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Abstract:  Prompt learning utilizing large-scale unlabeled data has recently received widespread attention. Among
these, the true-false label learning paradigm randomly samples a category from the candidate set and leverages pre-trained
vision-language models to make binary judgments, i.e., True or False, thereby generating high-precision weak supervision

signals, substantially improving annotation efficiency, and driving the rapid development of the prompt learning field. How-
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ever, its random uniform sampling mechanism inevitably leads to missing supervision samples for certain categories, mak-
ing it difficult for downstream task models to construct an accurate category semantic space, and existing methods sever the
cross-modal joint optimization path between textual and visual features, destroying the original cross-modal generalization
capability of pre-trained models. To address the aforementioned limitations, this paper proposes a true-false labels learning
method based on multi-modal consistency collaborative prompt tuning (MCCP). This method introduces consistency con-
straints in both textual and visual modalities, and designs a cross-modal collaborative optimization strategy. Specifically, in
the textual modality, a large language model-driven knowledge collaboration mechanism is designed to generate fine-
grained textual descriptions for each category. By constraining the semantic consistency between original textual prompts
and category textual descriptions, it fills the semantic information blind spots of categories with missing supervision sam-
ples, and implicitly mitigates the effects of insufficient supervision information. In the visual modality, a consistency
prompt learning mechanism based on self-supervised learning is proposed. By constructing multiple views, it constrains the
pairwise feature distribution consistency among original images, weakly augmented views, and strongly augmented views,
thereby forcing the visual prompt network to extract deep semantic features insensitive to data augmentation operations, sig-
nificantly enhancing the robustness and generalization of visual-semantic representations. In terms of cross-modal joint opti-
mization, an epoch-based cosine dynamic weighting strategy is introduced to achieve a smooth transition and gradual fusion
between pre-trained prior knowledge and domain-adaptive feature representations, while a staged gradient update scheme is
adopted to separately optimize the consistency losses of text- and vision-specific modalities and the empirical risk-consisten-
cy cross-entropy loss of cross-modal image classification, effectively avoiding the gradient conflict problem in multi-modal
learning and promoting the deep collaborative alignment of cross-modal semantic spaces. Experimental results on nine
multi-class image classification datasets, including CIFAR-100, Tiny-ImageNet, Caltech-101, Food-101, Stanford Cars, de-
scribable textures dataset (DTD), fine-grained visual classification of aircraft (FGVC-Aircraft), ImageNet-A and ImageNet-
R, demonstrate that this method achieves state-of-the-art average classification accuracies of 73.58% and 74.20% on the
True-False labels datasets annotated by the contrastive language-image pre-training model (CLIP) and human annotators, re-
spectively, and simultaneously exhibits optimal transfer generalization performance on the vast majority of target datasets
under the cross-dataset transfer setting, verifying the effectiveness of MCCP. This paper effectively addresses the missing
supervision signal challenge of true-false labels learning paradigm, providing methodological support for achieving efficient
and robust multi-modal cross-domain knowledge transfer.

Keywords: true-false labels; prompt learning; vision-language models; weakly supervised learning; multi-modal con-
sistency; image classification
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Table 1  Distribution information of supervised samples across different

datasets annotated by True-False labels paradigm
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Table 2 Examples of fine-grained text descriptions generated by large language models
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P 2. The identifying characteristics of a bear are that it is a large mammal with four legs and short, sharp claws.
3. A bear typically has a large body, short legs, and a long snout.
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Table 3 Details on data augmentation
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Figure 3 Illustration of the inference process
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41 256; MCCP . CoOp . TCP Fl TextRefiner J7 7% A LYK K
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INETE M 325 CoCoOp Fl MaPLe J5 15 A YR K /N 7 5
WIC, e R LA 4, X F(13) P E o, AL
7£00.0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1.0 i &
Bl PN EAT IR 48 % (grid search) , S-4RAEAS P16 CLIP 4G

IR SRR (11) o T B R AF B e A (o
4.2 CLIP#EEGRFERFIBTFR1CEHE L AT bb L1

AR AE CLIP A B AR 7 40 4 W7 A 12 B0dis 4 L kA7
TXF S, HARSE R AN 4 FR .

