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Abstract

Pre-training video transformers on extra large-scale datasets is generally required
to achieve premier performance on relatively small datasets. In this paper, we
show that video masked autoencoders (VideoMAE) are data-efficient learners for
self-supervised video pre-training (SSVP). We are inspired by the recent Image-
MAE [30] and propose customized video tube masking with an extremely high
ratio. This simple design makes video reconstruction a more challenging and
meaningful self-supervision task, thus encouraging extracting more effective video
representations during the pre-training process. We obtain three important findings
with VideoMAE: (1) An extremely high proportion of masking ratio (i.e., 90% to
95%) still yields favorable performance for VideoMAE. The temporally redundant
video content enables higher masking ratio than that of images. (2) VideoMAE
achieves impressive results on very small datasets (i.e., around 3k-4k videos) with-
out using any extra data. This is partially ascribed to the challenging task of video
reconstruction to enforce high-level structure learning. (3) VideoMAE shows that
data quality is more important than data quantity for SSVP. Domain shift between
pre-training and target datasets is an important factor. Notably, our VideoMAE with
the vanilla ViT backbone can achieve 87.4% on Kinects-400, 75.4% on Something-
Something V2, 91.3% on UCF101, and 62.6% on HMDBS51, without using any
extra data. Code is available at https://github.com/MCG-NJU/VideoMAE.

1 Introduction

Transformer [70] has brought significant progress in natural language processing [17, 7, 54]. The
vision transformer [20] also improves a series of computer vision tasks including image classifi-
cation [66, 88], object detection [8, 37], semantic segmentation [80], object tracking [13, 16], and
video recognition [6, 3]. The multi-head self-attention upon linearly projected image/video tokens
is capable of modeling global dependency among visual content either spatially or temporally. The
inductive bias is effectively reduced via this flexible attention mechanism.

Training effective vision transformers (ViTs) typically necessitates large-scale supervised datasets.
Initially, the pre-trained ViTs achieve favorable performance by using hundreds of millions of labeled
images [20]. For video transformers [3, 6], they are usually derived from image-based transformers
and heavily depend on the pre-trained models from large-scale image data (e.g., ImageNet [57]).
Previous trials [3, 6] on training video transformers from scratch yield unsatisfied results (except
for MViT [21] with a strong inductive bias). Therefore, the learned video transformers are naturally
biased by image-based models, and it still remains a challenge that how to effectively and efficiently
train a vanilla vision transformer on the video dataset itself without using any pre-trained model
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Figure 1:VideoMAE performs the task of masking random cubes and reconstructing the missing ones
with an asymmetric encoder-decoder architecture. Due to high redundancy and temporal correlation
in videos, we present the customized design of tube masking with an extremely high ratio (90% to
95%). This simple design enables us to create a more challenging and meaningful self-supervised
task to make the learned representations capture more useful spatiotemporal structures.

or extra image data.Moreover, the existing video datasets are relatively small compared with
image datasets, which further increases the dif culty of training video transformers from scratch.
Meanwhile, self-supervised learning has shown remarkable performance by using large-scale image
datasets]4, 9]. The learned representations have outperformed the ones via supervised learning
when being transferred to downstream tasks. It is expected that this self-supervised learning paradigm
can provide a promising solution to address the challenge of training video transformers.

Following the success of masked autoencoding in NLR §nd imagesJ0, 4], we present a new self-
supervised video pre-training (SSVP) method, termedidso Masked AutoencodérideoMAE).

Our VideoMAE inherits the simple pipeline of masking random cubes and reconstructing the missing
ones. However, the extra time dimension of videos makes them different from images in this masked
modeling. First, video frames are often densely captured, and their semantics varies slowly in
time [87]. This temporal redundancy would increase the risk of recovering missing pixels from
the spatiotemporal neighborhood with little high-level understanding. Furthermore, video could be
viewed as the temporal evolution of static appearance, and there exists a correspondence between
frames. This temporal correlation could lead to information leakage (i.e., masked spatiotemporal
content re-occurrence) during reconstruction unless a speci ¢ masking strategy is considered. In
this sense, for each masked cube, it is easy to nd a corresponding and unmasked copy in adjacent
frames. This property would make the learned models identify some “shortcut” features that are hard
to generalize to new scenarios.

