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Abstract: Currently, the Contrastive Language-Image Pre-training (CLIP) has shown great potential in zero-
shot 3D shape classification. However, there is a large modality gap between 3D shapes and texts, which limits
further improvement of classification accuracy. To address the problem, a zero-shot 3D shape classification
method based on semantic-enhanced CLIP is proposed in this paper. Firstly, 3D shapes are represented as
views. Then, in order to improve recognition ability of unknown categories in zero-shot learning, the semantic
descriptive text of each view and its corresponding category are obtained through a visual language generative
model, and it is used as the semantic bridge between views and category prompt texts. The semantic
descriptive texts are obtained through image captioning and visual question answering. Finally, the finely-
adjusted semantic encoder is used to concretize the semantic descriptive texts to the semantic descriptions of
each category, which have rich semantic information and strong interpretability, and effectively reduce the
semantic gap between views and category prompt texts. Experiments show that our method outperforms
existing zero-shot classification methods on the ModelNet10 and ModelNet40 datasets.
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BEE IR I AT R R, PAR 3YERIAL 432K
KRB TR Ao IR RTTERE ISR B 2
R 75 N s TR B T 2R, DR R BB A R SRER
S I R SRR AR, Teik gy 2ROR I R S0 B
Ao RIS A, R A BRI, X Fh5)
KITEZE 7B/ R. —J7H, XA EA
7 iy AT O BT S AR AT N AR JS I 2k
R, KRASRE RN WM B—T7
[, E—Ledie, FrknlmBEdrsml, ML
SRR BAR T ARV, X E R 45 7 KR
Rk — A E XX A, BEEA R T
FFEAR: 2] (Zero-Shot Learning, ZSL)>%, J@id Al
FH AT L 2 A (8 R o 5 AAE A SRR 7 (e J Pk
K INZRREARL, SR K AT W 2R TE LR RE N
Mg, B EA R AA T WRFEARR R Y. F
FEAR 2 2 AT DABR R 3 22 fiff 73 2R AT 55 Hh e A SR B I
M LAY T T IR0 bRy A v 1 i R
XF 53 AT 1 ST B R e /R

BT, FFAY OB T EBUR R,
H MG 5 A B O UR, I HA W A .
an, T AR R 2 R TR0, R DU 4 i AR AL
A DL FNANT] WS 2 18] () H0H 3 A 22 s RIS,
T ZHEEAE B2 I IR el LA E SR ALE B
SEa R m TR RIS .

BT He 5 2] ) BEUER - SR TR 2R A (Con-
trastive Language-Image Pre-training, CLIP)!"j#
T FE A UGN SCAR 2 [A] R ARBLRE 7 ST IR R o 1%
BRI AN S, — M T E G, 5
—/MNHTFRAESCARN . B, EGRSOAR Gy
Mg, FEESLEBRAF RSB, RE, AT
ERAENTEE ST UN AL BN ¥ S o E P S =N
AR EFEARRT Z A )RR, DL A e RN
TR o XMIINGRTTVE ] DU T - SO R R 1
PR [7) 25 VR PR R 4y ) 06 SISEAT 55, BB E B A
RPEREAZAGRE ST SRTM, BT BUE I SCARFER
7 RHEA A 15 SR S 2 AT AR IR R
. Bk, BUEMSCORZ RS BRI
TN, R EATIRMT A RO S — N R B A P
PR E)

BEXFRA LR, ASCHR i O 5 CLIPSEHLE]
BISCAXNFFIITE, EATEMEATE 3k A
SCHARE SCARFIE SRR A R R, FREEES
(] R AT B AN SCAS 7 il 1 SRR 55, ek 2|
PR BRI SCAKE A 5 00 H 1 o XA 7775 W] PAGi /M
AN IE) TG SV, i e R AN A 2 TR R0 55 R0 R

T SRR R TR AN AR T [F) — ) A5 A
i, Fon] LA B U SR SCA I, S GRS
AR ZAICLE U5 E . H OB T REMS
B SCARIGR E XE B 5 G A5 SRS HEXT
3, ML CLIP 5 4 H B fig BG N 25 . 1T
TNy N T TR RAEVE SCRIRAR 3, AR SOKGIE S
I SCARAE B SRR SCAS . HLIE I SCAR I 77 204
BEE A E R, FEUG R E iE E B
B 7R KE AR, $em 7R AR A EHE
IR AIRE ST o