F4  TECLIPHEEGRFERF SRS EIE LA R ERREST AT %

Table 4 Comparison of classification accuracy on the True-False labels dataset annotated by CLIP model unit: %

TR CIFAR-100 | Tiny-ImageNet | Caltech-101 | Food-101 | Stanford Cars | DTD | FGVC-Aircraft | ImageNet-A | ImageNet-R | SF-3{E
CLIP LPP 77.40 7471 88.74 93.30 71.56 5437 30.87 63.80 86.64 71.27
CLIPZZFEAR 75.58 72.66 87.24 92.76 70.76 52.36 30.63 62.49 85.12 69.96
CLIP LPT 25.25 18.24 22.63 66.69 4.96 10.58 4.11 2.80 5.28 17.84
Tip-Adapter 76.21 73.80 64.87 91.34 70.71 52.30 27.54 55.96 81.55 66.03
Tip-Adapter-F 76.07 7491 83.20 91.42 70.71 53.61 27.90 57.24 83.93 68.78
T™MP 78.22 75.14 89.14 93.52 72.52 55.32 28.86 59.16 86.24 70.90
ORCA 53.26 19.21 14.40 7.96 7.25 3227 4.66 45.64 49.16 25.98
NACH 64.42 35.09 21.39 12.62 453 42.08 5.18 50.44 50.92 31.85
PaPi 63.73 41.50 43.27 81.94 10.19 33.40 6.03 52.04 35.96 40.90
CLL with WL 59.05 4421 4479 85.46 10.40 35.76 3.71 47.45 47.83 42.07
SCARCE 43.10 31.69 35.92 56.41 6.13 17.79 3.94 34.04 37.67 29.63
FineSSL 66.62 33.92 26.95 6.44 1.07 44.91 5.39 55.96 5233 32.62
CoOp 74.97 73.36 85.31 92.30 67.33 51.54 29.07 63.20 82.14 68.80
CoCoOp 75.96 75.80 85.97 92.78 70.23 48.88 8.82 60.62 84.33 67.04
MaPLe 77.60 75.53 82.18 92.70 62.49 46.63 9.27 53.24 83.81 64.83
CuPL 76.75 78.66 86.33 92.80 71.65 48.52 9.05 57.11 81.56 66.94
TCP 74.79 71.24 48.43 92.19 58.34 35.64 9.75 51.77 7291 57.23
TextRefiner 75.75 74.01 84.18 9271 63.38 50.18 25.17 63.02 86.63 68.34
MCCP 77.40 79.21 87.83 93.22 72.65 60.40 35.64 67.96 87.93 73.58

Y RLARBE AR EAE IR 2Rk s 4

AR T, A SCHR Y MCCP J7 1578 9 A 548 48
U T 73.58% (4O B8 40 S HE AR 22 T T A R
FE 7 UESE T T 3 T S — B U R 4R R 1k
JE B AW bR IC R A st . BACRE , MCCP i ik
TE 9 Hm 4 A %) 8 1~ (Bl Tiny-ImageNet | Caltech-101 .
Food-101.Stanford Cars .DTD .FGVC-Aircraft.ImageNet-A
il ImageNet-R) [ WA 1 S i sk 00 19 43 28 HE ) 2%,
H5 BT ke R 24 /N T 1.5%.

(1) 515055 W % > Jr kA He , MCCP J5 5 11
XA UER R TE T AT 30%(73.58 vs. 42.07) , &
W A% Gt 55 Wi B 2% =) 5 2 Mk LU ORI T VIMSs A5 70 v
B S 58 3, T MCCP 2 BE % 78 43 A1) FH X B 11 .