To make video masked modeling more effective, in this paper, we present a customized design of tube
masking with an extremely high ratio in our VideoMAE. First, due to temporal redundancy, we use
anextremely highmasking ratio to drop the cubes from the downsampled clips. This simple strategy
not only effectively increases the pre-training performance but also greatly reduces the computational
cost due to the asymmetric encoder-decoder architecture. Second, to consider temporal correlation,
we devise a simple yet effectivabe maskingtrategy, which turns out to be helpful in relieving the

risk of information leakage for cubes with no or negligible motion during reconstruction. With this
simple yet effective design in our VideoMAE, we are able to successfully train vanilla ViT backbones
on the relatively small-scale video datasets such as Something-SomethindCF101 B0, and
HMDB51 [34], which signi cantly outperform the previous state of the art under the setting without
extra data. In summary, the main contribution of this paper is threefold:

» We present a simple but effective video masked autoencoder that unleashes the potential of
vanilla vision transformer for video recognition. To the best of our knowledge, this is the
rst masked video pre-training framework of simply using plain ViT backbones. To relieve
the information leakage issue in masked video modeling, we present the tube masking with

an extremely high ratio, which brings the performance improvement to the VideoMAE.

* Aligned with the results in NLP and Images on masked modeling, our VideoMAE demon-
strates that this simple masking and reconstruction strategy provides a good solution to
self-supervised video pre-training. The models pre-trained with our VideoMAE signi cantly
outperform those trained from scratch or pre-trained with contrastive learning methods.

» We obtain extra important ndings on masked modeling that might be ignored in previous
research in NLP and Images. (1) We demonstrate that VideoMAE is a data-ef cient learner
that could be successfully trained with only 3.5k videos. (2) Data quality is more important
than quantity for SSVP when a domain shift exists between the source and target dataset.



2 Related Work

Video representation learning.Learning good video representations has been heavily investigated

in the literature. The supervised learning methd; 75, 69, 10, 6] usually depend on the image
backbones. The video encoder backbones are rst pre-trained with image data in a supervised
form. Then, these backbones are ne-tuned on the video dataset for classifying human actions.
Meanwhile, some method§T, 22, 21] directly train video backbones from videos in a supervised
manner. Besides supervised learning, semi-supervised video representation learning has also been
studied p9]. The representations of labeled training samples are utilized to generate supervision
signals for unlabeled ones. Supervised or semi-supervised representation learning mainly uses a
top-down training paradigm, which is not effective in exploring the inherent video data structure
itself. Meanwhile, some multimodal contrastive learning meth8@s42, 62] have been developed

to learn video representation from noisy text supervision.

For self-supervised learning, the prior knowledge of temporal information has been widely exploited
to design pretext tasks §, 44, 82, 5] for SSVP. Recently, contrastive learnirigf] 45, 29, 52, 24, 27]

is popular to learn better visual representation. However these methods heavily rely on strong data
augmentation and large batch si2€]| Predicting the video clip with autoencoders in pixel space has
been explored for representation learning by using CNN or LSTM backbdgeg]], or conducting

video generation with autoregressive GRBB|[ Instead, our VideoMAE aims to use the simple
masked autoencoder with recent ViT backbones to perform data-ef cient SSVP.

Masked visual modeling. Masked visual modeling has been proposed to learn effective visual
representations based on the simple pipeline of masking and reconstruction. These works mainly
focus on the image domain. The early work] treated the masking as a noise type in denoised
autoencoders/[l] or inpainted missing regions with contextq by using convolutions. iIGPTL[]
followed the success of GP7T,[55] in NLP and operated a sequence of pixels for prediction. The
original ViT [20] investigated the masked token prediction for self-supervised pre-training. More
recently, the success of vision transformer has led to investigation of Transformer-based architectures
for masked visual modeling![ 19, 30, 79, 81, 89]. BEIT [4], BEVT [7€] and VIMPAC [64] followed

BERT [17] and proposed to learn visual representations from images and videos by predicting
the discrete tokensp]. MAE [30] introduced an asymmetric encoder-decoder architecture for
masked image modeling. MaskFe@®g] proposed to reconstruct the HOG features of masked tokens

to perform self-supervised pre-training in videos. VideoMAE is inspired by the ImageMAE and
introduces speci ¢ design in implementation for SSVP. In particular, compared with previous masked
video modeling B0, 76, 64], we present a simpler yet more effective video masked autoencoder by
directly reconstructing the pixels. Our VideoMAE is the rst masked video pre-training framework

of simply using plain ViT backbones.

