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A. Discussion on Non-parameter-efficient
Methods

Methods Params (M) ‘ R@1 R@5 R@10 MnR|MdR|
X-Pool [3] 1.3(1.1%) | 40.5 648 750 189 20
VoP¥ 0.1(0.1%) | 426 684 787 158 2.0
X-Pool [3]+VoP 1.4 (1.2%) | 43.1 69.5 795 145 2.0

Table 1. Comparison with non-parameter-efficient X-Pool [3]
after freezing the CLIP backbone. The t2v retrieval results are
obtained on the MSR-VTT-9k dataset.

Our work aims to greatly reduce the overall storage
costs while achieving promising cross-modal retrieval per-
formance. Related non-parameter-efficient methods [3,7, 8]
requires to fine-tune the additional parameters together
with the CLIP backbone, which results in an unaffordable
overhead. Despite the potential for better performance,
these methods contradict our purpose. Therefore, they are
not included in the fundamental comparison for fairness. To
illustrate the value of studying parameter-efficient methods,
in Tab. 1, we compare with the state-of-the-art X-Pool [3]
by freezing the CLIP backbone. We observe that without
fine-tuning the backbone, X-Pool underperforms our VoPF
with much more parameter overhead. And equipping
our simplest VoP significantly boosts its performance with
negligible additional parameters. The comparison results
demonstrate the superiority of our proposed methods as
parameter-efficient solutions.

B. Retrieval Results with ViT-B/16

In this section, we change the visual encoder to a ViT-
B/16 to examine all solutions including ours with a heavier
backbone. Compared to the default ViT-B/32, ViT-B/16
splits the image into more and smaller 16x16 patches,
increasing the computational effort to learn more detailed
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Methods Params (M) |R@1 R@5 R@10 MnR| MdR|]

Full 118.1 (100%) | 449 722 81.7 135 2.0

Bias [1] 0.1 (0.105%) | 422 685 782 139 2.0
Proj [5] 0.7 (0.555%) | 39.1 65.7 1756 17.6 2.0
Partial [5] 7.7(6.506%) | 43.0 693 785 158 2.0

Adapter®T™N [4] 2.0 (1.680%) | 41.7 66.4 766 15.1 2.0
Adapter™™ [2]  2.0(1.680%) | 414 665 770 150 2.0

Ju et al. [6] 4.8 (3.990%) | 36.7 646 6.8 - 2.0
VoP 0.1(0.104%) | 434 69.1 805 142 20
VoPP 0.5(0.448%) | 439 700 809 129 2.0
VoPC 143 (12.077%) | 446 71.8 802 146 20
VoPF 0.1(0.104%) | 46,5 73.0 815 124 20
VoPF+P 0.4(0.333%) | 47.1 724 81.8 129 2.0
VoPF+C 14.1(11.962%) | 477 724 822 120 20

Table 2. t2v results on the MSR-VTT-9k dataset with ViT-B/16.

relational information while slightly reducing the number
of parameters (118.1M v.5.119.8M). We here report the
t2v results obtained on MSR-VTT-9k in Tab. 2 and also
compare with the method proposed by Ju et al. [6]. Several
observations as follows: (1) Our VoP now outperforms
all parameter-efficient tuning protocols including Partial,
showing its ability to effectively transfer the latent knowl-
edge with fewer trainable parameters. (2) The proposed
video prompts still steadily reinforce VoP, where VoPF and
its variants outperform Full. (3) equipping with two video
prompts brings a 3.7% to 4.3% improvement to VoP, and
our VoP™€ even yields a remarkable t2v R@1 47.7%.

C. Detailed Retrieval Results

We here report the detailed retrieval results on MSR-
VTT-7k (Tab. 3), DiDeMo (Tab. 4), ActivityNet (Tab. 5),
LSMDC (Tab. 6) for reference. Note that these results are
obtained using CLIP with ViT-B/32 unless otherwise stated.
The conclusions in these tables are generally consistent with
those from the above experiments.



t2v v2t
Methods Params (M) | g@; R@5 R@10 MnR| MdR| | R@1 R@5 R@10 MnR| MdR|
Full 119.8 (100%) | 409 67.9 784 183 2.0 417 69.6 797 127 2.0
Bias [1] 0.1(0.104%) | 397 659 767 179 2.0 412 666 789 140 20
Proj [5] 0.7 (0.547%) | 360 63.6 746 214 3.0 369 636 746 178 3.0
Partial [5] 7.7(6.410%) | 392 640 747 209 3.0 377 636 749 169 3.0
Adapter®TT™N [4] 2.0 (1.655%) | 39.6 654 768 168 2.0 416 676 798 124 2.0
Adapter™™ [2] 2.0(1.655%) | 399 653 769 168 2.0 416 676 792 127 2.0
VoP 0.1(0.103%) | 397 667 719 167 2.0 414 688 808 125 2.0
VoP? 0.5(0.441%) | 406 660 767 166 2.0 416 690 795 123 2.0
VoPC€ 143 (11.898%) | 40.0 67.3 782 170 2.0 417 694 791 123 2.0
VoPF 0.1(0.103%) | 420 674 782 162 2.0 428 684 798 123 2.0
VoP¥+P 0.4(0328%) | 435 68.1 792  16.0 20 | 434 710 804 113 20
VoPF+C 14.1 (11.785%) | 427 682 793 159 2.0 42 696 808 114 20

