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Cap4Video: What Can Auxiliary Captions Do for
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Key Innovation
(a) Zero-Shot Caption Generation
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We leverage the knowledge of large-scale vision-language models (VLMs), such as CLIP, and
large language models (LLMs), such as GPT-2, to generate diverse captions for arbitrary videos.

(b) Captions for Text-Video Matching
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Our Cap4Video improves upon existing text-video retrieval methods through three key aspects.
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Background: Text-Video Retrieval

Query-Video Matching
[ Video ]< --------------------- >[ Query ]

(1) Global embedding matching (2) Fine-grained embedding matching
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Query- Matching: Two typical mechanisms



Our Method

A demonstration of our Contrastive training
Video Vi Vy e Vi
Encoder : :
\ 1 Video-Caption 0
g (- Interaction Q.Z
Video shows a girl singing Captlon Q MatChing S ’ )
in front of the audience. Encoder ov 0.
iPositive Sample Weight Sharing QC Matching S S Similarity matrix
. . - ocC
A girl
girls performing a song on Query T

the stage for competition.

Encoder
Query-Caption Matchin -Caption Interaction
y-Lap g p
Captions embeddings x L
- M S, )
Tt T 1 ) ---- o I I
L exp/ B |32 1xP s T ms | T
| |— 5 T > S |- LINUZE] e | B3 -
1 1 = I S Q 1 1 8 % 1 1 O ‘\h 1 1
1 1 o ® Q Q | | a 9 1 i Q 1 1
1 1 S Q o 1 1 ) 3 I 1 Q ~ | 1
1 Q. S e = 3 : 1 (g 3 1 1
N \ ) 0C —] R ) TR
I \____/ =
I xD —
Query [CLS] embedding Caption Embedding | | Frame Embedding




Learning Objectives

Query-Caption Matching Loss
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Experiments

B Experimental results:

® Comparison to the state-of-the-art methods on text-video retrieval.

B Datasets:
® MSR-VTT: ~10K video videos, each having 20 captions;
® DiDeMo: ~10K videos paired with 40K description;
® VATEX: ~35K videos, each with multiple annotations;

® MSVD: 1970 videos with 80K captions, with ~40 captions on average per video.



Method R@1 R@5 R@10 MdR MnR

[ ] [ ]

Comparisons with SOTAs CELn 156 409 - 82 -

CLpBERT[19] 21.1 473 61.1 63 -

Frozen [2] 31.0 598 724 3.0 -
Method Venue Text — Video Video — Text TMVM [20] 365 649 754 3.0 -

R@1 R@5 R@10 MdR| MnR| | R@1 R@5 R@10 MdR| MnR| CLIPAClip [24] 428 685 792 20 189

ClipBERT [19] CVPR20 | 220 468 599 6.0 - - - - - TszNet[] - 418 716 8.0 20 148
MMT [10] ECCV’20 | 266 57.1 696 40 - | 270 575 697 37 213 pauan 1241 jg-g ;gg oe 2o 120
T2VLAD [39] CVPR21 | 295 590 7001 40 - | 318 600 711 30 36] O 700 8 29 -
SupportSet [29] ICLR’21 | 301 585 693 3.0 - 285 586 716 3.0 - Cap4Video 520 794 875 1 105
Frozen [2] ICCV’21 | 325 615 712 30 - - - - - - .
BridgeFormer [12] CVPR’22 37.6 64.8 75.1 - - - - - - - Results on DiDeMo dataset
TMVM [20] NewrlPS'22 | 362 642 757 3.0 - 348 638 737 3.0 - Mothod R@L R@5 R@10 MR MuR
CLIP-ViT-B/32 CE [21] 198 490 638 60 -
CLIP4C11p [2*‘] arXiv’21 44.5 71.4 81.6 2.0 15.3 42.7 70.9 80.6 2.0 11.6 SUPPORT [29] 28.4 60.0 72.9 4.0 -
CenterCLIP [48]  SIGIR'22 | 442 716 81 20 151 | 428 717 82 20 109 CLIP [30] 370 641 738 30 -
CAMOE [7] arXiv’21 446 72.6 81.8 2.0 13.3 45.1 724 83.1 2.0 10.0 Frozen [2] 337 647 763 3.0 -
CLIP2Video [9] arXiv'2l | 456 726 817 20 146 | 435 723 81 20 102 TMVM [20] 367 674 813 25 -
X-Pool [13] CVPR'22 | 469 728 822 20 143 - - - - - CLIP4Clip [24] 452 755 843 20 103
QB-Norm [4] CVPR'22 | 472 730 830 20 - - - - - - X-Pool[13] 472 774 860 20 93
TS2-Net [22] ECCV'22 | 470 745 838 20 130 | 453 741 837 20 9.2 CopdVideo 518 808 883 1 53
DRL [36] arXiv'22 | 474 746 838 20 - 453 739 833 20 - T
Cap4Video 493 743 838 2.0 120 | 471 737 843 2.0 8.7 Results on MSVD dataset
CLIP-ViT-B/16