3 Proposed Method

In this section, we rst revisit ImageMAE30]. Then we analyze the characteristics of video data.
Finally, we show how we explore MAE in the video data by presenting our VideoMAE.

3.1 Revisiting Image Masked Autoencoders

ImageMAE [B(] performs the masking and reconstruction task with an asymmetric encoder-decoder
architecture. The inputimade2 R " W s rst divided into regular non-overlapping patches

of size 16 16, and each patch is represented witken embeddingrhen a subset of tokens are
randomly masked with a high masking ratio (75%), and only the remaining ones are fed into the
transformerencoder ¢ne Finally, a shallondecoder gecis placed on top of the visible tokens from

the encoder and learnable mask tokens to reconstruct the imagmssHanctioris mean squared

error (MSE) loss between the normalized masked tokens and reconstructed ones in the pixel space:

X
L=1"jip o ()

p2

wherep is the token index, is the set of masked tokenk,is the input image, andl is the
reconstructed one.



Figure 2: Slowness is a general prior in (a) video d&f.[This leads to two important characteristics

in time: temporal redundancy and temporal correlation. Temporal redundancy makes it possible to
recover pixels under an extremely high masking ratio. Temporal correlation leads to easily reconstruct
the missing pixels by nding those corresponding patches in adjacent frames under plain (b) frame

masking or (c) random masking. To avoid this simple task and encourage learning representative
representation, we propose a (d) tube masking, where the masking map is the same for all frames.

3.2 Characteristics of Video Data

Compared with static images, video data contain temporal relations. We show the motivation of our
VideoMAE by analyzing video characteristics.

Temporal redundancy. There are frequently captured frames in a video. The semantics vary slowly
in the temporal dimensior8[/]. We observe that consecutive frames are highly redundant, as shown
in Figure 2. This property leads to two critical issues in masked video autoencoding. First, it would
be less ef cient to keep the original temporal frame rate for pre-training. This would draw us to focus
more on static or slow motions in our masked modeling. Second, temporal redundancy greatly dilutes
motion representations. This would make the task of reconstructing missing pixels not dif cult under
the normal masking ratio (e.g., 50% to 75%). The encoder backbone is not effective in capturing
motion representations.

Temporal correlation. Videos could be viewed as the temporal extension of static appearance, and
therefore there exists an inherent correspondence between adjacent frames. This temporal correlation
could increase the risk of information leakage in the masking and reconstruction pipeline. In this
sense, as shown in Figure 2, we can reconstruct the masked patches by nding the spatiotemporal
corresponding unmasked patches in the adjacent frames under plain random masking or frame
masking. In this case, it might guide the VideoMAE to learn low-level temporal correspondence
rather than high-level information such as spatiotemporal reasoning over the content. To alleviate this
behavior, we need to propose a new masking strategy to make the reconstruction more challenging
and encourage effective learning of spatiotemporal structure representations.

3.3 VideoMAE

To relieve the above issues in video masked modeling, we make the customized design in our
VideoMAE, and the overall pipeline is shown in Figure 1. Our VideoMAE takeslthensampled
framesas inputs and uses tleetbe embeddingp obtain video tokens. Then, we propose a simple
design oftube masking with high ratito perform MAE pre-training with an asymmetric encoder-
decoder architecture. Our backbone uses the vanilla ViT jwitt space-time attention

Temporal downsampling. According to the above analysis on temporal redundancy over consecutive
frames, we propose to use the strided temporal sampling strategy to perform more ef cient video
pre-training. Formally, one video clip consistingtafonsecutive frames is rst randomly sampled
from the original vided/. We then use temporal sampling to compress the clip tames, each

of which containdd W 3 pixels. In experiments, the strideis set to 4 and 2 on Kinetics and
Something-Something, respectively.

Cube embedding.We adopt the joint space-time cube embeddBd[l, 38] in our VideoMAE,

where we treat each cube of sze 16 16 as one token embedding. Thus, the cube embedding
layer obtains% 1H73 ‘{V—G 3D tokens and maps each token to the channel dimemsiorhis design

can decrease the spatial and temporal dimension of input, which helps to alleviate the spatiotemporal
redundancy in videos.



