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Motivation

How to efficiently train a vanilla ViT on the video dataset itself
without any pre-trained model or extra data?
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VideoMAE
⇥ Our VideoMAE attempts to solve it in two aspects

‣ Self-supervised pre-training with masked autoencoder
‣ A new masking strategy: tube masking with an extremely high ratio
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Overall VideoMAE

⇥and eventually, VideoMAE is
‣ a simple, data-efficient method for self-supervised video pre-training

‣ with high performance and no extra data required
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Experiments
⇥ Leading performance on Something-Something V2
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Method Backbone Pre-train Dataset Extra Labels T ⇥ ⌧ GFLOPs Param mAP
supervised [22] SlowFast-R101 Kinetics-400 3 8⇥8 138 53 23.8
CVRL [53] SlowOnly-R50 Kinetics-400 7 32⇥2 42 32 16.3
⇢BYOL⇢=3 [23] SlowOnly-R50 Kinetics-400 7 8⇥8 42 32 23.4
⇢MoCo⇢=3 [23] SlowOnly-R50 Kinetics-400 7 8⇥8 42 32 20.3
MaskFeat↑312 [79] MViT-L Kinetics-400 3 40⇥3 2828 218 37.5
MaskFeat↑312 [79] MViT-L Kinetics-600 3 40⇥3 2828 218 38.8
VideoMAE ViT-S Kinetics-400 7 16⇥4 57 22 22.5
VideoMAE ViT-S Kinetics-400 3 16⇥4 57 22 28.4
VideoMAE ViT-B Kinetics-400 7 16⇥4 180 87 26.7
VideoMAE ViT-B Kinetics-400 3 16⇥4 180 87 31.8
VideoMAE ViT-L Kinetics-400 7 16⇥4 597 305 34.3
VideoMAE ViT-L Kinetics-400 3 16⇥4 597 305 37.0
VideoMAE ViT-H Kinetics-400 7 16⇥4 1192 633 36.5
VideoMAE ViT-H Kinetics-400 3 16⇥4 1192 633 39.5
VideoMAE ViT-L Kinetics-700 7 16⇥4 597 305 36.1
VideoMAE ViT-L Kinetics-700 3 16⇥4 597 305 39.3

Table 5: Comparison with the state-of-the-art methods on AVA v2.2. All models are pre-trained
and fine-tuned at image size 2242. We report the mean Average Precision (mAP) on validation set.
“Ex. labels 7” means only unlabelled data is used during the pre-training phase and the pre-trained
models are directly transferred to AVA. “Ex. labels 3” means pre-trained models are additionally
fine-tuned on the pre-training dataset with labels before transferred to AVA. T ⇥ ⌧ refers to frame
number and corresponding sample rate.

Method Backbone Extra data Ex. labels Frames GFLOPs Param Top-1 Top-5
TEINetEn [39] ResNet50⇥2

ImageNet-1K
3 8+16 99⇥10⇥3 50 66.5 N/A

TANetEn [40] ResNet50⇥2 3 8+16 99⇥2⇥3 51 66.0 90.1
TDNEn [74] ResNet101⇥2 3 8+16 198⇥1⇥3 88 69.6 92.2
SlowFast [22] ResNet101 Kinetics-400 3 8+32 106⇥1⇥3 53 63.1 87.6
MViTv1 [21] MViTv1-B 3 64 455⇥1⇥3 37 67.7 90.9
TimeSformer [6] ViT-B ImageNet-21K 3 8 196⇥1⇥3 121 59.5 N/A
TimeSformer [6] ViT-L 3 64 5549⇥1⇥3 430 62.4 N/A
ViViT FE [3] ViT-L