(2) 5 H A 4 7% 2% 2] 7 e Al L, MCCP 7 ¥ 78 B
CIFAR-100 &by HoAlh 8 A5 Hs 48 ¥ HAS T s AR Mg
F P, H 7E CIFAR-100 % 9% 45 b B A5 1 AH O %
(77.40 vs. 77.60) , iX i WA MCCP J7 % RE % 8 4 i 1)
VLMs #5875 v ) S 56 130

(3) 5 3 38 e #5 o 2 MR A 0 Dy TR A L, L
J& TMP J7 1% , MCCP J5 A6 73 4 25l 2 1 R Ry

B B B3 (7358 vs. 70.90) , %6 ] MCCP 75 ¥ 7F
5 N T AT 55 1 TR BB 8 R A AR BE TN
VLMs BERIZ ke 1. AHHLZ T, TMP 5k 5l AT
LR ME oy 2 gR  HOE B R IR AT 55 10 8 1 2 LU AE VM
BEALZ AR RE S AR S B . (EAS R R A 7E
FGVC-Aircraft 8 $i& 48 I, 1 T A [7] © A7 %% 19 71 WL AH
T, FEHD AT RIS 1 43 AT 55 L MERE AR AL SR 55
W 5 1 FIBR CoOp Fll TextRefiner /MR HE A~ 24 2 T L1
P fig 22 BLAR A 22 (WEHf 32 /N F 10.0%) , 42 3C MCCP J7
B T 35.64% WIHERG % 4E B K (35.64 vs.9.75) ¢

(4) 54 B2 2035 F % CLIP LPP Jr A0 Lt
MCCP J5 3576 T A #0645 3 WU T A 3 s 2% o 4
B 1 R 28 B, F- Y59 M A R Al T R (73.58 vs. 71.27) L 3X
Ui B MCCP J7 72 R 9% DR 5 110 4] W7 A 10 R AR v A 2L
2 20 3 e i A 200 SUAE B NI 46 /N5 4 W 2
Ik EIERE = R e B e T k.
Ah, CLIP LPP J5 ¥ i 1 ge B AL T3 6 HF CLIP LPS J7
P R K AT BB - CLIP A AU FE BE A AR i i B P B A
TSR RZ
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2 BT AR SCHR A MCCP 7 37 R IFAT 5 10
T8 PR SRR A RE ) 22 A S BT ALY P R
T B R AL
KT — 2 5 E MCCP 7 32 AH 55 1 Jk 4 A5 AU 7
B REAB R ZENT R ERER L . AT AE CLIP A
ARGV ERIL TR ATk S €7 W ol s I S 5 S A £
W B FEAC I 2R ] S, I 8 A R R B A AR 1 200
BN

CHEBRAERR M EERAEERALN WFEYSEEHE

I . L . ” . Lo . »
Table 5 Average classification accuracy for “categories with supervised samples” and “categories without supervised samples

S PIAH R T8 X6 A7 T MCCP Jy 25 AT A 3
2207 V5 TMP 6 3% P A R BI14E & L0 73 70 2 vl fe
RO B REAR N BREZEINHFAEs=111
PR RS, o8 A i 2 W B RE A 19 28 1) R R % 240
WA s=1WbREFEA, ¥ M R 2R, it
BRI AW R X LR E S WA
FEN M HERR TR BARSS R L S i

A %

unit: %

fm CIFAR-100 Tiny-ImageNet Caltech-101 Food-101 Stanford Cars
Shave S miss Shave Smiss Shave S miss Shave Smiss Shave S miss

T™MP 85.16 60.79 82.90 58.73 96.51 55.67 98.53 74.64 76.73 19.42

MCCP 84.72 64.43 83.19 64.85 95.78 59.96 97.80 78.13 76.98 26.08

SN ETN

BARRTE A B FEASG] S, I, MCCP J7 ik
5 TMP (PERE AR , 22 BE7E 1% DA N 5 (B FE 58 4 il 2%
W REAZES S b, MCCP J5 ¥ A% T TMP & 3H 1
TR A M R AR T B TR R A TE 39%~7% .
FHHE UL B 2, B T Stanford Cars 2045 5 - “ 52 £ 5
P W BEAR B 20" 223K 156 4~ (— 31 196 1~ 2851
it % T HiAh % 95 4, MCCP FIl TMP 5 5 76 L | i1 °F

43 53 25 1 ) 230 R B AR T G At s 4 (19.42 vs.
55.67) . _REEFIESE T MCCP J5 ¥: R F K iF & 1
# TR AR B DL R fiff W B R A B 2k ) R AR LA
B
4.3 ANTI#riFERIFIBTERICEHE £ RRT L K30

A AN AR A9 2 A e B s 4 b EAT T X
LS, HARZE AR 6 Fiw .

