L £ # ( Breiman ,
2001) SEAR LN = HERAI R 7326 0 T E X
FRAER IR RE I AR Z FORZALRE I AN 2, ik
T3 A8 A3 LA B B T B AR A AR R A SR BR
PEo G TR 2 TE HARTR & 5 MG A AR Y R
R T IR 2 2 1 = 4R 73 Tk ok
W ARG =4 A T XA TR], AT ORI A3
3R IETRRINE FET R IrEMET 20
K751

I F R 1Y J5 7 (Maturana F1 Scherer, 2015 ; Qi
4% ,2016; Zanuttigh 1 Minto, 2017 )i AR b H AN
S YEXF G N 18 RN B IARR ER  ad R AR
A TR 22 19 28 2 IR 2R 7R IR JZ e AR DL E A7 73
Jo RERE R R LIS = e - BT
PG (B =B A R R 32 IR TR AY
OIPER SR TR YRR B R AR T ] I — 4
BRI A PURA R 2 2 AT

T EH =97 (Qi 55, 2017 ; Zhang %5, 2020
Yang 55,2023 ) 7E = 4ERBALRAE T (1 5l 25 A A |
KIS B 4wl DR B T — R8s 1Y R A R . SR
BEX R — A, ol TR B A R 7 A TR
AHHY S B T REAFTEAR R 22 57, j o B A7
FEAEM g AR AP LU SRS 1) T P S 1) L i
o AR B AR I i B L 2 R, 2 T R B
ik ) = 4RI 73 JOR E A T Tk — PR R

BT Z AR B = eI 53 28 05 sl 2k N
JETE g = AERIRL A i AR R, LUR ] 4 [R50
MEFEAT =R 50038 . M T =2 AR %R

IR = HE RN T 2K B 23 2807 A R L
5T R LA IR A 8 P45 K8k 12 T 208 5 o 22 0
2%, [m) i i R Al 7 EIAR U 55 vh i 1 S itk
28 B K, 4l ResNet (residual neural network ) (Huang
5 2013) . VGG (Visual Geometry Group) (Simonyan
Fl Zisserman, 2015) DA S DenseNet (densely con-
nected convolutional network ) (Huang %5 , 2017) 55 .
T BRI T 2 R Y = AR R 532 07 T
KR FAAEIE TR AR S 2R 0 28751 .

TESET Z AR 1 = e 3 26058, Su 55 A
(2015) AR A4 th 5L T 2 181 46 FUR 28 9 2% (mullti-
view convolutional neural network , MVCNN ) i) = 4
AU 2T B 2638 1 4 B A 28 W 4% (convolutional
neural network , CNN)ZR153 554> Jmy A8 AL B RRAE L SR =
T FH A0 2 2R 5 SR BB AR AIE LAAS 3 42 )R 23 S RRAIE , A
Jeb Hak A 2R A S S SRR 02 i IR
JE 2 SRR B RAERE ) % 5 1Y 4 R PR REAH 1L T
BT P TRER P 2RITEA T REFRTT T2
PRETHY = HERERL 73 R4S 1T 2 O HF 98 A
SRR RS 5 LR AR SR B4R 2 Rh it
Ttk

Feng 45 A\ (2018) 42t 20 WL B 28, il i 22
SRR 5320, HEAT 2 PN A P A0 s e R 2L ) e A
G, BeRE A A IR B = A 2 /{5 B . Han
SN (2019)4 = ZERIR 1) Z2 AL RH% P 91 E g A
#| CNN i 3 73 2 1 ) R A A G T E
PREIRHE 3850 TSR — 4R B f# . Lin A
(2021) K 102 Z I B SCHERY ik, H &
7 H 3R AL E I (8 FH KMeans X 90 & AR AE 32617
KA IR E 0] K 012 M 2% (bidirectional
long short-term memory, Bi-LSTM) #1724 [a] 1L /] 45
fERLE o Wang %5 A (2022b) $2 i1 —Fi i T 2 0L mi
BV =4 5 = 0328071k R E R 1 B R
i, 7 A KH v SR M AR AT ORI E R DL
AL R IETE M A R P (5 R BRI, R
AN (2025) 48— Ff - 22 UL P — Btk S5 EAME R
() = HERTRL 328 ) vk Jl 3 5 A AT A ) B SR AR
LRI R, AT T 2 KA B RS A v
Bt BRI R BB G R ) TR
D) 4% sz BRI T ARITARRAIE 79 DX 3 1 R BRI i
PR RAE A Rl G RIOCR i — 203 T 140 2R ke