HACRUL, o34 i 2 ik MK &R,
SR I I AR R TR R 1A 0 R A ]
FLTN LR B SRR AR . 2 JE & B CLIP
SN 5 2R OR SCOR T T 55, SRR Tl i S
G a3 0 AL 518 R SO, AL
PR A 5 3LER T (RS HEXT 55 o 1B U ImAS 23 AL
At e L ES R, WOATE UMD 2 I R HEE
IR SCA AR Ay 5o SYEA I S 1 ()18 AR, 1
0 TV SCA IR T SO 3YERSE K JR R 55 1
PN T SRR SOAS B 3R 2 8] R S

AT EETTERA: (DI —FiE UE5RCLIP
() ZREASYERE I 43 25 T77%, I RO S SUgmtis 28
0RO 534 K R R ST RE S, AR
T 3YERR T ()RR AR kR (2) 48 A AL
T F AR R TR A B SRR T SCAR R 7Y, i
I EUE FH RS W B R T 20, AR R E 1
VB SCHNRERAE TR K AT AR R s (3) A SCiE Rt TR
ModelNet 102 H ModelNet 4020 ¥4 45 b 1475256,
UESE T AR SL T IEAE ZREAR A FE A B 34ERL T 73 %
B4 BA SRR R .

IR AR ML B SRR T SC A

P - HAT 426 Bl Bk,

. HAh Sz i g by, HAL,

ﬂ;}EFg FARLAE LA KT (R 6

‘ BEAATAETR, BARIA

l l 5, m%fzé‘ia‘%?%ﬂa
AR Ef& '8
i B Yt % Gifid %

P 1 15 SCHE SR CLIP AL B RIS AR 7R SCAR 57
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2.1 FHEARIYERB A

Cheraghian®§ A P! 257 R FEARSYERL A 73 2K )7
AR 1 3% i S IR A ST G 3E TR,
AR 2 ST AR AL A R R T VA A T B U R A
AWBYE By KTTE, IR e B R A e
MEREASYE =7k, DL BT RAMAHE
SNSEREA IR 5525 A J FL 3] [ 806 R N S 3R 4T 53
K, TFRI T EREASYEAL /33077, 4K, CLIP
EEFRAR G R LIS 7 RIEFAZCR, B
T R CLIP N 2 R A 3YE R 73 K T7 %
Zhang®s NPHEH T 2T CLIP 34k 4 2 B f# (Point
cloud understanding by CLIP, PointCLIP)#:%Y,
PointCLIP H 4534k il m B M MR EE, R
Jei IR CLIP # T 2k 145 G 1 2% 42 HCUR 2 &1y
fiE,  [A) IS 2 50 44 B i i CLIP 355 VI 25 1 ST AS G
% PR IUCARHE . {H /2 Point CLIP ) 58 % SR
JEZ VEIR P8 2 1) R 338 22 S DRI 73 AT ) 22 R P PR
il T RRPIX — I R, T R - VR TR R
CLIPH) sz 932K T (transfer CLIP to Point
cloud classification with image-depth pre-training,
CLIP2Point) P B R 2] SRS N 22 S M S5 &
MG T —MREE IS . 727K, KR4 CLIP
A PR g o 2, A FH VR 2 TR i 4 402 BB 1
fE, ZITVEGM TR A BRI AR 2 .
T3YE A ) EUR - SOAR- i m — B R AE 22 21 J7 ik
(learning Unified representation of Language, Im-
age and Point cloud for 3D understanding,
ULIP)E#e g 7 — N EMR . SCARF sl =3RS 1Y
g — MRN8, %771 R R R - SCAR Tl
WIZRHIRLBETE 5 AR, IR 348 i 2 2 % 4% B 45 AE
7 8] 5 T e 0 55 AL L - SCASRFAE A A0 5%, KR
P V3R B BE . SRR, HET
PE N SCAR R 1) 348 R 1 77 1% (CLIP Goes 3D,
CG3D)P[RIEALE F 37C 4% 2l [ [7]— 28 31 ) 34 A
TUARFAIE 1 PR ARFAIE 22 7] DA R 3G TR A3 E R SA R
fEZ A AERAAAE , AT 5 2 G A 2 IR A AR AS
WIIRE ST 534, PointCLIP V2PI#EPoint-
CLIPFERl 2 I, 38 ) ] 58 5 2t i $ SEvE
VRN 3GER R, RE IR S T R ARG
IIIUETZR . AN SOR A TE SO 5 CLIP g ok RGN S
AR TR VE SCR V) e, e A T S T BRI SOA
SEHtE ZAURIE UE R, EGASCARRN T BA
— M, AT B 3 YE R A ) TR A S 2R 1 B
2.2 IR