Tube masking with extremely high ratios. First, temporal redundancy is a factor affecting Video-
MAE design. We nd that VideoMAE is in favor of extremely high masking ratios (e.g. 90% to 95%)
compared with the ImageMAE. Video information density is much lower than images, and we expect
a high ratio to increase the reconstruction dif culty. This high masking ratio is helpful to mitigate the
information leakage during masked modeling and make masked video reconstruction a meaningful
self-supervised pre-training task.

Second, temporal correlation is another factor in our VideoMAE design. We nd even under the
extremely high masking ratio, we can still improve the masking ef ciency by proposing the temporal
tube masking mechanism. Temporal tube masking enforces a mask to expand over the whole
temporal axis, namely, different frames sharing the same masking map. Mathematically, the tube
mask mechanism can be expresset{s,; 2 | Bernoulli( mask) and different time shares

the same value. With this mechanism, temporal neighbors of masked cubes are always masked. So
for some cubes with no or small motion (e.g., nger cube in 4th row of Figure 2 (d)), we can not
nd the spatiotemporal corresponding content in all frames. In this way, it would encourage our
VideoMAE to reason over high-level semantics to recover these totally missing cubes. This simple
strategy can alleviate the information leakage for cubes with no or negligible motion, and turns out to
be effective in practice for masked video pre-training.

Backbone: joint space-time attention.Due to the high proportion of masking ratio mentioned above,
only a few tokens are left as the input for the encoder. To better capture high-level spatio-temporal
information in the remaining tokens, we use the vanilla ViT backb@g dnd adopt the joint
space-time attentior8] 38]. Thus, all pair tokens could interact with each other in the multi-head
self-attention layerq0]. The speci ¢ architecture design for the encoder and decoder is shown in
supplementary materials. The quadratic complexity of the joint space-time attention mechanism is a
computational bottleneck, while our design of an extremely high masking ratio alleviates this issue
by only putting the unmasked tokens (e.g., 10%) into the encoder during the pre-training phase.

4 Experiments

4.1 Datasets

We evaluate our VideoMAE on ve common video datasets: Kinetics-23)) Something-Something

V2 [25], UCF101 pQ], HMDB51 [34], and AVA [26]. The Kinetics-400 contains around 240k
training videos and 20k validation videos of 10s from 400 classes. The Something-Something V2
is another large-scale video dataset, having around 169k videos for training and 20k videos for
validation. In contrast to Kinetics-400, this dataset contains 174 motion-centric action classes. These
two large-scale video datasets focus on different visual cues for action recognition. UCF101 and
HMDB51 are two relatively small video datasets, which contain around 9.5k/3.5k train/val videos
and 3.5k/1.5k train/val videos, respectively. Compared with those large-scale video datasets, these
two small datasets are more suitable for verifying the effectiveness of VideoMAE, as training large
ViT models is more challenging on small datasets. Moreover, we also transfer the learned ViT models
by VideoMAE to downstream action detection task. We work on AVA, a dataset for spatiotemporal
localization of human actions with 211k training and 57k validation video segments. In experiments
of downstream tasks, we ne-tune the pre-trained VideoMAE models on the training set and report
the results on the validation set. The implementation details are described in Appendix § B.

4.2 Ablation Studies

In this subsection, we perform in-depth ablation studies on VideoMAE design with the default
backbone of 16-frame ViT-B on Something-Something V2 (SSV2) and Kinetics-400 (K400). The
speci ¢ architectures for the encoder and decoder are shown in Appendix 8 A. For ne-tuning, we
perform TSN [/5] uniform sampling on SSV2 and dense samplifig, 2] on K400. All models
share the same inference protocol, i.e., 2 clip8 crops on SSV2 and 5 clips 3 crops on K400.