T AR, W 5E RS MR F AR TR AL B Y

3929



3930

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 12,Dec. 2025

Transformer ( Vaswani & , 2023 ) i/ F 240 54T 55 (]
HAR A 52 T, 2023) RIS T HE KRR fE=
A 432 rh  WF 98N BRI H Transformer H Y [ 1
BEHLE, LA 2 WS B Rl A o Chen 58 A
(2021) 2 T A [Rl B P e 2 1) (947 L TC R3S B Y
[A] 80, %3t 7 MVT (multi-view Transformer) P 28 &
B, E SR RS B BE AT o3 BT R e AR
Transformer 1175 2 45 > SRR, SR 5 4 i A B i)
FENERE A 42 J5) Transformer H DLF 25 5 400 1] ) e 5 e
Z IR A DG o Li 55 A (2023) 76 R FH CNN 2 3%
L 22 ROBE AR AE T kAT R G i
Transformer il G A [A] 40 & A RAAE , 5047 Hb AT 4R 1A
[F] R0 ] 2 1] B R AH DG HE | 75 ModelNetdO 5 1540
B 1L IRE T 95. 4% Moy FEHERT %

R 1428 A (2023) (19 77 1 3£ T Transformer 52
BT ML R RS, SR T HAT SR A A — S8 R BR
58 T A A A Y J7 2R G £ 3 Trans-
former fill 75 Ji (40 U RRAE | AN AT s 0 b 25 75| 2 Je) 3
FRIEAR Y 2K s HR, Transformer 7E4FME 5 11
A AR A A A AL AT RS, AN kA
b 2% 32 B TCA A ICRC P B W 75 T8, DI 52 1 53
FKtkng. PR b, B LEIXT T 4028 B AR 9RO
ANHRTR]L, Gn SR g i 18 45 64328 H bR BTk B K A
AT REBE 4 2 3 T 22 A L ) = 4R AL S Mk BE
M HAE S HE HERAE = BRI AR R MR A

BEXFLA b [0] 8, A SCH Y — B T Transformer
M =R R R B S e r ik . BB TE
Transformer #4790 B RFAE Rl 19 o A5 vp L SR I AT 2%
242 R it AR FRAE = AERER Y 23 (B AU LTS
BT AR R T 2%, REAE A R R S R 1Y
EO o HIWRTE Transformer 2 )2 HES YL FE LU
— JERYAT 3 HE R A A Rt B U RE A, I
DE AL LR R] 27 > (1 42 Jmy o3 et A HEA TR A 3K
b G Y TR R TSRO I 0 W 75 TR, 3 11 A e
PR T AH LG T ik 15 20 A P R B A 3 2R 7 ik
OVPT (optimal view prediction Transformer) (Wang
45,2022a) W EA RN, FoT , RABEHLE LA
TR 55 0T L2 > LASE A (1) 2 S e RE i — 2042
R AL I AT BE

TE ModelNet40 FEMEE IG5 1 £ 4 LA 01
OUT AR S5 2 A RUIDHS B A1 2 R30S 2 43 531
H97. 61% F196. 36% , TEIK T Seift /3 I K1 [l

FF Transformer {1 55 J115 40 HE RS 46 0 1) e DL AL &L
R RAEE , N i 2 = R ) R 7 RN M F 4L
T FE

1 KXk

AR —Fh Transformer {325 15 | 5 9 e LA
FIERE S 03 8050 o AT R e B Ry i A A
WA G 5 A B, SR 5 A IN TR IR A
A BER T BT 5 950
1.1 77iEstd

AR SCHRE H —Fh Transformer (£ 72 /15 5 49 = 445
B S L T e 48 5 40 2R 07 %, b 48 (9 45 45 44 4
B 1R, FEa S 2RI RH RS US4 Ja 240
EIFRFIE RS R e O B B i L 2 A0 R R
TR B DL K o Aot

AR SCBI TSk BAR TAE AR AT -

T8 W SRR E A AR Y 20 4> B
A PEATIE G, A 1T CNN $2 5025 40 181 1 Jay B AP AIE , 74
i — AR AE Token, I AL B 2 % LA fR B 25
{5 R . HifE, 5l A—A0] 2% ) 14 R 7398 Token,
Fol H 5 F R A E Token PF 4% J5 i A Transformer Zi
s, LA R R Rl 5 AR W) 2 0 2K 3R0R

PR b, S D0 PR P e P B AR A ol 15 i 72
TR TE R A5 50, VPN 2 MDA 5326 Token B TTHR
AT 0 3 H SRR T 3 2 vy BT R AL 1 )RR A
Token 5 %] 7125 Token — [8] FF- ¥ i A Transformer,
PRBE RS )2 R RN, AT = 4B 732
g

WA, PR TRz AL RE T, A SCHE I i e
5T IR < 1) BB 2 5550 5 IR AR T
B 5 2) 2R T b 2 2] LU 5if [R] R AR A ] 1) 2R —
ok
1.2 PEHHEREER