AR I 2R Transformer 28 (Generative

Pre-trained Transformer, GPT-3)Pii i FH B 48
WEEIRREERTT VRS MERE, A TR
7~ LFE(prompt engineering) PR IR 7T . 1% 90
I TR AE L SE AT S5 FIAE 5 LAY (A1 100 T A e i
N> DA T E TS BOR S R i o 145
BB, CLIPJE T3 # @ $R7n B hi i AR AR,
L 2R “ A photo of a {label}.” ¥4l
SR 1) 2 BEAS FRIT RS B T Ui ) AR A AR T
MAESS T, FEBL T bl i R B AR RE ). FE UL R A
E, ZhangZ NPIR 7 M EUGFISCA th df 47 40 0
FAEXT L2 2] 7775 (Contrastive VIsual Representa-
tion learning from Text, ConVIRT), @I E
Xf B2 2] e RAG MG 5 SCAOR 2 18] ) — B R 52
MIERIR . R, T IR R SO = 78
ARG SUE S, BEIA BT I G348 S A o >
AR, B SCiAT7 % (Context Optimi-
zation, CoOp)P7 & —Fhfdi B BT 1) 2% 3] 47
SCAKY T, @A AT A 2 R SRR I B TR
PR AT R, A RTINS A, W]
DA CLIPIE B R il R IR AT 5% o« {H2 CoOpAELE
/AR, RPRT A R SCTe AT B T2 BOR
WA, HbZhouds NPYERH T 2% B 3Cilif
771 (Conditional Context Optimization, Co-
CoOp) il #f — 527 2] R B AR 2 W 45 R A~ 1K
BA M N SR A R, AT A0 S i R A
REBURIZNBHRIR . IR, IXPAEELE 2 (A AR Ak
PITTEGRZ TR, SBHERRASES Lz
PEREELZE . X, ASCR LG TE 5 A USRI
EUE HTE SRR S0 A, BRI 78 2 iE UE 2
WD 78 A B BRI R R .
3 AXFE

WE2FR, ASCETIRE R CLIP ) A A
SYERIT 3 KI5 RIS (1) 34T 1) 2 A0 1A
TRy (2)E SR PESTARZREL: (3)ZR1E LD
frs (4)FREAYERT 2 . A SR s B LT
AR AL 9 B SR T AR5 125K AL IR, AR5
W2 (a) s, A TE S A R — AN H TR
W BRI B G 2 B TR ZRHE 2R (uni-
fied multi-modal Pre-training framework for both
vision-Language Understanding and Generation,
mPLUG) P3R5 6, 5 0 43 5K AR 1] B H 80 v 415 2
AT SCRRIR T SCAS, 2 SCACRAE RO 1 S i 2
g, FERE B RS B S 3R R SO ik
G 5 B aa R, MMk CLIP -4 B 47
LI N . INZRI B 2(b) pras, B i h
CLIPSZ AL B 5 2R m $2 /s SCAR B O 5%, R )5 K
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i A

a carin a narking lat 3o chawn

—

the car in the style of a polygon

(a) T SCRRIRIE AR

CIRES
’&f*\
| -

— E&gLes

6 SHUA

v
[

P

FER PR SCA
—
image of a car.

