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O B acC kg roun d Masked Autoencoders As Spatiotemporal Learners

u Christoph Feichtenhofer Haoqi Fan® Yanghao Li Kaiming He
B Video MAE ’ M ALFAR g
https://github. com/faceboockresearch/mae_st

pre-train set # pre-train data  pre-train method K400 AVA SSv2
= - none (from scratch) 71.4 = -
INIK 1.28M supervised 78.6 17.3 50.2
INIK 1.28M MAE 82.3 26.3 65.6
K400 240k supervised - 21.6 a7
K400 240k MAE 34.8 31.1 721
K600 387k MAE 84.9 325 73.0
K700 537k MAE n/a’ 33.1 73.6
IG-uncurated 1M MAE 84.4 34.2 73.6

MAE ViT-B 16 x 224° | 81.3 | 94.9 180 x3 % 7 87

MAE ViT-L 16 x 2242 | 84.8 | 96.2 | 598 x3 x 7| 304

MAE ViT-H 16 x 224* | 85.1 | 96.6 | 1193 x3 x 7| 632
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dataset training data from scratch MoCo v3 VideoMAE

K400 240k 68.8 74.2 80.0
Sth-Sth V2 169k 326 54.2 69.6
UCF101 9.0k 514 81.7 91.3

HMDBS51 3.5k 18.0 39.2 62.6
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® Background

B VideoMAE vs VideoMAE
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® Background

B AdaMAE (CVPR 2023)
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® Background

®m HPM (CVPR 2023)
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B Dual Masking for VideoMAE
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® Method

B Dual Masking for VideoMAE
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® Method

B Scaling VideoMAE
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® Experiments

B Action Classification

method pre-train data data size epoch ViT-H ViT-g
MAE-ST [2§] Kinetics400 0.24M 1600 85.1 -
MAE-ST [2¥] IG-uncurated M 1600 - -
VideoMAE V1 [90] Kinetics400 0.24M 1600 86.6 -
VideoMAE V2 UnlabeledHybrid 1.35M 1200 81.5 (77.0) 85.4 (81.3) 86.9 (83.2) 87.2 (83.9)
AAce. with V1 - +0.3% -

Table 3. Results on the Kinetics-400 dataset. We scale the pre-training of VideoMAE V2 to billion-level ViT-g model with million-
level data size. We report the fine-tuning accuracy of multiple view fusion (5x3) and single view results in the bracket. All models are

pre-trained and fine-tuned at the input of 16 X224 x224 and sampling stride T = 4.

method pre-train data data size epoch ViT-H ViT-g
MAE-ST [2%] Kinetics400 0.24M 1600 74.1 -
MAE-ST [2%] Kinetics700 0.55M 1600 755 -
VideoMAE V1 [20] Something-Something V2 0.17M 2400 74.8 -
VideoMAE V2 UnlabeledHybrid 1.35M 1200 71.2 (69.5) 75.7 (74.00) 76.8 (75.5) 77.0 (75.7)
AAcc. with V1 - - - + 2.0% -

Table 4. Results on the Something-Something V2 dataset. We scale the pre-training of VideoMAE V2 to billion-level ViT-g model
with million-level data size. We report the fine-tuning accuracy of multiple view fusion (2x3) and single view results in the brackets. All
models are pre-trained at input of 16 x224 %224 and sampling stride 7 = 2. Fine-tuning is on the same size as TSN [YY] sampling.
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® Experiments

B Action Detection

(e) AVA
Method Long Feature = mAP
SlowFast [29] X 29.0
TubeR [120] v 334
MaskFeat [104] X 38.8
MAE-ST [28] X 39.0
VideoMAE [90] X 39.5
VideoMAE V2 X 42.6
(f) AVA Kinetics

Method Ensembled mAP

ATA++ [1006] v 29.0

MSF [121] v 334

ACAR [72] v 40.5

VideoMAE V2 X 43.9

(g) THUMOS 14
Method Optical Flow  mAP
RTD-Net [£7] v 43.6
DaoTAD [94] X 50.0
AFSD [57] v 52.0
DCAN [14] v 52.3
TadTR [60] v 54.2
TALLFormer [19] X 59.2
BasicTAD [113] X 59.6
ActionFormer [117] v 66.8
VideoMAE V2 X 69.6
(h) FineAction
Method Optical Flow  mAP
BMN [39] v 9.25
G-TAD [110] v 9.06
BasicTAD [1123] X 12.2
ActionFormer [117] X 13.2
VideoMAE V2 X 18.2
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® Experiments

B Decoder Masking Strategies

Decoder Masking P Top-1 FLOPs
None 0% 70.28 35.48G
Frame 50% 69.76 25.87G

Random 50% 64.87 25.87G
Running cell * 50% 66.74 25.87G
Running cell = 25% 70.22 31.63G
Running cell 2 50% 70.15 25.87G
Running cell ? 75% 70.01 21.06G
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® Experiments

B Dual Masking & Encoder-Only Masking

Masking Backbone pre-training dataset FLOPs Mems Time Speedup Top-1
Encoder masking ViT-B Something-Something V2 35.48G 631M 28.4h - 70.28
Dual masking ViT-B Something-Something V2 25.87G 328M 15.5h 1.79 x 70.15
Encoder masking ViT-g UnlabeledHybrid 263.93G 1753M 356h* - -
Dual masking ViT-g UnlabeledHybrid 241.61G 1050M 241h 1.48 x 77.00
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® Experiments

B Progressive Pre-Training

method extra supervision ViT-H ViT-g
MAE-ST [28] K600 86.8 -
VideoMAE V1 [90] K710 88.1 (84.6) -
VideoMAE V2 - 86.9 (83.2) 87.2(83.9)
VideoMAE V2 K710 88.6 (85.0) 88.5(85.6)
AAcc. with V1 K710 + 0.5% -
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® Discussion

B Masked Modeling
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