T AR AR ITE Z2 A T 191 SURRE
T S NS B A v e AL 45, IF R HITE Tma-
geNet H0H5 5 I 25 19 DenseNet W 4% (Huang 55 ,
2017) XML IRV = {0, -y 0 oo 0y ) IEAT 45 AIE 2
B, 13 2R AR 7 90 X ={x,, -, %, oo, 2y ), H 1
x; € RPRRE v, BFFE 0] 5, D W FFIELEE

P8 CRFAEFF 90 FiE A — 1> 7T 2 2] 19 42 )R 43 26
Token, i x,,,., x.... € R"*", H T 5 & 48



$30% /FE 128 /2025 £12 B

BR#AR, EZIE, ERH, KiE, =&
Transformer i FE 15| SN =4 BB SRUNBEREES S KT *®

LR ZVEIRERL R SRR S UL IE L AR

LI AR

e
R T |

\

o g e
| .- E
T’- % 5 R —
| 2 E D ORELp
& [ | ;3 m|
(=]
=] = ! .
= = ! :
& DEJ 1 xbox[J
(=)
®

IR

#1]2E ) ()42 84325 Token

1 1 ' 1
D L ;

BT Transformer 1138 11515 B9 = AERERY SR L WL P e 4% 5 532 05 1 0 2% S Ay

Fig. 1 Network architecture of Transformer attention-guided method for optimal view selection and classification of 3D models

4R E B o A1, S R B A 00 1 ) 25 TR G &%
FIATT 2 2] (L B iR A K, o SR i 5 =
] Ao & A5 B A7y 28 R on B9 006 d A R E X,
X, e RV 0P B
Xo = ®as 2o 2y |+ B, (D)
1.3 =S ERIERSER
AR SR P A B 22 X 48 0 224 0L i e PRl A 7
REAE SRR, 75 340 5 A [R) £ 25 ) 5 40 45 2 Y JR) &
FRIER R o T B — ML T & A5 8 B A R R
PR MELL S e = eI 50, RIS 2 2 A
(R R AE R, DA TR AR TEUN R B
TS 2 I EE B A R A AR SCR M
Transformer /F A F#AE Fl G A H , W& 2 FroR o i
YL LA Transformer 4 i 5 4544 420 , R £ 3k H
= JIHLH (multi-head self-attention, MSA ) 3 5 455 fiF
8] (%) S B, [A] B 4% 4 )2 13— 4k (layer normalization,
LN) f1 £ )2 8L (multilayer perceptron, MLP) 2545
VESE BB JZ 10 SCHEE . 451 AUV ATE 2 L]
Z VST B Y R SCHR AR, DA 4 T A £ =
AR Y LT HFAIE
TERG R, B S B AL IR Y Ja B AR AR
51 X, i A Transformer gm i #% , #E47H—fL b B, B
9]
X!, =LN(X,) (2)
SRIG B — AR5 P RRE S A 223k B I
Je, R B BGE DU A R AL Z B ) G &

HAA

KT
MSA (XO’ ) = .fancmion (Q» Kv V) = f;ofimax ( Q

I

W

(3)
A, Q KAV 7351127 th iy AR X BRGHA5 2 /Y
i) AU, d, A BT Sk R A 4EE
F23 AR ) R AR i 5k 25 AT drop-
out #AE, 5 IE G A B I, A2 R R AE R, H
(L]
X{ = fowpon (MSA (X()) + X, (4)

X

1

b

¥ DI

K2 Transformer Zitit a8 2454

Fig. 2 Structure of the Transformer encoder layer



3932

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 12,Dec. 2025

N T IESRARZME IR RE Ty, HE T ORI MLP 5
Hoxh & 5 B RHE JE— 2B WU, [ 5 1A dropout Al
B 22 B AL, AR U A 1Y JR AR Al SRR AE X, B
9]

X = fapon (MLP(LN(X]))) + X| (5)

FEA Transformer Zi i 4 H 2 )2 HE S 4%, B —
JEHER Eidife. MTHIZU =2, L), HH
it

X! = frupou (MSA(LN (X, 1)) + X, _, (6)
X, = frupou (MLP(LN (X[))) + X/ (7)

i 1 £ )2 HE S W) Transformer 25 ¥4, BRI BEWE A
RO G AN TR LI Z 18] 45 5L, JF 1S 5 42 SR RRIE R
MR RE ), N J5 SR e L P S 3 AR 4 03 R A1
SCHfo
1.4 SMAENEFER

AR TR T B S A P PR A f
FE FE e R AT R B RE ) R OCHERLIET . BAATT
T, AT RS T 5 R 42 R 432 Token 5 45 AL
Token 2 [8] A 3 ) 7341 9G35, AT J3E 4>