F6 FEAIREMFIBIRICHE LS ZEFREXLL AT %

Table 6  Comparison of classification accuracy on the True-False labels dataset annotated by human annotators unit: %

TBETY CIFAR-100 | Tiny-ImageNet | Caltech-101 | Food-101 | Stanford Cars | DTD | FGVC-Aircraft | ImageNet-A | ImageNet-R | “F34{
CLIP LPS 85.81 85.31 96.76 94.94 87.71 76.36 53.68 71.51 90.19 82.47
CLIPEFEA 75.58 72.66 87.24 92.76 70.76 52.36 30.63 62.49 85.12 69.96
CLIP LPT 25.60 21.37 21.36 68.23 3.69 10.05 3.09 2.71 5.17 17.92
Tip-Adapter 76.47 73.86 86.77 91.82 70.60 52.30 21.81 53.78 81.63 67.67
Tip-Adapter-F 77.40 75.39 86.81 92.10 70.61 53.25 22.98 55.91 84.07 68.72
T™P 78.72 75.84 90.60 93.55 72.60 55.73 28.89 58.49 86.44 71.21
ORCA 50.54 17.65 14.14 7.82 7.25 28.37 6.44 23.37 25.17 20.08
NACH 63.46 31.78 15.09 8.51 5.57 30.98 4.01 27.93 55.15 26.94
PaPi 60.69 40.80 47.06 80.31 6.00 28.33 4.98 27.65 42.52 37.59
CLL with WL 63.25 51.54 50.73 87.85 9.64 27.62 474 23.82 29.72 38.77
SCARCE 44.06 33.13 37.39 57.64 4.37 17.58 2.59 21.20 35.84 28.20
FineSSL 67.28 35.18 28.72 6.57 1.21 19.25 5.46 35.02 56.48 28.35
CoOp 77.48 77.64 88.05 92.92 66.21 52.36 26.88 61.16 81.86 69.40
CoCoOp 77.59 77.70 89.91 92.94 62.80 47.46 6.39 61.47 84.67 66.77
MaPLe 78.90 77.84 88.05 93.37 61.96 36.05 15.54 46.22 81.73 64.41
CuPL 76.75 78.66 86.33 92.80 71.65 47.16 18.90 49.78 82.41 67.16
TCP 76.48 75.82 90.99 92.59 58.36 35.05 13.80 49.56 69.84 62.50
TextRefiner 77.32 77.23 88.88 92.86 59.08 52.60 27.72 59.24 85.67 68.96
MCCP 78.12 79.47 89.76 93.38 72.94 61.52 36.18 68.40 88.01 74.20

TE A ABUE R L a8, T R R IR AR

AR A S MCCP J5 A JUA B i 46 H I
T 74.20% W73 ARG R 0T IR X He ik, UESE

TR AR T RS — B P[] S s SO A bR i
DT AT RO o fH AR B A, TE Food-101 K4l 4
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b MCCP Jy ik B 43 S Afl 36 O 422 3 4 Wa B 27 ) i PR e
FM(93.38 vs. 94.94) , iIX KW MCCP J i B Kok H 1
R HIR B A] A3 20 2 BT ks B A 28000 SR B

HAKKF , MCCP J7 & #E LA Bl 4 b i £ 4
( BP Tiny-ImageNet, Food-101. Stanford Cars, DTD .
FGVC-Aircraft . ImageNet-A F1 ImageNet-R ) I HUfS | &%
PR AL 2 SR %, B 5 Bt J7 s i E A R 25 R
ANt 1.2%