IR SR

3d madel af o eplacel ar Jonlatad |
a car in a narkine lot is shown |
the car in the style of a polygon.
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1
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image of a car.
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(b) Itz

f;kf LY

l v
L] |
&)
Il‘sl LS, LS| — ?E
s s
LS| LSy -+ | ISy —> it
|
] 9%
% KL
Ers

IS\|LS)\ - ISy —

FME T

(c) Wikt 2

B 2 BARHELR

SERUG gmAL Ay, N ORI NE SR P SR RiE
NGt %, AEVE SCRE IR M SCA B AL Ry 34k R R 2K
AEVE SCREIR , T SEBLAE K] 5 283038 7R SCAR R B
Hnt5E . KB E2(c) s, N AT LK
SYERL (1) 2 AL R BT 2R A 3R SOR, TR
BIRFAE 518 SCRFAE AL, f J JE ek 34 AR 4y
KR AGF T REAR YA [ 43 R EE R
3.1 CLIP

CLIP AR T T0 S i e 1% % 2850, R ¢
ABEAT NG 2R . CLIPIMEI 784 x 1084 &
G- SOR X I R E o 46 LTI 45, REAE K IR
5 I RORNE R P AT A 1 RS XS 5F, DABEA T 24E
PN =R

HARHy, CLIPHMASCHR, — M RER
iy, N NRARwmIEEE. K, EEgmLEE
APFIBER, o3l 2 T2 R F IR Bk 22 ok 40 9 2%
(Residual neural Network, ResNet )/l 57 # $2
A 5 Transformer (Vision Transformer,
ViT)H; SCARGmi 48 & — MA63MS 122
Transformer!®, YIZRI, 4552 N EG-SCAXT,
CLIP @ i Ik & BAR 9 B s F1 S0 A 2 5 45 B R AL
NASKE S5 B GRS B A 52 A0, R f Mk
N2 — N AKX F5 10 BRI SCA B 42 5% A AL . il
M AT AR IR A

Fy = ImageEncoder(I) (1)
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Fr = TextEncoder(T) (2)
E; = LoNorm(Fy) (3)
Er = LoNorm(Fr) (4)
Logits = ErEp" (5)

Hdp, TAT 5 HIRR TN 55 G RISCAR,  Fr i
Fr 73 ) 327 9 14 )i 00 AR AN SCAR R AE, Ep M
Er 53 A 3R Loy A — A6 )5 1 AR ST AR SRR AE
Logits 227 FEHGFI SCAS ) IR 2
3.2 BN IEECLIP

DO TAL G A B 7%, CLIP & M EUE R
AESCARFSRE Z IR BB B IR, AR 34
PR B AL P B 2 P4 A5 B T SR 5
A SIGHESCA, IR FE R AR A MBS B
PAFEUG A B WA R IR . 5 Jeilid [E5E A7
B RS 23R 2R, A E A
T 5 A U m PLUGSRHURE TRAR B 0 15 SR 15T
A, dJE X S SCHER P SO E it ds .
3.2.1 SHERBNZYERT

Z W E B E ML (Multi-View Convolu-
tional Neural Network, MVCNN)®IE 5T 2
Bl B4R 73 K77 i A BRI R L. A
MVCNNAE 4% 5 77 ik AE G 7 A0 5], Rk
SYERI R 125K M. B, K124 e UL AH
BUAEAL A 30007 B | SR34ER Y I ST T0 B, A3 5
127K K/ K224 x 224 (AL .
3.2.2 FEMmARMECA

Point CLIPK H T3 #il VE i S m BERR A 9 SCA
ML ER AN, 2GR AL A8 Bk = 0 1R R AN S5
B fA Y. PointCLIP V2il it K MAIE &
B GPT-34: B HI SCA SRR A g as i N, ART
SASERA A BESOCA AT %, Gt a8 B =
kEBEG IR A ik, HEIMES
A LR T R B AR S, A SO mPLUG
NCLIPA A A 78 2 i ORI SCA SR .
mPLUG & — it H 25 i 25085 15025 21 A B8 ) 1O R o v
FAEA, B R S A 1) 2 58 R AR 5 A
ARSEHEIVERE . IL, A 34ER 55215 3
() KA N E Iy mP LU G 4 A\ 3R B Ui IR 1 3
Ao AR IR 7 RO AL B K L S P (S
SRR SCRR A SOAR

(1) B4 % (image captioning): #5E — 7KK
8, mPLUGH ARG & By i) 7Rk .
wi: HFAE3(a); Hi “Aerial view of a military
aircraft isolated on white background.” -

(2)#L 5 1] % (visual question answering): %5

E IR BRI R, mPLUG AR f ) 2
%o fln: FAE3(b)FEHEN “What is the {per-
son} gray image looks like?” ; it “Construc-
tion worker” .