Layer 2
01234567 891011121314151617181920
0
1
2
3
4
5
6
7
8
§9
%10
=11

Tokens

PR i AR 3 2 T A8 TR
RS RHEF I X, = [2)5 %), 27, -, %) | P, xR
IR JR) 73 9E Token, 1M1, (i = 1) /R 55 L B 1
BIHRTE Token, AT Transformer JR 15 es i £ 2 S
AL, B 25 MAS RT3k, e 207 4 R
Hh, T IR IR — R A Sk Y T e, T2
Token Z [A] A A XS G TR B
X L2 AR RN AT B 1533 5B e, BAK R
a,=a,a;,--,a)], le{l, - L)} (8)
A, a R E LRSS (SR B 8 0 1, A
TRZEHE R
a;=la’ a,a;, -, a;],ie{l,--,M) (9)
K, a) MEE Token X 42 J7) 432 Token I 153
B, al MBS Token XF 55 1440 E Token 171 2
Jir g g, AR HE . B3 45 T8 TR—1k
()2 2 F1)2 LIS S R R 0 o FERERY S iF TR B
> Token X5 i 4~ Token PV B 1AL, [R]HE, J7E B4 1)
%5 j 5 R 7R 5§ Token X £ > Token B 1 & 5
R,

Layer 1
01234567 8091011121314151617181920

O O 0NN R LN = O

okens
—

=11

Tokens

3 Transformer £33 B4R 51 (R B B0 20)

Fig. 3 Example of Transformer score matrix (views: 20)

TE Transformer 22 J2 i & o # v, 7 2 2 0y A
(%) Token (RF X, ) B 13 38 7 72 A4 #ony i A, % 4 —
ANk 1, 366 UH b i A 2 B T A 53 R AR R, B
133805k i b X, %t FA A X, A Token AL , 1T
Wy

(10)

T = ll:[lai

PLIE 3 R 8], 4500 Layer 1 9 (4 £1HE XS R 951 hy
Token O X} JJi A Token [543, 22 Layer 2 H () 2T HE
X B4 2 55 2 YR AR, At 9T 45 Token X Token



$30% /FE 128 /2025 £12 B

BRFASR, HINIH, ERE, BKiE, =5
Transformeri¥FE 5| S Z 4 E SR NBEERFESHEF*

097543 . Layer 2 fl Layer 1 AT, 22 M 2T HE (47)
HY T ER LA IIZEHE (371) 0 R 2 T 2 ARSI A
o, 45 5 h Token 0 &332 AR 5 M A X, P
Token 0 R RIFEE I -

223 anX (10) Fros AR50 H B 2 AR S L al,,
FERE AR 1 Sk i i A X g 1 X, Z R R T 8
BUG R o SARHE M (Y 53 (BB, W81 5 X6 L (1Y)
B A Token X 4755 7 S i Token ) TTRRRITEAR o

i L0 5 O A7 X I AT 27 2) 42 JR) 43 JE 4% A Token
0, Token 1~N NAEIRHESTFH . W& 1 7R, Token 0
BT RS 05328 1 e, P55 017 B 191, 1543
S5 (RN R 8- o SR 0o Sk i 42 Ry 43 SARFAIE DTk e K
AR RS PUHGZAE R Sk i R el . B
wea 0121 (11)

XEF MA S RN (1D BB 3K TE e, P
e RAE 0 55, A 1 B o WL I & 51 9 3, B
[0, 0,5 -5 041
1.5 =AMERERSER

TE 58 R DL R 6 05, AR A5 S 408 S O 4L B
IR 5], N b — 2 RRE P 51 X, H B SBORH vz 7 40
FHRFE Token , I 5 42 Ja) 73 28 Token Pf 4 , 44 5O 1Y
AT, Fm R

Xp=xys w0, 27" ] (12)
Fav sl ,x?ﬂ‘jé%ﬁ\% Token, «' S A Bk 30k TR A A
MRFIE R 2L M A IRALAL A

ZIT B B S 8% 3% A 55— Transformer 25 2%
AT I DR ERE & o Zg AL s TR H
HERES () MK (7)—F ., & ZEmE5E,
ARG 5 REF S X, H)

Xy =[aps ap, 27,0 27 ] (13)

TEIZREH AU A 07 2 Hh ) S L 2 5
4 il £ )2 Transformer B FE IR HE S, A RENH] 79T
AR AR BT L BT 3 64T 55 9 T4 . X R it 5
B AL A WG — 2D 8 0 TR AR A L AT B
THETH R AARBA Y 43SV RE
1.6 HFES AR

LRSS RIWT A X, S T A MEE
BGRB8 RN, JUHE Hod i 42 )5 70 2K Token 9,
HAE T A S e 1 v B TR (8 3R AE

TE 53 W B, AR 3% Token 1E Ry il A | 38 12
A AR S R S T 1) £ Y, BRI AR

Y :fiinﬂar(xg') (14)
1225 38 1 softmax PRECNT Y #6470 —fL AL HE | %y
H A2 Y T ME SR, ELACH

P(y|x) = fuma(¥) = (15)
S

A, CERAREANBE Y, R i RIS . B il
AR AR 3 e AR I 1Y 2R 5 | B Ry i = A fie
Ja By T2 5
1.7 FEHNEFMEZEIS3TLEES]