Decoder design.The lightweight decoder is one key component of our VideoMAE. We conduct
experiments with the different depths in Table 1a. Unlike in ImageMAE, a deep decoder here is im-
portant for better performance, while a shallow decoder could reduce the GPU memory consumption.
We take 4 blocks for the decoder by default. The decoder width is set to half channel of the encoder
(e.g., 384-d for ViT-B), following the design in the image domain.



blocksSSV2 K400GPU mem. case ratio SSV2 K400 input target SSV2 K400

1 685 79.0 7.9G tube 75 68.0 79.8 T center 63.0 79.3
2 692 79.2 102G tube 90 69.6 80.0 T 5 T 5 689 798
4 69.6 80.0 14.7G random 90 68.3 79.5 T T 69.6 80.0
8 693 79.7 23.7G frame 875 615 76.5 T 2T 69.2 80.1

2
(a) Decoder depth 4 blocks of (b) Mask sampling. We com-  (c) Reconstruction target T
decoder achieve the best trade- pare different masking strate- denotes “frames stride”. cen-
off. “GPU mem.” is GPU mem-  gies. Our proposed tube mask- ter denotes the center frame of
ory during pre-training, bench-  ing with an extremely highratio the input clip. T is set to 16 as
marked in one GPU with a batch ~ works the best. “87.5" means  default. is setto 2 and 4 on

size of 16. masking 14/16 frames. SSV2 and K400, respectively.
case SSV2K400  dataset method SSV2K400 case SSV2 K400
from scratch 32.6 68.8 IN-1K ImageMAE 64.8 78.7 L1 loss 69.1 79.7
ImageNet-21k sup.61.8 78.9 K400 VideoMAE 68.5 80.0 MSE loss 69.6 80.0

IN-21k+K400 sup. 65.2 - SSV2 VideoMAE 69.6 79.6 Smooth L1loss 68.9 79.6
VideoMAE 69.6 80.0

(d) Pre-training strategy. Our (e) Pre-training dataset Our  (f) Loss function. MSE loss
VideoMAE works the best with- VideoMAE works the best when works the best for the mask-
out using any extra data. “sup.” is directly pre-training the models ing and reconstruction task in
supervised training. on the source datasets. VideoMAE.

Table 1: Ablation experiments ddomething-Something V2andKinetics-400. Our backbone is

16-frame vanilla ViT-B and all models are pre-trained withsk ratio =90% for 800 epochs, and ne-

tuned for evaluation. We perform TSN4] uniform sampling on SSV2 and dense samplifig, 22]

on K400. All models share the same inference protocaol, i.e., 2 cliBcrops on SSV2 and 5 clips
3 crops on K400. The default choice for our model is colore gray .

Masking strategy. We compare different masking strategies in Table 1b. When increasing the
masking ratio from 75% to 90% for tube masking, the performance on SSV2 boosts from 68.0% to
69.6%. Then, with an extremely high ratio, we nd tube masking also achieves better performance
than plain random masking and frame masking. We attribute these interesting observations to the
redundancy and temporal correlation in videos. The conclusion on K400 is in accord with one on
SSV2. One may note that the performance gap on K400 is lower than one on SSV2. We argue that
the Kinetics videos are mostly stationary and scene-related. The effect of temporal modeling is not
obvious. Overall, we argue that our default designs enforce the networks to capture more useful
spatiotemporal structures and therefore make VideoMAE a more challenging task, which a good
self-supervised learner hunger for.

Reconstruction target. First, if we only employ the center frame as the target, the results would
decrease greatly as shown in Table 1c. The sampling stride is also sensitive. The result of small
sampling stride; is lower than default sampling stride(68.9% vs. 69.6% on SSV2). We also try

to reconstruc®T frames from the downsamplddframes, but it obtains slightly worse results on
SSV2. For simplicity, we use the input downsampled clip as our default reconstruction target.

Pre-training strategy. We compare different pre-training strategies in Table 1d. Similar to previous
trials [3, 6], training video transformers from scratch yields unsatis ed results on video datasets.
When pre-trained on the large-scale ImageNet-21K dataset, the video transformer obtains better
accuracy from 32.6% to 61.8% on SSV2 and 68.8% to 78.9% on K400. Using the models pre-trained
on both ImageNet-21K and Kinetics further increases accuracy to 65.2% on SSV2. Our VideoMAE
can effectively train a video transformer on the video dataset itself without using any extra data and
achieve the best performance (69.6% on SSV2 and 80.0% on K400).