IN-21K+K400

3 32 995⇥4⇥3 N/A 65.9 89.9
Motionformer [50] ViT-B 3 16 370⇥1⇥3 109 66.5 90.1
Motionformer [50] ViT-L 3 32 1185⇥1⇥3 382 68.1 91.2
Video Swin [38] Swin-B 3 32 321⇥1⇥3 88 69.6 92.7
VIMPAC [64] ViT-L HowTo100M+DALLE 7 10 N/A⇥10⇥3 307 68.1 N/A
BEVT [76] Swin-B IN-1K+K400+DALLE 7 32 321⇥1⇥3 88 70.6 N/A
MaskFeat↑312 [79] MViT-L Kinetics-600 3 40 2828⇥1⇥3 218 75.0 95.0
VideoMAE ViT-B Kinetics-400 7 16 180⇥2⇥3 87 69.7 92.3
VideoMAE ViT-L Kinetics-400 7 16 597⇥2⇥3 305 74.0 94.6
VideoMAE ViT-S

no external data

7 16 57⇥2⇥3 22 66.8 90.3
VideoMAE ViT-B 7 16 180⇥2⇥3 87 70.8 92.4
VideoMAE ViT-L 7 16 597⇥2⇥3 305 74.3 94.6
VideoMAE ViT-L 7 32 1436⇥1⇥3 305 75.4 95.2
Table 6: Comparison with the state-of-the-art methods on Something-Something V2. Our
VideoMAE reconstructs normalized cube pixels and is pre-trained with a masking ratio of 90% for
2400 epochs. “Ex. labels 7” means only unlabelled data is used during the pre-training phase. “N/A”
indicates the numbers are not available for us.

4.4 Comparison with the state of the art

We compare with the previous state-of-the-art performance on the Kinetics-400 and Something-
Something V2 datasets. The results are reported in Table 6 and Table 7. Our VideoMAE can easily
scale up with more powerful backbones (e.g. ViT-Large and ViT-Huge) and more frames (e.g. 32).
Our VideoMAE achieves the top-1 accuracy of 75.4% on Something-Something V2 and 87.4% on
Kinetics-400 without using any extra data. We see that the existing state-of-the-art methods all
depend on the external data for pre-training on the Something-Something V2 dataset. On the contrary,
our VideoMAE without any external data significantly outperforms previous methods with the same
input resolution by around 5%. Our ViT-H VideoMAE also achieves very competitive performance
on the Kinetics-400 dataset without using any extra data, which is even better than ViViT-H with on
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Experiments
⇥ Leading performance on Kinetics-400
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Method Backbone Extra data Ex. labels Frames GFLOPs Param Top-1 Top-5
NL I3D [77] ResNet101

ImageNet-1K
3 128 359⇥10⇥3 62 77.3 93.3

TANet [40] ResNet152 3 16 242⇥4⇥3 59 79.3 94.1
TDNEn [74] ResNet101 3 8+16 198⇥10⇥3 88 79.4 94.4
TimeSformer [6] ViT-L

ImageNet-21K

3 96 8353⇥1⇥3 430 80.7 94.7
ViViT FE [3] ViT-L 3 128 3980⇥1⇥3 N/A 81.7 93.8
Motionformer [50] ViT-L 3 32 1185⇥10⇥3 382 80.2 94.8
Video Swin [38] Swin-L 3 32 604⇥4⇥3 197 83.1 95.9
ViViT FE [3] ViT-L JFT-300M 3 128 3980⇥1⇥3 N/A 83.5 94.3
ViViT [3] ViT-H JFT-300M 3 32 3981⇥4⇥3 N/A 84.9 95.8
VIMPAC [64] ViT-L HowTo100M+DALLE 7 10 N/A⇥10⇥3 307 77.4 N/A
BEVT [76] Swin-B IN-1K+DALLE 7 32 282⇥4⇥3 88 80.6 N/A
MaskFeat↑352 [79] MViT-L Kinetics-600 7 40 3790⇥4⇥3 218 87.0 97.4
ip-CSN [68] ResNet152

no external data

7 32 109⇥10⇥3 33 77.8 92.8
SlowFast [22] R101+NL 7 16+64 234⇥10⇥3 60 79.8 93.9
MViTv1 [21] MViTv1-B 7 32 170⇥5⇥1 37 80.2 94.4
MaskFeat [79] MViT-L 7 16 377⇥10⇥1 218 84.3 96.3
VideoMAE ViT-S

