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Motivation
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(a) a classification-based evaluator (b)amemc based evaluator Current works focus on close-set visual concepts,
(e.g.,[34,43,52, 64D (e.g [3,20,39,46,51,63]) where all the subcategories are pre-defined, and make
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(c) a vision-language evaluator with open-world knowledge



Method

Retrieval Module (§3. 1) Dual Prompt Scheme(§3. 2] Language-driven Evaluator (§3. 3)
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Open-set Knowledge Transfer (§3.4)
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Figure 2. Detailed illustration of prompting vision-language evaluator. See §3 for more details.



Experiments

CUB-200-2011 Stanford Cars 196 FGVC Aircraft
Method Arch |77 2 4 8 I 2 4 8 1 2 4 8
SCDA r1p,, [57] R50 || 573 702 81.0 884|483 602 718 818|565 67.7 77.6 857
CRL 5car,, [64] RS0 || 625 742 829 897|578 69.1 786 866 | 61.1 716 809 882
CEP gccvy, [2] R50 || 69.2 792 869 916|893 939 966 981 | - : - .
HDCL 1y0n,, [59] R50 || 69.5 79.6 86.8 924 | 844 90.1 941 965|711 81.0 883 93.3

DGCRL apaar,, [65] R50 || 679 79.1 86.2 918 | 759 839 89.7 94.0 | 70.1 79.6 88.0 93.0
DCML cvpr,, [62] R50 || 684 779 86.1 91.7 | 852 91.8 96.0 98.0 - - - -

DAS gccv,, [27] R50 || 69.2 793 87.1 92,6 | 878 932 96.0 979 - - - -
IBC 1cMm1L,, [41] R50 || 70.3 803 87.6 927 | 88.1 933 096.2 082 - - - -
NIA cvPRa, [40] R50 || 70.5 80.6 - - 89.1 934 - - - - - -
Proxy cvpr,, [17] BN || 71.1 804 874 925 | 8383 931 957 975 - - - -
HIST cvpr,, [29] R50 || 71.4 81.1 88.1 - 89.6 939 964 - - - - -

ETLR cvpr,, [17] BN | 72.1 813 &87.6 - 89.6 940 96.5 -
PNCA++ gccv,, [40] | RS0 || 722 82.0 89.2 935 | 90.1 945 97.0 0984 - - - -

Our PLEor R50 | 748 845 913 949 | 944 969 98.3 989 | 86.3 91.7 951 96.7




Dual Prompt Scheme

Dual Prompt Scheme(§3. 2]
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» Vision Prompt: To obtain the category-specific discrepancies, the
vision prompt aims to project the semantic features into a new
space where the location, scale and intensity of these discrepancies
are specified.

M=0(G(F), Vp=X®M, Vn=X® (M)

» Text Prompt: A text prompt is designed to generate appropriate text

descriptions automatically via keeping semantically coherent with
the category-specific vision prompt.
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Vision-Language Evaluator

Dual Prompt Scheme(§3. 2) Language-driven Evaluator (§3. 3)
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» Evaluator: the contrastive objective of vision-language evaluator
encourages the pre-trained CLIP model to locate the category-
Lerm specific descriptions in vision prompt and generate the category-

specific semantics into text prompt.
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Ablation Experiments

Table 1. Comparison of performance and efficiency on CUB-200-
2011 using different combinations of constraints. The first row
indicates that we use the tranditional classification-based classifier
(i.e., ResNet-50) as supervision, to replace the proposed PLEor for
comparison. “Time” is the time of extracted retrieval embeddings.

Leim Lerm  Lreg Lokt Recall@l  Time

66.3% 21.1ms
72.1% 42.3ms
74.4% 42.3ms
v 75.1% 42.3ms
v v 74.8% 21.1ms
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Table 2. Evaluation results of retrieval performance on CUB-200-
2011 dataset with/without the prompt learning. Hand-craft prompt
denotes that we use the handcrafted prompt template (”a photo of
a[-].”) in text prompt.

Prompt Recall@1
CLIP + Hand-craft prompt 71.5%
CLIP + Text Prompt 73.3%11 .5

CLIP + Vision&Hand-craft Prompt  72.4%.9.9
CLIP + Vision&Text Prompt 74.8% 1 3.3




Visualization Experiments
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(a) CUB-200-2011 Train Set (b) CUB-200-2011 Test Set

Figure 5. The nearest description for text prompt learned by
(a) Input (B) Leis () +Lreg () Leam+Lreg (&) + Lorm PLEor, with their similarity shown in grids.

Figure 4. Visualization of vision prompt based on classification-

based evaluator (b)(c) and our vision-language evaluator (d)(e),

respectively. + L means that we successively add this constraint,

L8, Hhveq= Lots +Lvegs F o= Lot + Lyeg + Lo



Conclusion

« A prompting vision-language evaluator, i.e., PLEor, is proposed. It can distill the
knowledge with open-world visual concepts from CLIP model to alleviate the problems
behind open-set scenarios. To our best knowledge, we are the first to regard CLIP model
as an evaluator specifically for OSFR task.

» PLEor provides timely insights into the adaptation of pre-trained CLIP model adopting

prompt learning, and crucially, demonstrates the effectiveness of a simple modification for
inputs of CLIP model in OSFR.

 PLEor achieves new state-of-the-art results compared with classification-based and
metric-based evaluators, which is significant gains of 8.0% average retrieval accuracy on
three widely-used OSFR datasets.
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