(1) 515 5055 Wi B 2% 2] Jr A L, MCCP 715 1
4 o FEUER AT T ML 30%(74.20 vs. 38.77) , %
I MCCP J7 % HE 1 78 43 F ] CLIP A5 N K18 5 45 Al
B SE 5 T, DA i B A R S B A R R 2R T
117 1 95 553 Wi 2 9 7 9 ME LU S50 T 3 26 5 56 1A
1€ Stanford Cars VP54 I+, 15 5055 Wi B 22 ) 1 43
S e A AR , T MCCP 5 325 A9 43 25 i Rk 81 7
72.94% , 3% B JL R A4 B2 0007 B2 19 0 B R R AE o AH R
Z N ARG WE 2F ) 5 i TR G ik AR S AR 0 K
B, 7E 28 590 18] A5 8L 5% 755 1Y Stanford Cars B0 ¥E 45 [ JL
TR

(2) 5 H A3 7R 2 ) J7 A He, MCCP J5 2% 7 B
CIFAR-100 FlI Caltech-101 #h () & 4~ B4 4 1 35 B 5
THEAKPEREFE A . 7F Stanford Cars |, MCCP J7 ¥
[ 43 25 HE T R N 72.94% , 35 CuPL J ¥ & T 1.29%
(72.94 vs. 71.65) , 3 CoOp J7 15 #& T+ 6.73% (72.94 vs.
66.21) , B H A £ 7 2% 2] 7 B T I 10% (72.94 vs.
62.80) . /X4 MaPLe #l TCP J5 ¥ 43 % 7E CIFAR-100
Fl Caltech-101 %% 4% 4£ I B 5 T 0.78% (78.90 vs.
78.12) 1 1.23% (90.99 vs. 89.76) iy 1k RE 451 4% , 12 & 411
1F Stanford Cars Z0H5 % F 1 GE R A, 10 FE R R
FEAK T3 10%. 7E DTD . FGVC-Aircraft . ImageNet-A
Hl ImageNet-R iX 4 /¥ 46 4 [, MCCP 5 32 8¢ H Ath £12

N T B P TE T 8.92%(61.52 vs. 52.60) |
8.46% (36.18 vs. 27.72) . 6.93% (68.40 vs. 61.47) Fl
2.34%(88.01 vs. 85.67) . X FKH] MCCP J7 LKL — By
BeAo Ak 3 g A o B /R 2% 2, AN UAE Tiny-ImageNet
SEMLRLEE 25T 5 LRI SE 4 ), B AE Stanford
Cars . FGVC-Aircraft 55 24 5] [7] AH B AR =5 A 200 2 4
AL 5 LIPS WE W PERE L % .

(3) 5 3 T3 e #% o 2 PE S EF 10 D7 TR AR L, T
s& TMP J5 ¥ , MCCP J7 15 7E ImageNet-A %045 5 I U7
T 9.91% Wy B E TEREHE T (68.40 vs. 58.49) , 7F HAth %k
P B A R , B4 H AN R AR B i 1 re 4 Tt
ESUE T HMERE T S .

(4) 54 W82~ Jr ik CLIP LPS A kb , MCCP Jy
AR DR RAFEYERE 25 HE . X 2 o MCCP 2R
AW AR bR 7 07 3K, R T 55 W B 24 20 JE W5 ; 1 CLIP
LPS J7 ¥ R FH 4 W B =Rt A7 U1 45, vl DL PR B AL
PERE LR . MCCP J5 ¥ 1 & 110 3 3F A 7 4a %) 4 Ak
A B i TR AE A I AR e AR T 3R
W R AR T AR R T2, S T R 4 /N 55 W B 5
B Z M ERE 2.