no external data

7 16 57⇥5⇥3 22 79.0 93.8
VideoMAE ViT-B 7 16 180⇥5⇥3 87 81.5 95.1
VideoMAE ViT-L 7 16 597⇥5⇥3 305 85.2 96.8
VideoMAE ViT-H 7 16 1192⇥5⇥3 633 86.6 97.1
VideoMAE↑320 ViT-L

no external data
7 32 3958⇥4⇥3 305 86.1 97.3

VideoMAE↑320 ViT-H 7 32 7397⇥4⇥3 633 87.4 97.6

Table 7: Comparison with the state-of-the-art methods on Kinetics-400. Our VideoMAE recon-
structs normalized cube pixels. Here models are self-supervised pre-trained with a masking ratio
of 90% for 1600 epochs on Kinetics-400. VideoMAE↑320 is initialized from its 2242 resolution
counterpart and then fine-tuned for evaluation. “Ex. labels 7” means only unlabelled data is used
during the pre-training phase. “N/A” indicates the numbers are not available for us.

JFT-300M pre-training (86.6% v.s. 84.9%). When fine-tuned with larger spatial resolutions and input
video frames, the performance of our ViT-H VideoMAE can further boost from 86.6% to 87.4%.

5 Conclusion

In this paper, we have presented a simple and data-efficient self-supervised learning method (Video-
MAE) for video transformer pre-training. Our VideoMAE introduces two critical designs of extremely
high masking ratio and tube masking strategy to make the video reconstruction task more challenging.
This harder task would encourage VideoMAE to learn more representative features and relieve the
information leakage issue. Empirical results demonstrate this simple algorithm works well for video
datasets of different scales. In particular, we are able to learn effective VideoMAE only with thousands
of video clips, which has significant practical value for scenarios with limited data available.

Future work VideoMAE could be further improved by using larger webly datasets, larger models
(e.g., ViT-G) and larger spatial resolutions of input video (e.g., 3842). VideoMAE only leverages the
RGB video stream without using additional audio or text stream. We expect that audio and text from
the video data can provide more information for self-supervised pre-training.

Broader impact Potential negative societal impacts of VideoMAE are mainly concerned with energy
consumption. The pre-training phase may lead to a large amount of carbon emission. Though the
pre-training is energy-consuming, we only need to pre-train the model once. Different downstream
tasks can then share the same pre-trained model via additional fine-tuning. Our VideoMAE unleashes
the great potential of vanilla vision transformer for video analysis, which could increase the risk of
video understanding model or its outputs being used incorrectly, such as for unauthorized surveillance.
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Ge for their help. This work is supported by National Natural Science Foundation of China (No.
62076119, No. 61921006), the Fundamental Research Funds for the Central Universities (No.
020214380091), Tencent AI Lab Rhino-Bird Focused Research Program (No. JR202125), and
Collaborative Innovation Center of Novel Software Technology and Industrialization.
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⇥ Leading performance on AVA v2.2
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Table 5: Comparison with the state-of-the-art methods on AVA v2.2. All models are pre-trained
and fine-tuned at image size 2242. We report the mean Average Precision (mAP) on validation set.
“Ex. labels 7” means only unlabelled data is used during the pre-training phase and the pre-trained
models are directly transferred to AVA. “Ex. labels 3” means pre-trained models are additionally
fine-tuned on the pre-training dataset with labels before transferred to AVA. T ⇥ ⌧ refers to frame
number and corresponding sample rate.