3.2.3 1B M HADERI)IZK

FECLIPH, Radford 5§ AME & B3 1y 4
RS E IR A, TTLLE ZF IR MR AL S
BE. XTI, ARSNGB TR AL I E 1 11255
PEIRICAS,  FEREAE R AR SO 5 R R 2 Al 1A
W1 5 2 T AR R SCA A BT SRR RSO,
SRR H NS SIS AR AT I Sk AEVIZRTE bt &5
I, RS UE SCR IR TR SCAS 70 T3 A N T8 LG RS 25 »
XA B TR B e i BB AR AN SOA IR UE R,
M3 AR TERE . JEI A BAT PEAIE LA
SCIR P SCA TS L gmitas, AT LA/ 285 5o
SO 3YERL T 2 [A) (15 S5, SELR R 3
A5 UERGE Y HORFHERS T o A SN M SOA A i T
A AE ] T 1256487 AR

(1) E& 7% (image captioning):  “an image

of a {CLASS}, {CAPTION}.” |, “a gray photo of
a {CLASS}, {CAPTION}.” | “a rendering of a
{CLASS}, {CAPTION}.” | “art of a {CLASS},
{CAPTION}.” ; “a model of a {CLASS},
{CAPTION}.” | “a projection of a {CLASS},
{CAPTION}.” | “a view of a {CLASS}, {CAP-
TION}.” |, “a drawing of a {CLASS}, {CAP-
TION}.” | “an oblique drawing of a {CLASS},
{CAPTION}.” , “a side view of a {CLASS},
{CAPTION}.” | “a 3D shape of a {CLASS},
{CAPTION}.” | “an object of a {CLASS},
{CAPTION}.” .

(2) M5t 7] 27 (visual question answering):
“an image of a {CLASS} like a {ANSWER}.” |
“a gray photo of a {CLASS} like a
{ANSWER}.” | “a rendering of a {CLASS} like

a {ANSWER}.” , “art of a {CLASS} like a
{ANSWER}.” , “a model of a {CLASS} like a
{ANSWER}.” |, “a projection of a {CLASS} like
a {ANSWER}.” |, “a view of a {CLASS} like a

A’:‘)
j )\\f
4

(a) BHR 540 AT bl (b) WL 2540 N
3 AR
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{ANSWER}.” |, “a drawing of a {CLASS} like a
{ANSWER}.” ; “an oblique drawing of a
{CLASS} like a {ANSWER}.” | “a side view of
a {CLASS} like a {ANSWER}.” , “a 3D shape
of a {CLASS} like a {ANSWER}.” |, “an object
of a {CLASS} like a {ANSWER}.” .

Ho, BRI ERERE “{CLASS}” i
B, KEGR RN 7R CATLEE “{CAP-
TION}” A¥, RFHLHE IR B A B B S8 AT B AE
“{ANSWER}” {7 & .
3.3 ETRERMINEFEARSURTISH

FETRI I, CLIPE I A 52 AR S 5K 14
B SOR TR . 0T B 129K W B R R 34
RERY, AR SCRIR G R E AL LS 58 ] A 2 S om SOA
“image of a {CLASS}.” Z AR ZAPIE, L
DUBYERLAY 732 o A SOR SR SR 34T 732K,
DI 3 5 M R AR 3YE R 7 R UL A N IR
UESRFR . SHERIRL ) KA R Ny

u= argllfnax Teote(wi |[M) = M € w, (6)
i=1
T’\'ote(wi |M) = szl (7)
1=1

o, MBRSGERA, w0, RRINi, kK AEREL
H, pudon B o @8 THEANS IR, Tooe(w: | M)
FE R TR AL B A, n N AN SRR AL I
4 SR

AT A AL T AR SEREAn T, AR5 I8
Tk 9 R S B6IE B T R I R IR R AR ST
TERFEARIER A AT FTERE .
4.1 SCHELRTS

SEIGfEModelNet 10F1ModelNet 40548 4 |33
171FfE . ModelNet10H 104251114 899434k AR 7Y £
B, ModelNet40FH 402112 311434ERE A 44
o TEARTCH, BAN3YERIR B B N 129K K,
IR RN 224 x 224 1 K B S . R,
ModelNet10H 58 788(4 899x12) 7K #1 & 41 1,
ModelNet40HH147 732(12 311 x12)3K L4 .
el SRR 125k A, SRS E IS T S
A R T mPLU G & ik A0 B 2B s S I 14 S
Ao B P RGLSE GG Es, B4R E AT
AAEE X gL 2% EOE20 N B1E,  HerbiE S
WAL ESL, I Adam Ui, %
> ZE B E IR 43 BN 10 TRI10 Y. 7R L A (AT,
ARSI T A [F B G gt g 51 518 S hD 85 1l