Table 3. Retrieval results on the MSR-VTT-7k dataset.

t2v v2t
Methods Params (M) | g@; R@5 R@10 MnR| MdR| | R@1 R@5 R@10 MnR| MdR]
Full 119.8 (100%) | 41.6 684 782 177 2.0 402 684 787 119 20
Bias [1] 0.1(0.104%) | 365 634 752 248 3.0 36.8 657 758  15.1 2.0
Proj [5] 0.7 (0.547%) | 356 613 72.6 244 3.0 345 609 726 188 3.0
Partial [5] 7.7(6.410%) | 393 655 757 223 2.0 369 642 745 170 20
Adapter®T™N [4]  2.0(1.655%) | 36.4 628 739 235 3.0 363 644 748 154 2.0
Adapter™™ [2] 2.0(1.655%) | 363 634 754 229 3.0 356 643 756 148 3.0
VoP 0.1(0.103%) | 382 669 761 198 2.0 381 657 765 135 2.0
VoP? 0.5(0.441%) | 389 677 78.1 172 2.0 406 683 786 11.6 2.0
VoPC€ 143 (11.898%) | 40.0 680 785 183 2.0 39.1 653 767 138 3.0
VoPF 0.1(0.103%) | 447 708 79.7 157 2.0 435 709 814 98 2.0
VoP¥+P 0.4 (0.328%) | 453 723 804 13.8 2.0 47 712 811 9.9 2.0
VoPF+C 14.1(11.785%) | 464 719 815  13.6 20 | 444 718 818 95 2.0

Table 4. Retrieval results on the DiDeMo dataset.

t2v v2t
Methods Params M) | @1 R@5 R@10 MnR| MdR| | R@1 R@5 R@10 MnR| MdR|
Full 119.8 (100%) | 36.8 669 80.1 9.3 3.0 389 701 819 84 2.0
Bias [1] 0.1(0.104%) | 313 603 742 134 3.0 337 638 716 114 3.0
Proj [5] 0.7 (0.547%) | 29.8 59.1 733 142 4.0 31,1 606 746  13.1 3.0
Partial [5] 7.7(6.410%) | 33.6 640 778  10.6 3.0 334 646 778 102 3.0
AdapterT™N [4] 2.0 (1.655%) | 31.6 60.5 744  13.1 3.0 333 636 771 11.3 3.0
Adapter™™ [2] 2.0(1.655%) | 318 61.0 750 12.8 3.0 336 639 773 111 3.0
VoP 0.1(0.103%) | 323 619 755 124 3.0 337 647 772 111 3.0
VoP? 0.5(0.441%) | 32.8 623 754 123 3.0 348 650 782 107 3.0
VoPC 143 (11.898%) | 32.6 625 765 120 3.0 342 648 784 107 3.0
VoPF 0.1(0.103%) | 346 626 764 116 3.0 355 65.1 774 102 3.0
VoPF+P 0.4 (0.328%) | 36.1 655 78.5 109 30 363 659 792 101 3.0
VoPF+C 14.1(11.785%) | 35.1 637 776 114 3.0 356 659 778 104 3.0

Table 5. Retrieval results on the ActivityNet dataset.

t2v v2t
Methods Params M) | @1 R@5 R@10 MnR| MdR| | R@1 R@5 R@10 MnR| MdR]
Full 119.8(100%) | 22.0 399 499 56.8 11.0 | 219 400 482 507 120
Bias [1] 0.1(0.104%) | 174 362 449 732 140 | 180 360 449 622 150
Proj [5] 0.7(0.547%) | 157 327 408 837 200 | 17.1 326 399 764 210
Partial [5] 7.7(6.410%) | 180 338 418 799 180 | 159 332 415 723 180
Adapter®T™N [4] 2.0 (1.655%) | 184 380 464  68.9 130 | 197 376 463 554  13.0
Adapter™™ [2] 2.0(1.655%) | 187 389 473  63.6 130 | 198 384 470 578 120
Juetal [6] T 4.8(3.990%) | 18.8 385 479 - 12.3 - - - - -
VoP 0.1(0.103%) | 19.0 379 465 669 140 | 185 36.1 453 595 140
VoP? 0.5(0.441%) | 192 383 473 644 120 | 197 389 481 554 120
VoPC€ 143 (11.898%) | 20.4 400 48.1 659 120 | 203 387 485 569 11.0
VoPF 0.1(0.103%) | 206 395 49.1 603 110 | 212 394 492 523 110
VoP¥+P 0.4 (0.328%) | 20.7 407 497 59.1 110 | 215 406 507 508  10.0
VoPF+C 14.1(11.785%) | 21.1 409 49.6  60.1 110 | 223 403 507 511 100

Table 6. Retrieval results on the LSMDC dataset. T denotes that it uses CLIP with ViT-B/16.
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