Method Backbone Extra data Ex. labels Frames GFLOPs Param Top-1 Top-5
TEINetEn [39] ResNet50⇥2

ImageNet-1K
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4.4 Comparison with the state of the art

We compare with the previous state-of-the-art performance on the Kinetics-400 and Something-
Something V2 datasets. The results are reported in Table 6 and Table 7. Our VideoMAE can easily
scale up with more powerful backbones (e.g. ViT-Large and ViT-Huge) and more frames (e.g. 32).
Our VideoMAE achieves the top-1 accuracy of 75.4% on Something-Something V2 and 87.4% on
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depend on the external data for pre-training on the Something-Something V2 dataset. On the contrary,
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on the Kinetics-400 dataset without using any extra data, which is even better than ViViT-H with on
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Experiments
⇥ Leading performance on UCF101 and HMDB51
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Method Backbone Extra data Frames Param Modality UCF101 HMDB51
VGG UCF101 N/A N/A V 59.6 23.8

R(2+1)D UCF101 N/A N/A V 72.4 30.9
S3D-G UCF101 32 9M V 81.4 52.1

S3D UCF101 32 9M V 82.8 52.9
VideoMAE(Ours) ViT-B no external data 16 87M V 90.8 61.1

S3D-G Kinetics-400 64 9M V 81.1 48.8
SlowOnly-R50 Kinetics-400 8 32M V 82.1 49.2

R(2+1)D Kinetics-400 16 15M V 77.1 36.6
R-2D3D Kinetics-400 40 32M V 86.1 54.5
S3D-G Kinetics-400 32 9M V 87.9 54.6
S3D-G Kinetics-400 64 9M V 93.7 64.7

R(2+1)D Kinetics-400 16 15M V 78.7 49.2
S3D Kinetics-400 32 9M V 89.1 55.7

SlowOnly-R50 Kinetics-400 32 32M V 92.9 67.9
SlowOnly-R50 Kinetics-600 32 32M V 93.6 69.4

Slow-R152 (2⇥) Kinetics-600 32 328M V 94.4 70.6
SlowOnly-R50 Kinetics-400 32 32M V 93.5 68.0
SlowOnly-R50 Kinetics-400 8 32M V 88.9 N/A
SlowOnly-R50 Kinetics-400 8 32M V 87.3 N/A
SlowOnly-R50 Kinetics-400 8 32M V 91.0 N/A
SlowOnly-R50 Kinetics-400 8 32M V 92.7 N/A
SlowOnly-R50 Kinetics-400 8 32M V 94.2 72.1

S3D HowTo100M 32 9M V+T 91.3 61.0
S3D-G AS+HTM 32 9M V+A+T 92.5 69.6

R(2+1)D Youtube8M-2 N/A N/A V+A 93.8 67.4
R(2+1)D Kinetics-400 32 15M V+A 84.2 47.1
R(2+1)D IG65M 32 15M V+A 94.2 67.1
R(2+1)D Kinetics-400 32 15M V+A 89.3 60.0
R(2+1)D IG65M 32 15M V+A 95.2 72.8

VideoMAE(Ours) ViT-B Kinetics-400 16 87M V 96.1 73.3

Table 15: Comparison with the state-of-the-art methods on UCF101 and HMDB51. We report
fine-tuning accuracy for evaluation. ‘V’ refers to visual only, ‘A’ is audio, ‘T’ is text narration. “N/A”
indicates the numbers are not available for us.
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MIL-NCE 
MMV
ELO
XDC
XDC 
GDT  
GDT

SpeedNet
VTHCL 
Pace 
MemDPC 
CoCLR
RSPNet 
VideoMoCo
Vi2CLR 
CVRL
CVRL
CVRL 
CORPf