mEe6 i, REFEREBHFEL LR RREH,
MCCP J7 35 7E Food-101 %4 48 1 HUAS T 93.38% 1y ifE
iR, B 2o Wy Hoai@ 3T 42 Wi B CLIP LPS J7 5 11 94.94%
XA 1 HUE B T MCCP J5 32 A8 9% MM B i 55 ) s
FEA A A 3002 20 3] i 2 s SUERIE . S T ik —
HBAUE MCCP 7 Bk A T 3L 4R AT TR A < W B PR AR B 2
JEHN7 FrPERE R . AT AN AR T 0 AR e 5K
P b RN A R A B REA B I S,
FTE A e W B REAR I 28500 S P B T4, X
A3 B T MCCP J5 3 FR AR J5 3 TMP 76 75 4> 28 1) 48
G LW R, BRSS R INER TR

xR CHHREEAREIN T EERREEERLN N EHILERE AL %
Table 7 Average classification accuracy for “categories with supervised samples” and “categories without supervised samples” unit: %
wm CIFAR-100 Tiny-ImageNet Caltech-101 Food-101 Stanford Cars
Shave Siss Shave Siniss Shave Siss Shave Siniss Shave S s
T™MP 85.69 61.17 82.98 59.26 96.83 55.49 98.69 74.86 76.80 20.62
MCCP 84.92 64.33 83.35 65.51 95.55 60.70 97.54 78.46 7743 28.25

T RLRB 25 i 4S5

BUCRE A B AN S, L, MCCP 7%
55 TMP B BE ARG , 22 B 7F 0.8% LAWY 5 (H7E 58 42 ik 2k
W REAE S S I, MCCP J5 ¥ AH# T TMP J& BR 1
TR R BE A M BB T R K AT 39%0~8% , WIE S T
MCCP J7 ¥ R FH K38 5 B8 kb 701 SUf5 B DL 22
B AR G 2 ) R A A KA <
4.4 BHEEIBIIEXE

gk — 2 B IE MCCP 5 ¥E 78 B UG S5 2 B 0 i

THZ AL BE 1, AT 7E Tiny-ImageNet £ 3% 45 I 5 A
BRI S, IF B 78 A M G B 4 (CIFAR-100
Caltech-101 | Food-101 1 Stanford Cars) I #F 47 3F A&
X BRI A 2 B AEAE 3 AT 55 5 0 49 o DA
XG5 28 BN AR 30 0 2 G 72 X O B R a] i
PEPEAR $R AL T 7S 1 56 IE PR 5T L BE S A SIS IE MCCP
TIPS T Wz AL RE 1 o 1 T X HJ7 2 TMP 5] A
TS KA TR AT SRR R T, AT R
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Table 8 Comparison of classification accuracy among different methods

in cross-dataset transfer scenarios unit: %

CIFAR- | Caltech- | Food- | Stanford | 3744
100 101 | 101 | Cars H
CoOP | 71.85 | 80.32 |89.77| 57.29 |74.81
CoCoOp | 74.43 | 82.98 |91.45| 64.99 |78.46
CLIPEiH! MaPLe | 75.01 | 83.56 |91.77| 65.97 |79.08
bRtk TCP 55.03 | 6239 [26.74| 6.74 |37.73
TextRefiner| 73.01 | 81.63 [90.85| 60.78 |76.57
MCCP | 76.74 | 8593 |92.11| 70.63 |81.35
CoOP | 75.65 | 83.71 |92.25| 65.38 [79.25
CoCoOp | 75.46 | 86.59 |92.42| 69.02 |80.87
MaPLe | 73.93 | 76.49 |91.34| 6226 |[76.01
TCP 57.95 | 76.20 |49.38| 11.35 |48.72
TextRefiner| 74.60 | 84.07 [91.70| 65.40 |78.94
MCCP | 76.34 | 8593 |92.43| 70.59 |[81.32

