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MotivatiOn Pre-training

® Previous methods require heavy
computation for pre-training.

® Can we guarantee performance
SMAUG
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Our proposed SMAUG
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(a) SMAUG method: adopt MAE to extract features and reconstruct original pixels.
(b) Token sparsification: reduce spatial redundancies for visible patches.

(c) Frame selection: take visual and textual features as inputs and outputs

the selected frames by the scores.

(d) Pre-training objectives: £ = Lytm + Lim + Lote + Linom.-

Experiments
Results on text-to-video retrieval task
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. MSRVTT DiDeMo ActivityNet Cap
Method PTDatasets  #Frame  po) Res R@I0 R@l R@5 R@I0 R@l R@5 R@I0
Pre-trained with >100M video-text pairs
HT100M [39] HT100M 16 149 402 52.8
HERO [29] HT100M 310 205 47.6 60.9 = = =
MMT [14] HT100M 1K/-3K 266 57.1 69.6 287 614 94.5
AVLNet [44] HT100M - 27.1 55.6 66.6 - - -
SupportSet [41] HT100M - 30.1 58.5 69.3
VideoCLIP [60] HT100M 960 309 554 66.8 - - -
VIOLET [12] YT180M+5M 4 345 630 734 326 628 74.7 - - -
All-in-one [53] HT100M+WebVid 9 344 654 75.8 327 o614 73.5 224 537 67.7
Pre-trained with <100M video-text pairs
ClipBERT [27] COCO + VG 16/16/8 220 468 59.9 204 48.0 60.8 213 49.0 63.5
Frozen [2] SM 4 31.0 595 70.5 31.0 598 724 - - -
ALPRO [28] SM 8 339 60.7 73.2 359 675 78.8 - - -
Singularity [26] 5M 1 36.8 659 75.5 474 752 84.0 43.0 706 81.3
Singularity [26] 17™M 1 415 68.7 77.0 539 794 86.9 47.1 75.5 85.5
Ours M 1 40.6 67.6 71.5 49.2 76.7 85.6 448 72.2 82.7
Ours 17M 1 440 704 78.8 55.6 80.8 88.4 492 769 86.8
Influences of different components
. : . MSRVTT
Masking Ratio PT Time R@1 R@5 R@I0 ) . MSRVIT
Keeping Rate PT Time R@1 R@5 R@I0
0% 74.9 hours 40.7 66.6 76.7
10% 70.8 hours 40.5 663 765 0.6 44.8 hours 375 642 746
25% 64.6 hours 40.1 65.7 76.0 07 47.6 hours 382 647 75.3
50% 50.4 hours 39.3 65.4 75.6 0.8 50.4 hours 393 65.4 75.6
65% 443hours 381 642 750 09 53.8hours 398 659  76.0
. . MSRVTT
Frame Selection PT Time R@1 R@5 R@I10
Single-frame selection MAE VTS FS PT Time MSRVTT
1 50.4 hours 393 654 75.6 R@l R@5 R@I10
41 oA R O G- T X X X 1445hours 426 688 792
Multiple-frame selection v X X 93.5 hours 420 684 787
j:g 783)’; :'10““ ﬂ? ggg ;;g v/ X 8 5hours 416 679 783
b ours . i i
4 $2.5hours 417 683 783 v 4 4 77.8 hours 412 678 719
8—4 100.3 hours 42.8 69.2 79.5

Analysis & Visualization

. MSRVTT
Method PT Time R@l R@5 R@I10
Singularity* [26] 83.4hours 368 659 755
Ours* 753 hours 406 67.6 775
Singularity ™ [26] 2853 hours 415 687 770
Ours™ 198.2hours 44.0 704 788

Caption: A man is talking

Green box: the selected frame

Caption: Aerial shot of tractor raking grass for combine to silage
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Prediction for masked patches