Yk, HVIT-B\164E N EUR g 65 & 3815 1 St
Ao AR, THE TR A 5 e i SR 2 T AR 5%
FRAAME, PRSERFIER B G miLEs, SCARRHERH
VB SUOmAt #% o ANTF] 0 52 il SCA BT AR 21 1) 20 S i o
AN, AT I B 75 8 H SO 42
% .
4.2 JHEASCIE

fEX1H, A “image of a {CLASS}.” fEA
MR IR AR SCA,  FHXF B th 1 77 V234 7 3 i
SEEG, W R OR B P RR T AR RS SR IA M SCA )
SEER . MELIFR, U HCLIPEModel-
Netd0 AT EFEARLE 73 280F, I 52.34%,
L AT VA5 et B 1) 2 2 g 1 A AP o S
FEIRVE SCAR LR TE U mfid gy, TREANE > 2t pE
SRR T 7.64%4110.60% . [FIREHY, G HER L
SEEModelNet40 FAff F CLIP#ET A A 3R
R4 25 B HER 2 N51.62%, 8 B 7 3 A B
TE SCHEIA M SCAR T DUB HE i R I TH 2267.59%, 18
R 17 28 A 1 1 A BV SURS IR 1 S AR T LI 3
ETERE, BB 2 R UER 2 N69.73% . LA EEEREE
B3 A V8 SCRR M SO O E U mtgeg, mT LA L
Hi 3R v 2 R R SO AS 5 3YE R 1 & S 3 N 5
IRLR, AT HR T 3SR (1) BAE A 73 KM fE
4.3 DIEMEMHRITEE

TER2H, WA SCHR H B A SYEAE I 4y 2T
155 HAh VR AT He . A — S0y v T L e
B 5 g B 2% BEAT BUAN B TAE, @1PointCLIP AN
CLIP2Point, AT 1&MN34E &S = KR E, ¥
Al WRFEAO 7 B g s J5K, PointCLIP
V238 it K S s R R AR T, R
PRI G A e B D A 03, T
BRI T G g iS As B TR, (E AT T

% 1 7EModelNet40_FYiHRRSCLE (%)

Tk ME SYERA

CLIP 52.34 51.62
CLIP+E& 74 59.98 67.59
CLIP+L 5 7] 25 62.94 69.73

% 2 7EModelNet10FModelNet40$ 1B EE = BHEA 5> SRR (%)

T ModelNet10 ModelNet40
CLIP2Point 66.63 49.38
PointCLIP 30.23 23.78
PointCLIP V2 73.13 64.22
CLIP+E 7% 79.63 67.59
CLIP+¥L3E 7 & 79.74 69.73
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VEtr 8 4. AT7iEE B W B AT TR A
X, RRBEK T TAEMISE Zet, 1 H o 2 AEmh 20
TMATTE. AAEH “image of a {CLASS}.”
VE AR ISR F R SCA, @A 8 B
S AN 1) 88 A O AR R A SRR P S AR
B gt es, 7EModelNet 1054R 4 kT BREA
3YE AR T Ay I B R o A B T 79.63 % AN
79.74%; TEModelNet40%( 4 4 b {8 FH CLIP Al %
TR ITIER, FREAR S RUE 2 N67.59%. 4
i F CLIPFIRLGE 1) 25 26 T VR, ARSI
FEA P AT N69.73%, FES T 2410 e 5L A 5
%EPoint CLIP V2HERfR3E = 15.51%, UEH T AL
DRI ebei g

TEDFEARSZIG AR SCFIREAE FH 2R $ 7R S04
“image of a {CLASS}.” T, FFxtEL I Zx
FEA 5 N 2-shot ) PointNet!*!, PointNet++[10],
SimpleView!"| CurveNet*$ fPoint CLIP% /7% .
B, R ModelNetd0 I ZR4E I RT2ANE A T
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