Pre-training dataset. First, we pre-train the ViT-B on ImageNet-1K for 1600 epochs, following

the recipes inJ0]. Then we in ate the 2D patch embedding layer to our cube embedding layer
following [10] and ne-tune the model on the target video datasets. The results surpass the model
trainedfrom scratchas shown in Table 1e. We also compare the ImageMAE pre-trained model with
VideoMAE models pre-trained on video datasets. We see that our VideoMAE models can achieve
better performance than ImageMAE. However, when we try to transfer the pre-trained VideoMAE
models to the other video datasets (e.g. from Kinetics to Something-Something), the results are
slightly worse than their counterpart, which is directly pre-trained on its own target video datasets.
We argue that domain shift between pre-training and target datasets could be an important issue.



dataset training datdrom scratch MoCo v3 VideoMAE

K400 240k 68.8 74.2 80.0
Sth-Sth V2 169k 32.6 54.2 69.6
UCF101 9.5k 514 81.7 91.3
HMDB51 3.5k 18.0 39.2 62.6

Table 2: Comparisons with the results of previseff-supvised pre-training methodson different
datasets. We take 16-frame ViT-B as the default backbone. Notably, here MoCo v3 and VideoMAE
all only use thaunlabelleddata in the training set of each dataset for pre-training and are all ne-tuned
for evaluation.

method epoch ft.acc. lin.acc. hours speedup
MoCo v3 300 54.2 33.7 61.7 -
VideoMAE 800 69.6 38.9 195 32

Table 3: Comparisons with thef ciency and effectiveneson Something-Something V2. We report
the ne-tuning (ft) and linear probing (lin) accuracy (%). Thall-clock time of pre-training is
benchmarked in 64 Tesla V100 GPUs with PyTorch.

method K400 SSV2 K4000 UCF K400! HMDB

MoCo v3 62.4 93.2 67.9

VideoMAE 68.5 96.1 73.3
Table 4. Comparisons with tHeature transferability on smaller datasets. We take 16-frame ViT-B
as the default backbone. Notably, here MoCo v3 and VideoMAE are all pre-trained on Kinetics-400
with unlabelleddata in the training set. Then the pre-trained model is ne-tuned on target datasets
for evaluation.

Loss function. Table 1f contains an ablation study of loss function. We nd that the MSE loss could
achieve a higher result compared with the L1 loss and smooth L1 loss. Therefore, we employ the
MSE loss by default.

4.3 Main Results and Analysis

VideoMAE: data-ef cient learner. The self-supervised video pre-training (SSVP) has been exten-
sively studied in previous works, but they mainly use the CNN-based backbones. Few works have
investigated transformer-based backbone in SSVP. Therefore, to demonstrate the effectiveness of
VideoMAE for transformer-based SSVP, we compare two methods implemented by ourselves: (1)
training from scratch and (2) pre-training with contrastive learning (MoCalv.[ For training

from scratch, we carefully tune these hyper-parameters to successfully pre-train ViT-Base from the
training set of the dataset. For pre-training with MoCo v3, we strictly follow the training practice in

its image counterpart and carefully avoid the collapse issue.

The recognition accuracy is reported in Table 2. We see that our VideoMAE signi cantly outperforms
other two training settings. For instance, on the largest dataset of Kinetics-400, our VideoMAE
outperforms training from scratch by around 10% and MoCo v3 pre-training by around 5%. This
superior performance demonstrates that masked autoencoder provides an effective pre-training
mechanism for video transformers. We also see that the performance gap between our VideoMAE
and the other two methods becomes larger as the training set becomes smaller. Notably, even with only
3.5k training clips on HMDB51, our VideoMAE pre-training can still obtain a satisfying accuracy
(around 61%). This new result demonstrates that VideoMAE is a more data-ef cient learner for SSVP.
This property is particularly important for scenarios with limited data available and different with
contrastive learning methods.

We compare the ef ciency of VideoMAE pre-training and MoCo v3 pre-training in Table 3. The task
of masked autoencoding with a high ratio is more challenging and thereby requires more training
epochs (800 vs. 300). Thanks to the asymmetric encoder-decoder in our VideoMAE and extremely
high masking ratio, our pre-training time is much shorter than MoCo v3 (19.5 vs. 61.7 hours).

High masking ratio. In VideoMAE, one core design is the extremely high masking ratio. We
perform an investigation of this design on the Kinetics-400 and Something-Something V2 datasets.
The results are shown in Figure 3. We see that the best masking ratio is extremely high, and even
95% can achieve good performance for both datasets. This result is difference from BERT [

NLP and MAE [B(] in images. We analyze the temporal redundancy and correlation in videos makes
it possible for our VideoMAE to learn plausible outputs with such a high masking ratio.



