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Abstract To address the issues of prolonged processing time, low efficiency, and high data complexity in the
classification of Chinese intangible cultural heritage (1CH) artworks, this paper proposes a context-based text
prompt tuning strategy based on a pre-trained vision-language model. This approach introduces trainable con-

text optimization soft prompts, enabling the model to quickly adapt to downstream classification tasks under
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limited sample conditions, thereby effectively reducing training time and improving convergence speed. Specif-

ically, the proposed method integrates text features generated by the soft prompts with the original features of

the pre-trained vision-language model through an attention mechanism, and optimizes the embedded represen-

tations via a contrastive loss function. This mechanism significantly reduces the embedding discrepancy be-

tween the two types of features, preventing the model from overfitting to visible base categories and enhancing

its generalization ability to unseen classes. Moreover, the retention of original features helps mitigate cata-

strophic forgetting during training, ensuring high classification accuracy even under few-shot conditions. Ex-

perimental results demonstrate that the proposed method improves classification accuracy by 1. 79% , enhances

generalization by 10. 4% , and maintains low computational cost.
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Tab.1 Accuracy comparison of different models in the base-to-new class generalization experiment
Base New H Base New H Base New H
CLIP 60.87 56.46  57.40 CLIP 72.08 77.80 74.83 CLIP 61.90 63.00 62.45
CoOp 85.60 47.40 61.01 CoOp 97.63 69.55 81.23 CoOp 75.80 58.03  65.74
CoCoOp  80.23  57.33  66.87 CoCoOp 94.87 71.75 81.71 CoCoOp 74.12  67.87 70.86
Ours 86.31 57.59 69.08 Ours 97.49 78.60 87.03 Ours 76.33 66.52 71.09
(a) Average over 5 datasets (b) Flowers102 (¢) Stanford Dogs
Base New H Base New H Base New H
CLIP 53.00 61.10 56.76 CLIP 44.90 43.80 44.34 CLIP 72.45 36.60  48.63
CoOp 85.39 46.96  60.60 CoOp 78.19  30.20 43.57 CoOp 91.01 32.25 47.62
CoCoOp  74.58 60.05  66.53 CoCoOp 67.19 45.79 54.46 CoCoOp  90.38 41.17  56.57
Ours 85.66 58.99  69.86 Ours 79.28 41.20 54.22 Ours 92.80 42.65 58.44
(d) Fruit92 (&) Veg200 (f) Heritage
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