AR SCR T BEHLZ S0 R SR 5508 He 2 2] LBS fin
BB R 2 S X, ik — 2D 3R m B (2 AL PR BE

B B 2% 7 5K W 2 — ol IE 0 A R | 3 il
dropout 7E Y| 2k B v 22 55— 8B40 2200, LAJa/ VB
RS P22 TC IO . 32 BZE AR IR &, A
TE Rt B R T B ML 583 o ph & oehbh i R
Bl AL 25 57 00 L A SR, DA e — 20 7 IR SR L
BRI, 763 5 CNN 345 R 380 AR AR 7 51 X =
{®y, oo oy A RIS ASHEM S, RIXF VA
PRI B BL A= B Transformer A HERY , {45 i KA1
P XS 7 B HE R A2 A True , DT 3G ROBE IR 19 2% 2 MEE

Xt Hb 27 2 (contrastive learning ) 5 7E 18 & XJ H A
AR 2 [A] B A R 25 S ok 2 2T U8 A AR 3RS
AR SCR RS 2 2] i — 20 i A R A R BE ) o 38
FUIR a2 D O 7 i B T G i N B S B s
Token AU B /NE , 1 e 45 EL A 4 ) 286 91 1 4
Jay 732 Token AHAUME T KAk . R 1 Bl 1R 400 2% 4 A
A CRHABLEE /NP A TR) S AR AS ) BT 25, 5T B
o, A ALEE K T o I SAOREA A 23 DUk B %, BLAA
% HeAh 2% pREIOE

B
L. = ;2[ z 1 - Sim(x,, %)+

JYi =Y

i max ((Sim(x;,x;) - a),O)j| (16)

K1, BFIR batch size,x, filx, F/x Z80d L2 IH—4K 1Y)
FRAE A &, Sim (%, x; ) I %, Fl %, B AR
AR SO 28 SRR R L, FOXTE A 2 VR L,
LY ARAL . B K R EUE SCH
L=L,.(y.y)+ L., (%) (17)
KL L (ys y ) FETFRZS ' 15 SR y Z [A]HY
SESURHRR
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2 ZWERSHH

Sk B E T R O A R AR A
AT TSR T B e R B SR AN
HEN], SR 5 U6 S B0 1 B 5 IR S 8. BEJS R AR 3
J5 1k 5 2R Sk i = AR O R AT XS L, O
I — ZR G RS, 25 AT A5 B RRT 4 A
REAYSZ I
2.1 HIEENA

A SCHE ModelNet40 E4fa £ F 475555 . Model-
Net40 & — 172 FH T 3D YA TR 1) 45 4ek 1) Bk 9 4
5 40 IR X YRR TE S H W
MR R R RS 2RI AES
9 843 WA, R AEAL B 2 468 IR, i B
FH 35 [ B 3E AR R 2= e, )3z T = AR G
(IRIEST , SRt T — AN T PEAG 0 LA A TR 33k 1 g
(bR IESE I
2.2 M AEN

SRR BIAE B (overall accuracy, OA) CEXE 5
A5 £ (average accuracy , AA) Fl143 2 5 i & — 2 Y
SRS T R PERE DA HEI . P, OA 248 4
FAG AL AR FEA A T AR R, R AL I A 4y
FIFEARBCR AL SRR T b . OATTHRSY

0A =§x 100% (18)

Ko, PRI UEN 73 2K B AL E G, Z R SR =4k
BAVE R
AAE T 2200 0 AL 55 b FoR BRI A
3 R UER R A YA, T DL DA ] 26 531 22 ]
FEAE AP ), AA TS
AA, + AA, + -+ + AA,
C

U, AA, TR A rh RS 2850 1Y T 3, € 35
A .
2.3 IREERNMESY

SCHETE Ubuntu 20. 04. 4 JI2 55 %% b 47, CPU A
Z A Intel (R) Core (TM) i9-10900X, GPU % =
NVIDIA GeForce RTX 3090 (24 GB) , fifi JT] Python
3.9.18, PyTorch 2. 1. 1+cudal2. 1 it A 3 17 H % -
LR K/ (batchsize) 24 8, 1% 1 B 1E GPU A7 7L
VFBY ST AT SR AL AR BRARAR , DA 1T 42 I 252

AA = (19)

o FEINZRE B A Adam PEAL RS , W16 2 2] %
BEE T 0.000 1, H R BB REOR MG . 1257 2] %
WHSHE THET/EOVPT H I HERES B WE 4
7 B EAEAAT: 55 vh RE A5 o b V- 7 Wi Sk i
Silgrfae e B0 (epoch) 5 R 40, BEAITE %
N B 58 UL