�SimCLR�=2

�SwAV�=2 
�MoCo�=2 
�BYOL�=2 
�BYOL�=4

OPN 
VCOP 
CoCLR
Vi2CLR

Method Backbone Extra data Frames Param Modality UCF101 HMDB51
OPN [35] VGG UCF101 N/A N/A V 59.6 23.8
VCOP [82] R(2+1)D UCF101 N/A N/A V 72.4 30.9
CoCLR [29] S3D-G UCF101 32 9M V 81.4 52.1
Vi2CLR [18] S3D UCF101 32 9M V 82.8 52.9
VideoMAE ViT-B no external data 16 87M V 91.3 62.6
SpeedNet [5] S3D-G Kinetics-400 64 9M V 81.1 48.8
VTHCL [84] SlowOnly-R50 Kinetics-400 8 32M V 82.1 49.2
Pace [73] R(2+1)D Kinetics-400 16 15M V 77.1 36.6
MemDPC [28] R-2D3D Kinetics-400 40 32M V 86.1 54.5
CoCLR [29] S3D-G Kinetics-400 32 9M V 87.9 54.6
RSPNet [12] S3D-G Kinetics-400 64 9M V 93.7 64.7
VideoMoCo [45] R(2+1)D Kinetics-400 16 15M V 78.7 49.2
Vi2CLR [18] S3D Kinetics-400 32 9M V 89.1 55.7
CVRL [53] SlowOnly-R50 Kinetics-400 32 32M V 92.9 67.9
CVRL [53] SlowOnly-R50 Kinetics-600 32 32M V 93.6 69.4
CVRL [53] Slow-R152 (2⇥) Kinetics-600 32 328M V 94.4 70.6
CORPf [32] SlowOnly-R50 Kinetics-400 32 32M V 93.5 68.0
⇢SimCLR⇢=2 [23] SlowOnly-R50 Kinetics-400 8 32M V 88.9 N/A
⇢SwAV⇢=2 [23] SlowOnly-R50 Kinetics-400 8 32M V 87.3 N/A
⇢MoCo⇢=2 [23] SlowOnly-R50 Kinetics-400 8 32M V 91.0 N/A
⇢BYOL⇢=2 [23] SlowOnly-R50 Kinetics-400 8 32M V 92.7 N/A
⇢BYOL⇢=4 [23] SlowOnly-R50 Kinetics-400 8 32M V 94.2 72.1
MIL-NCE [43] S3D HowTo100M 32 9M V+T 91.3 61.0
MMV [1] S3D-G AS+HTM 32 9M V+A+T 92.5 69.6
CPD [36] ResNet50 IG300k 16 N/A V+T 92.8 63.8
ELO [51] R(2+1)D Youtube8M-2 N/A N/A V+A 93.8 67.4
XDC [2] R(2+1)D Kinetics-400 32 15M V+A 84.2 47.1
XDC [2] R(2+1)D IG65M 32 15M V+A 94.2 67.1
GDT [49] R(2+1)D Kinetics-400 32 15M V+A 89.3 60.0
GDT [49] R(2+1)D IG65M 32 15M V+A 95.2 72.8
VideoMAE ViT-B Kinetics-400 16 87M V 96.1 73.3

Table 13: Comparison with the state-of-the-art methods on UCF101 and HMDB51. Our
VideoMAE reconstructs normalized cube pixels and is pre-trained with a masking ratio of 75% for
3200 epochs on UCF101 and 4800 epochs on HMDB51, respectively. We report fine-tuning accuracy
for evaluation. ‘V’ refers to visual only, ‘A’ is audio, ‘T’ is text narration. “N/A” indicates the
numbers are not available for us.

is able to learn more representative features that capture the holistic spatiotemporal structure in
videos.

F License of Data

All the datasets we used are commonly used datasets for academic purpose. The license of the
Something-Something V25 and UCF1016 datasets is custom. The license of the Kinetics-4007,
HMDB518 and AVA9 datasets is CC BY-NC 4.010.

5URL: https://developer.qualcomm.com/software/ai-datasets/something-something
6URL: https://www.crcv.ucf.edu/data/UCF101.php
7URL: https://www.deepmind.com/open-source/kinetics
8URL: https://serre-lab.clps.brown.edu/resource/hmdb-a-large-human-motion-database
9URL: https://research.google.com/ava/index.html

10URL: https://creativecommons.org/licenses/by/4.0
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VideoMAE: Masked Autoencoders are Data-Efficient 
Learners for Self-Supervised Video Pre-Training

Code is available at
https://github.com/MCG-NJU/VideoMAE