T MR B R I a5

AR, MCCP J5 ¥5 76 IS R 4R T B S0 06 vh 3R
PR O S 0 A S FE Y TG R AE CLIP B A AR VE (1)
FI WA O RO =2 (8] 0 2 AR N RS 0 b it 4
PEAEZ ], S TREM S ae R M. Bk
TN TARTE B 2 b iC Bdis S 22 18], o] DLE 3
(1)MCCP J7EAE CIFAR-100 . Food-101 F1 Stanford Cars
X3 B T R R R AR, T
Caltech-101 $ 45 8 A LA 0.66% 1414 BE 22 5 437 51) ¥k
i 5 (2) 7E Stanford Cars 4087 & 43 25 4F 55 vh , MCCP Jy
2 10 3 8 3 ZE HE R 53K 70.59% , B8 R A 7 5 CoCoOp
2T 1.57%; (3) 7 CIFAR-100 B4 4 |, MCCP J5 &
AT T 76.34% WiT B 70 280 R, B AL 7 1 CoOP
P25 0.69% 5 (4) 1E Food-101 £ ¥y 50 1 73 25 4F %5
MCCP J7 35 (W i 8% 4y R HER R o 92.43%, 5%k 6
“FE Food-101 $ 4 4 1 I 25 I D038 A% 1058 3] 3k 28
A, AAH 22 0.95%(92.43 vs. 93.38) . L iR E T #
PERBIRUE T MCCP J7 3% Jr 2% 2 (W) A0 3 1 SCERAE 1Y &
b IESE T MCCP J7 e i A 2k

FE CLIP 5% U B i 11 4] B s 12 B0 i 45 22 1], w] LU
DL WEL 45 B (1) MCCP J7 5 7 CIFAR-100 .
Caltech-101 . Food-101 FI Stanford Cars iX 4 4484 |
PIHUAS T e e B o0 FEUER 3, 40 I R A O vk i T
T 1.73% (76.74 vs. 75.01) . 2.37% (85.93 vs. 83.56) .
0.34% (92.11 vs. 91.77) 1 4.66% (70.63 vs. 65.97) , K
WETHBaNERIEETEES; QHEMBEZEN
S HRAY TR AT AL A R MER R EE B T TARID
AR FRFRI, 40, MaPLe J7 B0 1T 8 00 26

FIMPRICARM | R

NLFbRTE

HE 22 15 38 79.08% , B¢ HAE N Tohm v £ dis 48 1 i 45
H76.01% T4 T 3.07% ; MCCP J7 % LA 81.35% ) F 14
B o S HE A R S IR DU R, W = T HAE N TAR v
By 45 81.32% ., HJFE R T BB 7E T, FI Wi b
1C B BENLRAFEDL T AT A A — e U ) Ak B (G
T Dropout FEEHLECHE I 58R ) , 76 A T 5B bR 3 2 Wi s
TCECHE A I, 50 e AR Th A AE R S AR iC AR TR AN ]
G Hh B 24K R 5 T R CILIP 455 78 s 3 114 ) W s 2 B B
ETTREAE — B DM T X SE [ A DY BR TR, A
T AE TR 20175 0 N B0 H AR M At
4.5 SEE—HERIFEMIE S

AT FR N T AR B W7 brac £k 42, % e
$2 HH MCCP Jy 2w 19 = A — B A it e 647 T 91
Al S u AT, AR R LA 4 e s i E . (a) 2R
DR — B Ly (b) RBRSUARBLS —BbEf kR
Lp; Ce) A BF KBRS S — B R £, FSCARBLES
— BB R L5 () BB 53 B Be S 800 B R g A0
DA —BOEBR £ CARBES — SR R £ MBS
P25 20 2 U — B A8 S 2K Lo ELIEARINAE
ARG AT YN LR . T AR A KBS — 3K
P28 SR L pops T 50 ST 55 BT 065, DRI TG 6
HAATIE R BT . BARZE R NER 9 iR .