2.4 5E#FERXL

B O AR SCHE Y B FE T Transformer [ = ZE A5 A
AR5 32875 10 5 HAb e ot i 26 TR L 27 )
() = YRR 5328 7 A ST R G, ASS TEAS SCOT R 1Y
AR . IX 27 75 L4 MVCNN (Su 4§, 2015) |
MHBN (multi-view harmonized bilinear network) (Yu
ZE 2018) .MVTN (multi-view Transformation network )
(Hamdi %5 ,2021) . RotationNet (Kanezaki %% ,2018) .
MVT(Chen %5,2021) #1OVPT,

AN ] = e 3 28 7 i 0 AR A B2 (OA)
FIRF- PR B (AA) IR 1R . 1T OVPT 5K
SO ETEYERE ERCOIEIT A SGE A S i — 2 4
AR 4 LA T B PERE i OVPT* |, DIEXT LY
I3HTe ATLAE A7 i) SR SIS BE (OA)
97.61%, AH % T MVCNN, MHBN . MVTN , Rotation-
Net. MVT. OVPT* #1 OVPT 4 %l #£ & 5.51%.
2.91%.4.11%.0.24%.0. 11% . 0.28% #1 0. 13%.
A ST 0 B BE (AA) 2 96. 74%, AR # T
MVCNN ., MHBN, MVTN FI RotationNet 43 51| $
6.36%.3. 35%.4. 16% F10. 52%, #I Lt T OVPT (6 4>

R1 FAR=ZHRBFEFTERBENL

Table 1 Accuracy comparison of different classification

methods for 3D model

FEETR EAEES 0A/% AA/%
MVCNN 12 92.10 90.00
MHBN 6 94.70 93.01
MVTN 12 93.50 92.20
RotationNet 20 97.37 95.84
MVT 20 97.50 -

OVPT* 4 97.33 96.07
OVPT 6 97.48 96.74
A 4 97.61 96.36

T L PR R 5 B R A R . T B P e SOV 4
P, RO EE RIS o
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PR 0. 38% , (R4 2R I 4 ALK, 5 OVPT* 5
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4 7R 1 A SC)7 A I 25 epoch IUHE AN, &
PRI BE N Ui B2 i A SA g i 2k 151, 151 4
(a)h epoch-OA 1ZE &l , K1 4(b) 4 epoch-AA 12 &

T 2PV 2% TR BT RICR  ARSO [E
TRIR T AE 52 5 Ubuntu IR 55 4 970284, 3L
P T % AL TR R i e MR 1 A B A R
o, S5 —1{d PyTorch3D renderer JE VAT
ROHE A BIIFATIE G o B D RIR R T 5 Was 711
BBER B RIMER 2 PR

O
[=}
T

B EE:97.61%

FEZR 2 W, T 4 Fh 7 15 2 55T CNN 2244 52 3 73
J& M5 4 FhI7 35N 51 Transformer £544 , LAHS 58 73
FKPFNEFRINEE S o BR RotationNet #b , & fifi i Trans-
former Y J7 % 75 HE 21 B B (9 € B B A% T 4
Transformer [ J57% . RotationNet {1 T 75 2218 o X} £
ALY FEAT HES AL G AR AL T2, PR A LI
[ 76 fr A7 7 ki e o 72 T Transformer 9 J5 7
o AR ST IR R AR 20 10 B i A B Transformer
H LS I e AR L S 45, DA T o S LA ] Wt 125 T
OVPT. SR 2] WL, BV SR JHORAT 18 4 , f il
T35 B G AT I B T HERR G . PR, AR SOy
BB ATRCRAL T AT 2 BT RN

X
S04t
o
i
ol
=
=
L 90t
pac]
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1 [ 1 1 1
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PllEzE e
(a) epoch-OA Hh£EIA
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Fig. 4 Convergence process of OA and AA during training ((a) epoch-OA curve; (b) epoch-AA curve)

R2 AEZHEBFEFTEREITLL
Table 2 Speed comparison of different classification
methods for 3D model

Him {ﬁﬁé/ﬁi HERZS HEH B
BOE BH/ms B /ms ms
MVCNN 12/12 110.2 4.3 114.5
MHBN 6/6 64.8 4.6 69.4
MVTN 12/12 110.2 10.7 120.9
RotationNet 20/20 172.6 110.5 283.1
MVT 20/20 172.6 56.3 228.9
OVPT" 20/4 172.6 16.1 188.7
OVPT 20/6 172.6 18.3 190.9
AL 20/4 172.6 43.2 215.8

E R R R 4 51 e A2

OVPT [l £ g 3 T 1L e 1) = e 1L 5207
i, [ SRS L 1 0 R RE fe M 53T, 45 PR

AR SCHEXT LU A3 B 3K T i A B S AL B L
TEHLS B = ZEAAY A SO R OVPT*3E £ A9 4 4
S AL AN 1 5 e 7, JH b s G At A 40 1 A B
TR, BRI B 55 14T AR SO 5 217 2
OVPT 1%,

