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Motivation: Large-Scale Unlabeled Videos
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Motivation: The Excellent Power of MAE Pre-training

* Lack of Applications in Matching-based Downstream
Tasks:

* Video Object Tracking (VOT)
* Video Object Segmentation (VOS)

Masked autoencoders are scalable vision learners. CVPR 2022, K. He et al. J <
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Baseline Method

 MAE Pipeline:
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* TwinMAE Baseline
* Randonly sample 2-frames in a video.
* Perform random mask on the sampled dual frames.
* Input the masked frames to TwinMAE for reconstruction.
* Trained on Kinetic datasets.
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Visualization

* TwinMAE
e Reconstruction heavily relies on within-frame patches or spatial cues,
which may lead to sub-optimal temporal representations for matching-
based video tasks.

e Suboptimal temporal correspondence learning.
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Visualization

* The average within-frame and between-frame attention scores obtained by
TwinMAE and DropMAE in different decoder layers are shown in below.

* The attention score is calculated on 20 randomly sampled K400 validation
videos, and is averaged on all heads and locations.

[ ] TempMAE: Avg. within-frame atten.
N TempMAE: Avg. betw.-frame atten.
--| 2] DropMAE: Avg. within-frame atten.
I DropMAE: Avg. betw -frame atten.
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Overall Pipeline

* DropMAE
* Transformer Encoder.
* Transformer Decoder.
» Adaptive Spatial Attention Dropout (ASAD) Module.
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Adaptive Spatial Attention Dropout

* Focus more on temporal cues for reconstruction

* Goal: facilitate the temporal correspondence learning in
masked video pre-training.

* Temporal matching probability

* Intuitively, a query token that has a strong match in the other frame
should be a good candidate for ASAD, since in the absence of within
frame cues, it can still be reconstructed well using the temporal cues
in the other frame.

* Here, we define a temporal matching function f;.,,,(:) to measure the
temporal matching probability of the i-th query token:

ftem (i) = max (flz]), A= softmax o (A),
JEQ:(7)

Where A is the attention matrix of one head in a decoder layer,
Q. (i) denotes the temporal index set of the i-th query token. |
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Adaptive Spatial Attention Dropout

* Overall Dropout Probability Measurement

* The overall spatial-attention dropout probability at location (i, j) is
measured by using both the temporal matching probability and the
normalized spatial importance:

A

A j
z:jeﬂs(i) Aij

Wiaj — ftem (Z)

)

where Q. (i) is the spatial index set that contains all the other token
indices (i.e., excluding the query index itself) in the same frame as the
i-th query.

e Sampling for Dropout

* We draw N, elements from a multinomial distribution based on the
dropout probability matrix W.
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Visualization of f;o.,, (*)

* Visualization of the temporal matching function on an example frame pair. A large
value indicates that the i-th pixel matches well to a pixel in the other frame.
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Downstream Tasks

DropMAE
Resh:
Decoder eshape Pre-Trained Model

* Video Object Tracking (VOT) 1
D D D D D D e D D Initialization

* Use the state-of-the-art tracker OSTrack as our baseline. oo 1
* Replace its pre-trained ViT model as our DropMAE ViT model. a :m:'ji“*e“s [ VIT Backbone ]
* Fine-tuning on VOT task following the convention. 1) Usdatd soar Toons pos.

[
llll’l---ll llll,l-~ll DDDUPD-~DD
° V|deo ObjECt Segmentathn (VOS) [ Image Patch Linear Projection - ] [ Mask Linear Projection ]

e Build a ViT-based VOS baseline.
* Fine-tuning on VOS task.

g =

— it

Template Ffame

Search Frame

VOS Framework

[ Joint feature learning and relation modeling for tracking: A one-stream framework. ECCV 2022, B. Ye et al. B
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Experimental Results

e Comparison with the other pre-training approaches on VOT/VOS.

. . GOT-10k (VOT) DAVIS-17 (VOS)

Methods Pre-training Data  Epochs  Pre-train. Time (h) AO SRos SRors | J&F 7 s
No Pre-training - - - 62.7 72.8 53.7 69.5 66.9 722
Supervised IN1k [75] IN1IK 300 - 69.7 79.0 65.6 78.0 74.8 81.1
Supervised IN21k [68] IN21K 80 - 702 80.7 65.4 78.5 754  81.7
CLIP [67] INIK 32 - 674 768 60.0 73.6 70.5 76.7
MOCO-v3 [13] INIK 300 - 70.1 80.1 65.3 78.4 754 815
BeiT [2] INIK 800 103.1 674 768 60.0 76.1 727 794
MAE [37] IN1IK 1600 84 73.7 83.2 70.8 81.7 78.5 849
TwinMAE K400 400 20.7 722 832 65.9 79.3 764 823
TwinMAE K400 800 41.3 729  83.6 68.5 80.7 719 83.6
TwinMAE K400 1600 82.7 742 849 69.4 81.2 78.1 84.2
DropMAE K400 400 21.1 732 839 67.5 81.3 78.5 84.0
DropMAE K400 800 422 74.8 854 70.5 82.7 79.7 85.6
DropMAE K400 1600 84.4 758 864 72.0 83.1 80.2 86.0
DropMAE K700 800 924 759  86.8 72.0 83.0 80.2 85.7
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Experimental Results

* Comparison with state-of-the-art VOT approaches on four large-scale
challenging datasets.