F9 ZES—HMRANUMIBMASLEBRE A%

Table 9  Classification accuracy of ablation experiments on multi-modal

consistency loss unit: %

CIFAR-| Tiny-Im- | Caltech- | Food- | Stanford Sy
100 ageNet 101 101 Cars i
V| V| Y| 7812 | 7947 | 89.76 |93.38| 72.94 |82.73

Lol Lo | Ly

v |V 77.24 | 79.15 | 89.54 |93.14| 72.44 |82.30
N Vo| 77.81 | 79.17 | 87.79 |93.18| 72.68 |82.33
N 77.19 | 79.07 | 89.18 |93.05| 72.40 |82.18

BRAGESH 7322 | 75.83 | 84.74 |89.05| 64.89 |77.55
T R

VLB FR AR SR AR (R B K PR

SR AR AR W], MCCP J7 3% v 9 = Fh— BV 49
A RSB 1 R B T BLAT AN R R JEE 1Y TR, 32 A0 RS R
— BRI R & SRR R AU B Bk
o (1) B8 B L 38 B 25 — BobE it 2k £, 5 0B 1 A
CIFAR-100. Tiny-ImageNet. Caltech-101, Food-101 #/I
Stanford Cars U35 45 [ 19 43 2 HE R 3K 43 ) F % 0.88%
(78.12—77.24) .0.32%(79.47—79.15) .0.22%(89.76—
89.54) .0.24% (93.38—93.14) . 0.50% (72.94—72.44 ) ;
(2) B bR SCA RS — BUERUR £, 3 BB AL AE CIFAR-
100, Tiny-ImageNet . Caltech-101, Food-101 #1 Stanford
Cars B4 45 1 (49 73 JE WERG 3 53530 T % 0.319%(78.12—
77.81) .0.30%(79.47—79.17) . 1.97% (89.76—87.79) .
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0.20%(93.38—93.18) .0.26% (72.94—72.68 ) ; (3) [a] i
25 PR AL BE RN SCAR S — B R £ R L S B A
1£ CIFAR-100 . Tiny-ImageNet , Caltech-101 , Food-101
Stanford Cars $CHE 4 I 19 43 23 e 1 R 53 il T B 0.93%
(78.12—77.19) .0.40%(79.47—79.07) .0.58%( 89.76—
89.18) .0.33% (93.38—93.05) . 0.54% (72.94—72.40) ,
S 43 K E R R R 0.55% (82.73—82.18) 5 (4) B4 1%
43 B BE 2 B0H B % W £E CIFAR-100 , Tiny-TmageNet |
Caltech-101 ,Food-101 1 Stanford Cars 34 % I A 7» 2
HERG R S 80T KR E T B, i KRR IR 8.05%
(72.94—64.89) , IF 5 TZIUC%E.LH 1) 5 By Bt = ﬂﬁ%ﬁ
R W ()7 RO RS B L R S S ARG IE T =
FHOHEIR R A R .

4.6 RIMEHRIERSEI R

Oy 56 UEAS SCAHEFH B SCAS 32 75 R 4 g (- ) FIRLGE

PR ¢, () B ROPE AT 3 TN AR A A
TS T W~ g 3 A C e A ) G N 1S L LS e -
(1) AR 3L MCCP J7 3 R JH 9 23 3 00 Ak A0 3 2 7% 190 4%
¢ (- ) FISCAEEIR P28 (- ) ] 422 26 IR 7R XA SRAIE 5
(2) HHARAL R T Ry 224%224x3 1 B4 L B K5k 77
B SCAS 91, Hovh 77 & CLIP SCAR #2718 F fo 40 19 J K
K, SLiRgs Bk 10 M 4 frws .

F10 TAMAERTRNEEHREROPLERE  111.%

Table 10  Classification accuracy of ablation experiment on textual and

visual prompt networks unit: %
” CIFAR- | Tiny-Ima- | Caltech- | Food- | Stanford Sy
J7 kR
100 geNet 101 101 Cars iz
MCCP 78.12 79.47 89.76 |93.38| 7294 |82.73
HIERA | 7717 | 79.04 88.01 |93.30| 7136 |81.78

T MR RS i A 5

< 90

Tgs

G

x

R 15
70

CIFAR-100

Tiny-ImageNet  Caltech-101

Food-101 Stanford Cars FiME

W MCCP W H AL

P4 SCRFILTE P 190 2650 i S 96070 26

HER R AL ]

Figure 4  Line chart showing classification accuracy of ablation experiment on textual and visual prompt networks
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