OVPT M 4f W0 405 19 1 B i e B e R AL IR, ]
DL H L 5 1 1) — 4 R TR P A (4,9,
13,141, OVPT AL R & i 1] 2 SR ALY
W] 5 0 Y 10 K, DAL I 20 40 PR £ e S
FEHEF 0, ok Bl A — 4RI () [F] B[] 1Y)
TS o AR SO IEARE X 425 4328 Token 1 57 k7S
Oy e PR I DRI, e85 I AL IR S o S 4Rt T I
Z5E B o BERE 0 S5 U0 A 1 5 AS Jeg B 1 1Y)
P T T R R 2, A A X 53
PEo BRI, A SO IR BB 0 S O IR T B A 3R
TEPE
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Fig. 5 Comparison of view selection results (top row: our method, bottom row: OVPT method )

2.5 HRhEIR

F o AN Rl S E0R B S B T i = 4
B S LA B3 48 5 23 207 VA PR BB I 2 ), AR SC e
1T 7 ZBUH Rl 5
2.5.1  ZAEIFIR I 206 40 21 B A5

AHALA R 7 RN B2 U T 201 ) 45 e
i, B, EEEEE T F R R E N2 UE
X =R R FE T, AR SCRAPIR 2
FER I = 5 LR DL Z A Ry e A il R UL AR AL
INGE— JRI PRI, 55 2 Bl R Y IE b ZH AR 8 S Y
Jrale MR Z 0B R s 7 Y o B PERE W 3k 3
NGEBEIIRECH 2, R 2 MR . AFR 3
S ZE 0T DA ) FEAE RS RN R, SR OE
TTH A T R R AR UK B (OA) ik
£ 97. 53%, I PUINKE B (AA) B E] T 96.59%. 5
55 1R Z R KR Oy A L 1 - AR S
TR B SRS BE 525 4. 30% , P AT IR i
PEiE 4. 82% . SR HHIE A+ T AR S B IR e A A
SPRAT S S T LRI, X R IIIE A+ IR
PSSR T VR RE A T X 50 i A 5 AR ) T, L
T E MR E S T AR A R
R b T2

®3 ARZMERTFAXTEEIRAZIBERT L
Table 3 Comparison of the recognition accuracy under
different multi-view representations

/%

ZIEFRITA IR E ML) 0A AA

g —JH 2 J 9323  91.77
iE 2 v 97.53  96.59

T L P SRR S 8 B A4 2R

2.5.2  AS[A] backbone X 43 2P HE A2 10
SRR A T A T e A B MR
ZEIRIRN G 5 R AR HEA T R R e
FRIESR A AF IR AR AR B B 52 Ml J5 2 1) PR I
TERL G DL N B 0 = 4R S 20 o DRLIG , AR SCRE
ResNet18 ResNet34  ResNet50 A & DenseNet iX JLFf
F U AT CNN P 258 HE 252 UL IR O HREAIE , DR Z AN ]
backbone % Z 18] = 4EBA S ASVERB AU SE 0 3k H:
77, ResNet18 #ll ResNet34 ) J@ T 4% 15 g 4%k 22 W 2% |
JEECH AR BR3P S RO P AR 2
{iIF ; ResNet50 5| A T TR 19 W 2% 45 5 F1 Bottleneck
T, H25 BT 5m A 4 B8 J7 5 T DenseNet i i) %5 4
BEHEHLA G o TR AE S T S AR AL R RE ) TR KR
PUNAEAE 55 h RIS o ASSCor Bl 2 4> F 41
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BRFASR, HINIH, ERE, BKiE, =5
Transformeri¥FE 5| S Z 4 E SR NBEERFESHEF*

TR RTS8 B R K 4 PR

HRAIE 26 4 TR, 7E A W) 78 2 0 Sk B0 L (]
DenseNet [ 28 HE 28 (1) 3K B de i o VRT3 300K
2 B}, DenseNet B SR LK BE (OA ) 35 3] 97. 53%,
A% T ResNet18 . ResNet34 il ResNet50 43 7l $2 =5
0. 65%.0. 65% H10. 13%. ~FFJP G EE (AA) ik 5]
96. 59% , F1% T ResNet18 , ResNet34 Fil ResNet50 43
B 0. 77% . 1. 37% 1 0. 44%. TSI LBOH 4
i, DenseNet (1 S AR URIKE BEIA 2] 97. 61%, ML T
ResNet18 ., ResNet34 F1 ResNet50 43 5] $2 5 0. 53%.
0.37% H10. 97%. V-GG IEE] 96. 36% , A4
T ResNet18, ResNet34 F1 ResNet50 73 I #& =
1. 14%.0.37% F1 1. 19%. PRI, A< SCR ] DenseNet
VR A IBURE R 8 ) 25 HE 2