GOT-10k [40] TNL2K [22] LaSOTey [29] LaSOT [20]
Method Source AO SRps SRo7s | AUC P | AUC Pxorm P | AUC Pxorm P
SiamFC [3] ECCVW16 | 348 353 9.8 295 286 | 230  31.1 269 | 336 420 339
MDNet [60] CVPRI6 | 299 303 9.9 - - | 279 349 318 | 397 460 373
ECO [20] ICCV17 | 316 309 1.1 | 326 317 | 220 252 240 | 324 338  30.1
SiamPRN++ [43] CVPRI9 | 517 616 325 | 413 412 | 340 416 396 | 496 569  49.1
DiMP [4] ICCV19 | 61.1 717 492 | 447 434 | 392 476 451 | 569 650 567
SiamR-CNN [77] CVPR20 | 649 728 597 | 523 528 | - ; - | 648 722 -
LTMU [19] CVPR20 - - - 485 473 | 414 499 473 | 572 ; 572
Ocean [107] ECCV20 | 61.1 721 473 | 384 377 | - - - | 560 651 566
TrDiMP [79] CVPR21 | 671 777 583 - - ; - - | 639 ; 61.4
TransT [14] CVPR21 | 671 768 609 | 507 517 | - - - | 649 738 690
AutoMatch [105] ICCV21 | 652 766 543 | 472 435 | 376 ; 430 | 583 - 59.9
STARK [95] ICCV21 | 68.8  78.1 64.1 - - - - - | 671 770 -
KeepTrack [57] ICCV21 - - - - - 48.2 - - 67.1 77.2 70.2
MixFormer-L [18] | CVPR22 | 70.7 800  67.8 - - - - - | 701 799 763
SBT [90] CVPR22 | 704 808 647 - - . - - | 667 ; 71.1
UAST [101] ICML22 | 635 741 51.4 - . ; ; - | 571 ; 58.7
SwinTrack-384 [50] | NeurIPS22 | 724 805 678 | 559 57.1 | 49.1 ; 556 | 713 : 76.5
AiATrack [33] ECCV22 | 69.6 800 632 - - | 477 556 554 | 690 794 738
CIAS0 [65] ECCV22 | 679 790 603 | 509 576 | - - - | 662 ; 69.6
SimTrack-L [10] ECCV22 | 698 788 660 | 556 557 | - - - | 705 797 -
OSTrack-384 [100] | BCCV22 | 737 832 708 | 559 567 | 505 613 576 | 711 811 1776
DropTrack Ours 759 868 720 | 569 579 | 527 639 602 | 71.8 818  78.1

)
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Experimental Results

 Comparison with state-of-the-art VOS approaches.

DAVIS-2016 [64]

DAVIS-2017 [66]

Method Source OL M S T&F 7 F T&F 7 F
RANet [23] ICCV19 v 85.5 85.5 85.4 65.7 63.2 68.2
STM [62] ICCV19 v 7/ 89.3 88.7 899 81.8 79.2 84.3
FRTM [69] CVPR20 v v 83.5 836 834 76.7 739 79.6
TVOS [104] CVPR20 v - - - 72.3 69.9 747
LWL [5] ECCV20 v 7/ - - - 81.6 79.1 84.1
CFBI [97] ECCV20 v 89.4 88.3 905 81.9 79.1 84.6
UniTrack [24] |NeurIPS21 v - - - - 58.4 -
STCN™ [16] NeurIPS21 v - - - 82.5 79.3 85.7
SSTVOS [27] CVPR21 v - - - 82.5 799 85.1
SWEM™ [52] CVPR22 v 89.5 - - 81.9 - -
RTS [63] ECCV22 v - - - 80.2 779 826
OSMN [56] TPAMII1S8 73.5 740 729 54.8 52.5 57.1
FAVOS [17] CVPRI18 81.0 824 795 58.2 546 61.8
VideoMatch [39] | ECCV18 - 81.0 - 56.5 - -
SiamMask [20] CVPRI19 69.8 71.7 67.8 56.4 543 585
D3S [54] CVPR20 74.0 754 T72.6 60.8 57.8 638
Siam R-CNN [54] | CVPR20 - - - 70.6 66.1 75.0
Unicorn [94] ECCV22 87.4 86.5 88.2 69.2 65.2 732
DropSeg Ours 92.1 909 933 83.0 80.2 85.7
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Data Sources

* Motion diversity in pre-training videos is more important than scene
diversity for improving the performance on VOT and VOS.

No. No. VOT VOS
Videos Actions AO SRos5 SRo 75 | T&F
K400 [40] 240,000 400 73.2 839 67.5 82.7
K600 [£] 390,000 600 745 855 69.5 82.8
K700 [9] 526,768 700 75.6 86.2 71.4 83.0
MiT [53] 802,244 339 75.1 855 70.6 82.8
WebVid [1] 240,000 - 128 834 613 81.5
WebVid [1] 960,000 - 734 850 69.5 82.9

Datasets
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Qualitative Results: VOT
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Qualitative Results: VOS
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Qualitative Results: Frame Reconstruction
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This PPT template is borrowed from https://mmcheng.net/cmm/, many thanks!

THANKS

https://github.com/jimmy-dq/DropMAE.git
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