Method R@1 R@5 R@10 MdR MnR
CLIP2TV [11] arXiv'2l | 483 746 828 20 149 | 465 754 849 20 102 b @1 R®S RO t
CenterCLIP [48] ~ SIGIR’22 | 484 738 820 20 138 | 477 750 833 20 102 HGR [6] 351 735 85 20 -
TS2-Net [22] ECCV'22 | 494 756 853 20 135 | 466 759 849 20 89 CLIP[50] ~ 397 723 822 20 128
DRL [36] arXiv'22 | 502 765 847 1.0 - | 489 763 854 20 - SUPPORT [29] 449 821 897 10— -
Cap4Video 51.4 757 839 1.0 124 | 49.0 752 850 _ 2.0 g CLIPACLip [24] 55.9 89.2° 950 1.0 39

Clip2Video [9] 57.3 90.0 955 1.0 3.6
QB-Norm[4] 588 883 938 10 -
Results on MSR-VTT 1K dataset TS2-Net[22] 59.1 900 952 10 3.5

Cap4Video 66.6 93.1 97.0 1 2.7
Results on VATEX dataset



Ablation Studies

Method Global Matching Fine-grained Matching
R@1 R@S5 R@10 MdR| MnR| | R@l R@5 R@10 MdR| MnR|
Baseline 428 704 79.0 2 16.6 45.7  73.7 82.6 2 13.1
+Different Sources of Caption as Data Augmentation
Video Title from Source URL | 43.8 71.1 80.9 2 15.1 443 727 83.5 2 13:1
Zero-shot Video Captioning 44.2  70.7 81.5 2 16.2 463 725 81.7 2 12.9
+Different Number of Captions for Data Augmentation
Top-1 44.2 70.7 81.5 2 16.2 463 725 81.7 P 12.9
Top-3 433  T71.7 81.6 2 15.0 455 73.8 82.4 2 12.7
Top-5 434  70.6 80.4 2 16.2 45.6  72.7 82.7 2 12.9
+Video-Caption Feature Interaction
Video Only 442  70.7 81.5 2 16.2 46.3 725 81.7 2 12.9
Sum 438 715 80.3 2 16.1 472  73.3 82.8 2 13.1
Concat-MLP 37.5 66.1 78.4 3 15.7 40.0 68.7 79.9 2 12.7
Cross Transformer 446 71.6 80.3 2 14.6 479 754 83.0 2 115
Co-attention Transformer 453 712 80.9 2 15.0 485 74.0 82.5 2 12.7
+Query-Caption Matching Score
Query-Video Only 453 T71.2 80.9 2 15.0 48.5 74.0 82.5 2 12:7
Query-Caption Only 303 552 67.5 4 26.4 303 55.2 67.5 4 26.4
Query-Video + Query-Caption | 45.6 71.7 81.2 2 14.8 493 742 83.4 2 12.1

Component-wise evaluation of our framework on the MSR-VTT 1K validation set.



Visualization

Query7765 : a person is discussing a car. Query9616 : person is recording the brown horse which is having fun.
Video Rank + Caption Rank Video Rank + Caption Rank
T A—— video of the horse jumping over
6 , o, 1 2 a fence at Ranch in Nevada 1
recording the driver s voice.
was captured on camera.
Tideaishovine teaarn video showing animation of
4 : 1 a horse’s simulation, which 2
a parking spot. :
simulates the game.
video of SUV in the video video showing a horse
9 below shows a salesman 3 4  |simulation video game in which 3
talking to an audience. you could see your avatar
being animated by the camera.

The text-video results on the MSR-VTT 1K-A test set. Left: The ranking results of the query-
video matching model. Right: The ranking results of Cap4Video, which incorporates generated
captions to enhance retrieval.



Conclusion

* We explore a novel problem: leveraging auxiliary captions to further enhance
existing text-video retrieval.

* We propose the Cap4Video, which maximizes the utility of the auxiliary captions
through aspects: 1) Input data augmentation for training, 2) Intermediate
video-caption feature interaction for compact video representations, and 3) Output
score fusion for improved text-video retrieval.

* Our Cap4Video improves the performance of existing query-video matching
mechanisms, including global matching and fine-grained matching. It has achieved
state-of-the-art performance across four standard text-video retrieval benchmarks.
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