%4 [E backbone Xt 43 214 BE B SN
Table 4 Impact of different backbones on the

classification performance

FL B 0A/% AA/%
ResNet18 2 96.88 95.82
ResNet34 2 96.88 95.22
ResNet50 2 97.40 96.15
DenseNet 2 97.53 96.59
ResNet18 4 97.08 95.22
ResNet34 4 97.24 95.99
ResNet50 4 96.64 95.17
DenseNet 4 97.61 96.36

T R R 7R 245 9 e (L4t 2R

2.5.3  Transformer )2 48 X 7 A RE (4 52 M)
AR T 3 FPASE AY Transformer 155 7Y 35 &
5 1E 1Al Transformer f5UZ 4 FE (hidden size ) X 1557
PUIKE BE RS2, LB 25 R NFK 5 s . ATLAE
M B Y B R 192 4 i, B R RO SR 5I0ORE B N
97. 61% , FHEL T Fe 2 4E )i Oy 384 4E 1 768 4 1) & 14
TPHE B2 5 1 0. 32% 10, 41%., R FR - 2R 1A
J&E R 96. 36% , FHAL T B 2 4k B ok 384 4t FI1 768 4 1Y
ST B B 0. 17% F10. 53%. 38 3 43 A Al
AR R O BRUZ 4R (192 48) M EL TR K
()20 15 (384 2 1 768 4 ) A5 ELAT JT g () 4328

%5 Transformer 22 4 3T 4> 2 M BRI M
Table 5 Impact of transformer hidden layer dimensions on

the classification performance

] ReUZ 4 5 OA/% AA/%
tiny 192 97.61 96.36
small 384 97.29 96.19
base 768 97.20 95.83

TE LR RR A S R AL 2R

PEfE .
2.5.4  TERIIERECT I ERE R

Transformer 1% 7 71 3 R 1 28 £ 1) S A AL &
Bt R 4 SRS A R RSN, AR SO S
T AFROR R B i S B, SRR A R SR 6 BT
o FTUAE YR A0 2 i R S AR
K B2 AT 35 B B 5331 R 97. 53% F1196. 59%, 24
R TR EON 4 F AR AR A FE A 2 )
FEBEAY 0 97. 61% F1196. 36% , Wi PERERT Y, {H 24
HEREIRBORT 405 , BRI B R34 R B, X i
B A R R B S 2 Ay, 3D i B 1 8
AL RS B4 (A PR e .

F6 EENLEIH RN
Table 6 Impact of the number of attention heads on

the classification performance

EISWAP S 0A/% AA/%
2 97.53 96.59
4 97.61 96.36
6 97.53 96.23
8 97.41 96.12

TE IR R A S i A2 2R

2.5.5 XFEuaf s BEALE F00 R O A L e T
43281k RE A

FEYN it R e, 2R SCR H R 2 70 00 BRI LE
222 DR R iz AR . AT SRS S
B e BEAR T MR AR IR, 25 SR INEE 7 Fs

T AT LA 1) A WS e 2] AL E
F A0 P R 0 AR ] 2 A B 1) L LR AR AR v | R AR
SRS BE R 96. 47% , ~F-F1 1R SRS BE R 95. 14%. AU
TR b2 2B, SRR B Ry 96. 96% , F- 3
PR FE A 95. 53% , 2 WX Eb 2 ST () 5 | A X A5
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FEOLEIRL L, SRR SRS BE 4T 0. 45% , F- YR 5k
JEHETE 0. 93%, Bon T KA 7 10 B AR 78 BE 1Y
WE TSI o 3) A I dpe 0 R 1 e A e, A4 11 51
G FE FE- 2R 50K BE 43 51 B 0. 20% £110. 04%, )
4 5 B o8 B A A0 P A AR A R A A L))
FEE R TE o 4) IR o2 2 R B AL 25 57 00 P& A5
e, MR GRS B R 97, 33%, - 23R IR B N
96.31%. fEMILAN [, JF—20 5] A fe o E BE A5
B, BRI B RS SRR B 4 5k 97. 61%
F196. 36% , A FL 755 | A eI 1L 1 1k A B 22 15 43 1)
FETH0. 28% M10. 05%. HI AT 0L, AEAL YIS xS b
= ) RN R ML Z5 55 00 RSB s, e FIE 0 1) 3 3 A e 7
TEFE S5 DA P A ) B R 4 o T AR A Y L
e

F7 FEFES BEHLEF R E R AR R
VIR R 5 B 22
Table 7 Impact of contrastive learning, random view
dropout, and optimal view selection module on

the recognition accuracy

XPHeE>) BN EFERE REEEE  0A/%  AA/%
x x x 96.47  95.14
N x x 96.96  95.53
x N x 96.92  96.07
x x N 96.27  95.10
N N x 9733 9631
N x N 97.24 9573
x N N 96.92  95.60
N N N 97.61  96.36
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