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Text-video retrieval Is important
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Introduction Equipping with Three Plug-and-Play Video Prompts
. Leveraging the pre-trained CLIP for text-video cross-modal Motivation: Assisting VoP in utilizing rich temporal information.
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* a strong baseline VoP that effectively adapts CLIP to text-video prompts by deploying in deep layers ci—1;]| [Ei_1y] [ PP i
retrieval with only 0.1% parameter storage. (VoPF+P [ Vo PF*C), ——
three wdep_—specmc prompts respectively con_dltloneo! on_the Experl ments
frame position, frame context, and layer function, delivering an
average R@1 improvement of up to 4.2% for VoP, and therefore Main Results (CLIP ViT-B/32) ; y
exceed full fine-tuning by up to 1.4% with much fewer trainable Methods Params M) | R@1 R@5 R@10 MnR, MdR| | R@1 R@5 R@10 MnR| MdR]
Full 119.8 (100%) | 41.7 69.2  79.0 16.5 2.0 425 709 814 11.0 2.0
parameters. Bias [6] 0.1(0.104%) | 397 665 773 173 20 | 411 684 792 136 20
k Proj [17] 0.7 (0.547%) 37.1  63.0 76.1 20.5 3.0 372 64.6 759 16.7 3.0
Partial [17] 7.7 (6.410%) 39.8 653 759 19.3 2.0 379 66.1 17.4 15.5 3.0
Our Proposed Fram ewor Adapter®™ [12] 2.0 (1.655%) 376 63.2 758 18.7 3.0 396 665 768 14.7 2.0
. : . . Adapter™™ [7] 2.0(1.655%) | 382 635 764 179 3.0 399 66.8 777 142 2.0
Baseline: 1) VoP (Text-Video Co-operative Prompt Tuning) VoP 0.1(0.103%) | 396 667 718 172 20 | 421 688 807 124 20
_ _ VoP? 0.5(0.441%) 40.1 65.7 717.7 16.9 2.0 425 700 799 12.4 2.0
Motivations: VoPt 143 (11.898%) | 40.8 68.1 79.0 158 20 | 423 701 811 114 20
_ _ VoP* 0.1 (0.103%) 426 684 78 15.8 2.0 424 705 81.0 11.0 2.0
« Learning prompts only for the text branch overlooks the potential VoP*+F 04(0328%) | 435 693 793 148 20 | 436 712 812 110 20
! : : VoPF+C 14.1 (11.785%) | 44.6 69.9 80.3 16.3 2.0 445 70.7 80.6 11.5 2.0
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39.6 A man looks up towards a cathedral’s organ pipes and talks to a

Textual Visual | R@1 R@5 R@10 | MnR| MdR]

31.5 528 63.6 | 429 5.0
v 36.5 627 5.1 18.3 3.0
36.3 634 750 | 203 3.0
v 39.6 667 778 | 17.2 2.0
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