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Abstract: In recent years, the contrastive language-image pre-training (CLIP)-based method takes the text informa-
tion as the weight of the classifier through the joint representation of image and text and shows excellent performance in
the general image recognition task. However, the existing methods only construct text prompts of categories, such as con-
text optimization (CoOp) and conditional context optimization (CoCoOp), without considering the importance of image
content semantic information and categories, which limits the model’s understanding and discrimination of image catego-
ries. To solve the above problems, this article proposes a new method based on CLIP: discriminative category prompt
learning based on image content understanding (DCPL), which uses rich content features in images to learn text prompts
and introduces manual templates to improve the discrimination of text prompts on categories. Specifically, DCPL includes
a prompt generation module and a text supervision module: The prompt generation module takes image features and initial-
ized query vectors as inputs, and makes the output text prompt contain sufficient image semantic information through the
self/cross-attention mechanism; The text supervision module uses the fixed category prompt template as the supervision to
inject category information into the category level and logits level for the learnable text prompt, increasing the importance
of categories. Finally, the average accuracy of 16 shots of DCPL on 11 public classified datasets, such as ImageNet,

Caltech101, Oxford pets, etc., is 81.84%, The average accuracy has increased by 0.98 percentage points compared with that
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of the previous optimal method, Cross-Modal.
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R B TR 91 A TS S LA ALk B A 24 e 28 A 114 %1
BTN ASCAR SRS E T I B 245 B A IR U
TR 42T

T I 22 BEAS R E R AR T T R EUINT 55 1Y
R P T AR ALY (Visual Language Models, VM)
NE TA Ak F TRV 5 H 2R 5 403 (Natural
Language Processing, NLP) 40 1 @l A . VLM a9k
XY s T -G B 25 (Contrastive Language-Image
Pre-training, CLIP) ' Fl| F X o2t 7 4 4 424N B - S0A
X5, H 2 0 R 2D 0 8 T B R R AT SO
P 7 FFAE 22 [] B AR B RE >k S B T30V 3R 51 64 g
HICHHIMNING AL AR | PR A i R 5
7 A0 ] 2 A AT AT O T R B RS, A
Yy 5e o I B G SCAR TR | CLIP W] fE R ANE , 45
SR TE 5 YA 2 A () 3 b, H U
JEAR T BUAT CNN 5 ik, A fof B4 HboKs CLIP T2 A8 25 i
155 R BT B BIFFE A

Xf CLIP #EAT #7m PR & — A R i # 5 3, %
DaRr sl BUR - PINaa iUE VAN ek 1 B X R L = e B
TE AT S Bl ASE B 9 11 $2 T A CLIP 5 R AT 55 AH DT
e . FEiZ 5 ] b g A T2 bR SO Ak (Context Op-
timization, CoOp) "', 5 CLIP #1 It , CoOp B J5 A 1Y [ i
PEAR AU S — A Al 2 ) iy ) i AR SR R b Gl
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R1 HREFARE

YIRS A UIENES BiE/gk HUNEVES FTHR
Caltech101 100 4128 1649 2 465 a photo of a [class].
OxfordPets 37 2944 736 3669 a photo of a [class], a type of pet.
StanfordCars 196 6 509 1635 8041 a photo of a [class].
Flowers102 102 4093 1633 2 463 a photo of a [class], a type of flower.
Food101 101 50 500 20 200 30 300 a photo of a [class], a type of food.
FGVCAircraft 100 3334 3333 3333 a photo of a [class], a type of aircraft.
SUN397 397 15 880 3970 19 850 a photo of a [class].
DTD 47 2820 1128 1692 [class] texture.
EuroSAT 10 13 500 5400 8 100 a centered satellite photo of [class].
UCF101 101 7 639 1898 3783 a photo of a person doing [class].
itap of a [class].
a bad photo of the [class].
a origami [class].
ImageNet 1 000 1281 167 50 000 a photo of the large [class].
a[class] in a video game.
art of the [class].
a photo of the small [class].
b * ®2 BRASEBEELMRAERELR 7%
P YL - r—
( LR AL a:j [ e ] ik ImageNet | Caltech101 | SUN397 B
CLIP 66.84 93.04 62.43 74.10
1 CoOp 71.49 95.71 74.37 80.52
i CoCoOp 71.32 95.36 74.09 80.26
Tip-Adapter |  70.69 95.11 72.06 79.29
i MaPLe 71.90 95.30 76.00 81.07
% Cross-Modal 72.74 96.20 76.18 81.71
o) | DCPL 73.13 95.97 7635 81.82
e DCPL-F 73.81 96.40 76.61 82.27
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F3 BUSEHIEE FRIRAERESE 7%
TR 2R3 AR eI 7 1% Cross-Modal #2711 0.33 4~ F 49 o
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DA 77 Cross-Modal 43 3 F+ T 4.60.0.86.,0.72 4 CoOp 81.24 82.47 67.93 77.21
B s . g, DCPLIE 11 M EdRE ERIE M 81.84%, CoCoOp 79.81 81.37 68.52 76.57
5 L FE B 8 7 125 Cross-Modal 9 24 {8 £ 7 0.98 4~ 1 43 Tip-Adapter |  78.35 78.46 66.12 74.31
S E SRR F A%, DCPLAEADR: taPLe B | X | 97 | R0
FEAYSSIES LI TL RO B 0 B PM ey T | R M TR0 | R
el MR IBIT ) T RS2 T T R Eyres e
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JIXS bt 2 T A0 B Convpass i@ g #8 J& , Bt
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8 FIYIE N 82.48% , 5 DCPL WA E 4R T 0.64 1~ H 43
FUTERI T T A8 0 A - 1 S AR B G A A
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A%
ik StanfordCars FGVCAircraft OxfordPets Flowers102 Food101 ¥iE
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