(a) Performance on SSV2

(b) Performance on Kinetics-400

Figure 3: The effect ofnasking ratio Figure 4:Data ef ciency of VideoMAE representations.
on (a) Something-Something V2 and (Bur default backbone is 16-frame vanilla ViT-Bdenotes
Kinetics-400. We take 16-frame vanillthat all models are trained for treame 132Kk iterations,
ViT-B as default. The results show thand denotes that all models are trained for #aane800

an extremely high masking ratio (90%@pochs. Note that it takes 132k iterations to pre-train the
achieves the best ef ciency and effectivarodel for 800 epochs on the full training set of Something-
ness trade-off on both video datasets. Something V2.

We also visualize the reconstructed examples in Appendix § E. We see that even under an extremely
high masking ratio, VideoMAE can produce satisfying reconstructed results. This implies VideoMAE
is able to learn useful representations that capture the holistic spatiotemporal structure in videos.

Transfer learning: quality vs. quantity. To further investigate the generalization ability of
VideoMAE in representation learning, we transfer the learned VideoMAE from Kinetics-400 to
Something-Something V2, UCF101, and HMDB51. The results are shown in Table 4, and we
compare them with MoCo v3 pre-training. The models pre-trained by VideoMAE are better than those
pre-trained by MoCo v3, demonstrating that our VideoMAE learns more transferable representations.

Comparing Table 2 and Table 4, the transferred representation outperforms the original VideoMAE
models trained from its own dataset on UCF101 and HMDB51. In contrast, the transferred repre-
sentation is worse on Something-Something V2. To gure out whether this inconsistent result is
caused by the large scale of Something-Something V2, we further perform a detailed investigation by
decreasing the pre-training video numbers. In this study, we run two experiments: (1) pre-training
with the same epochs and (2) pre-training with the same time budget. The result is shown in Figure 4.
We see that more training iterations could contribute to better performance when we decrease the
size of the pre-training set. Surprisingly, even with only 42k pre-training videos, we can still obtain
better accuracy than the Kinetics pre-trained models with 240k videos (68.7% vs. 68.5%). This result
implies that domain shift is another important factor, and data quality is more important than data
guantity in SSVP when there exists a difference between pre-training and target datasets. It also
demonstrates that VideoMAE is a data-ef cient learner for SSVP.

Transfer learning: downstream action detection. We also transfer the learned VideoMAE on
Kinetics-400 to downstream action detection dataset AVA. Following the standard ségjngyé
evaluate on top 60 common classes with mean Average Precision (mAP) as the metric under loU
threshold of 0.5. The results are shown in the Table 5. After self-supervised pre-training on Kinetics-
400, our VideoMAE with the vanilla ViT-B can achieve 26.7 mAP on AVA, which demonstrates
the strong transferability of our VideoMAE. If the pre-trained ViT-B is additionally ne-tuned on
Kinetics-400 with labels, the transfer learning performance can further increase about 5 mAP (from
26.7 to 31.8). More remarkably, when we scale up the pre-training con gurations with larger video
datasets (e.g. Kinetics-700) or more powerful backbones (e.g. ViT-Large and ViT-Huge), VideoMAE
can nally obtain better performance. For example, our ViT-L VideoMAE pre-trained on Kinetics-700
achieves 39.3 mAP and ViT-H VideoMAE pre-trained on Kinetics-400 has 39.5 mAP. These results
demonstrate that the self-supervised pre-trained models transfer well not only on action classi cation
task but on more complex action detection task.



Method Backbone |Pre-train Dataset| Extra Labels|T GFLOPs|Param|mAP
supervised [22] |SlowFast-R10] 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 | 234
MoCo =3 [23] |[SlowOnly-R50 Kinetics-400 7 8 8 42 32 203
MaskFeat312[79] MVIT-L Kinetics-400 3 40 3| 2828 218 | 37.5
MaskFeat312[79] MVIT-L Kinetics-600 3 40 3| 2828 218 | 38.8
VideoMAE VIiT-S Kinetics-400 7 16 4 57 22 | 225
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 VIiT-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 VIiT-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 ne-tuned at image siz224. We report the mean Average Precision (mAP) on validation set.
“Ex. labels7” means onlyunlabelleddata is used during the pre-training phase and the pre-trained
models are directly transferred to AVA. “Ex. labé$ means pre-trained models are additionally
ne-tuned on the pre-training dataset witbelsbefore transferred to AVAT refers to frame
number and corresponding sample rate.

