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' 1 Background & Motivation

« Multi-label image recognition is important yet difficult in data-scarce settings.
« Existing prompt tuning methods (e.g., CoOp) rely heavily on labeled images.

« Text data, however, is easier to collect and naturally labelable.

« Idea: Can we learn prompts using only texts instead of images?
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, 2 Comparison of Prompting Strategies

« (a) Traditional prompting: learns prompts using labeled images.

« (b) Tal prompting: uses free-form text descriptions & noun filtering to guide training.

« (c) Inference: learned prompts are used to classify new images.
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, 3 Method Overview — Tal Prompting Pipeline
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, 3 Method Overview — Tal Prompting Pipeline
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Figure 3. Visualization of correlations between the local class embedding L and sequential token feature from texts. Each class embedding
clearly correlates to words that describe the corresponding class (shown in highlight regions) rather than the global <EOS> token.

« Correlation heatmaps between class embedding \( L \) and tokens.
« High responses appear at meaningful class tokens (e.g., "car", "table") instead of generic tokens like "<EOS>".
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, Visualization
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Figure 5. Our learned double-grained prompt tuning is easy to
combine with existing prompt tuning methods with ensemble.

bottle chair tvmonitor

Figure 4. Visualization of correlations between the local class em-
bedding L and dense image feature. The learned class embeddings
can focus on the location of the object effectively.




, 4 Experiments
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Few-shot multi-label classification results on VOC2007

Few-shot multi-label classification results on MS-COCO
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Figure 6. Comparison of different methods in few-shot multi-label recognition on
VOC2007 and MS-COCO. Our zero-shot Tal-DPT can achieve comparable results with
methods trained by 16-shot labeled image samples. And learned prompt ensemble proofs
the complementarity between images and texts.

Number of captions used in Tal prompting

Figure 7. Ablation experiment on number of

texts and performance of Tal prompting on
VOC2007.




, 4 Experiments

Table 1. Comparison with zero-shot methods on VOC2007, MS-

COCO, and NUS-WIDE. Our proposed Tal-DPT outperforms Table 3. Comparison with existing multi-label few-shot learning

CLIP [33] by a large margin on all datasets. methods on MS-COCO. The evaluation is based on mAP for zero-
shot, 1-shot and 5-shot with 16 novel classes.

Method D)I:T VO7%2§O7 MS:’;(;CO NU?QNJDE Method 0-shot 1-shot 5-shot
ZSCLIP ' ' ' LaSO [] . 45.3 58.1
v 77.3 49.7 37.4 s o 13 _ Sl o
Tal X 86.0 61.1 44.9 TAL.DPT 50. ) ]
v 88.3 65.1 46.5




, 4 Experiments

Table 2. Results of integrating our Tal-DPT with partial-label multi-label recognition method based on pre-trained CLIP. Our approach
further improves the frontier performance of DualCoOp [37]. * indicates the results of our reproduction.

Datasets Method 10% 20% 30% 40% 50% 60% 70% 80% 90% | Avg.
SARB[32] | 712 750 771 783 789 796 798 805 805 | 77.9

vs.coco | DualCoOp[37] | 787 809 817 820 825 827 828 830 831 | 819
DualCoOp* | 81.0 823 829 834 835 839 840 841 843 | 833

+Tal-DPT | 815 826 833 837 839 84.0 842 844 845 | 83.6

SARB[2] | 835 886 907 914 019 922 926 928 929 | 90.7

DualCoOp [37] | 90.3 922 928 933 936 939 940 0941 942 | 932
PasealVRH200 DualCoI())p* 014 938 938 943 046 947 948 949 949 | 94.1
+TaLDPT | 93.3 946 948 949 951 950 951 953 955 | 94.8

USWIDE DualCoOp* | 540 562 569 574 579 579 57.6 582 588 | 572
+TaLDPT | 564 579 578 581 585 588 586 59. 59.4 | 583




, 5 Conclusion

Propose Text-as-Image (Tal) prompting : no image labels needed.

Introduce Double-Grained Prompt Tuning (DPT) for global & local understanding.

Demonstrated effectiveness in: Zero-shot . Few-shot . Partial-label settings

Compatible with existing image-prompt methods via ensemble.
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