Method Backbone Extra data Ex. labels| Frames| GFLOPs |Param|Top-1|Top-5
TEINeten [39] ResNet50, 3 8+16 | 99 10 3| 50 | 66.5| N/A
TANetg, [40] ResNet50, | ImageNet-1K 3 8+16 | 99 2 3 51 | 66.0| 90.1
TDNen [74] ResNet101, 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 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 IN-21K+K400 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
MaskFeat312[79] MVIT-L Kinetics-600 3 40 2828 1 3| 218 | 75.0| 95.0
VideoMAE VIiT-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 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 | hoextemaldaty 5 16 | 597 2 3| 305 | 74.3| 94.6
VideoMAE VIiT-L 7 32 1436 1 3| 305 | 75.4| 95.2

Table 6: Comparison with the state-of-the-art methods on Something-Something VV20ur
VideoMAE reconstructs normalized cube pixels and is pre-trained with a masking ratio of 90% for
2400 epochs. “Ex. labelg” means onlyunlabelleddata 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 signi cantly 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



Method Backbone| Extradata |Ex. labels|Frames| GFLOPs |Param|Top-1|Top-5

NL I3D [77] ResNet101 3 128 | 359 10 3| 62 | 77.3| 93.3
TANet [40] ResNet152 ImageNet-1K 3 16 242 4 3 59 | 79.3| 941
TDNen [74] ResNet101 3 8+16 | 198 10 3| 88 | 79.4| 944
TimeSformer [6] ViT-L 3 96 |[8353 1 3| 430 | 80.7| 94.7
VIVIT FE [3] VIT-L ImageNet-21K 3 128 (3980 1 3| N/A | 81.7| 93.8
Motionformer [50] WVIT-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 | 835|943
VIVIT [3] ViT-H JFT-300M 3 32 3981 4 3| N/A | 849] 95.8
VIMPAC [64] ViT-L  |HowTol00M+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
MaskFeat3s2[79] | MVIT-L Kinetics-600 7 40 | 3790 4 3| 218 | 87.0| 97.4
ip-CSN [68] ResNet152 7 32 109 10 3| 33 | 77.8| 928
SlowFast [22] R101+NL no external data 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] MVIiT-L 7 16 |377 10 1| 218 | 84.3| 96.3
VideoMAE VIT-S 7 16 57 5 3 22 | 79.0| 93.8
VideoMAE ViT-B no external data 7 16 180 5 3 87 | 815|951
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-4000ur 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. VideoM#&skb is initialized from its224 resolution
counterpart and then ne-tuned for evaluation. “Ex. lab&lsneans onlyunlabelleddata 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 ne-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-ef cient 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 signi cant 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.2384ideoMAE 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 VidleoMAE 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 ne-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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Appendix

In this appendix, we provide more details of VideoMAE from the following aspects:

» The detailed architecture illustration is in § A.
« The implementation details are in § B.

» Experimental results are in 8 C where there are ablation studies on the Something-Something
V2 and Kinectics-400 datasets, and a downstream evaluation task (i.e., action detection).
More comparisons with state-of-the-art methods on the UCF101 and HMDB51 datasets are
included as well.

Results analysis isin 8 D.
Visualization of reconstructed samplesisin § E.
License of the datasets isin § F.

A Architectures

We use an asymmetric encoder-decoder architecture for video self-supervised pre-training and discard
the decoder during the ne-tuning phase. We take the 16-frame vanilla ViT-Base for example, and
the speci c architectural design for the encoder and decoder is shown in Table 8. We adopt the
joint space-time attentior8] 38] to better capture the high-level spatio-temporal information in the
remaining tokens.

Stage |Vision Transformer (Base Output Sizes
N E R AR
cube sztri(::II-SZl?.,E;Gl% 768 8 196
mask m;‘;ier;nnzsl‘ 768 8 [196 (1- )]
encodet Il\\AAFI?((3706782)) 12 768 8 [196 (1-)]
projecto concgﬂt%:asrgr?:gljtokens 384 8 196
decodef ME'PA((1358346)) 4 384 8 196
projecto MLP(1536) 1536 8 196
reshape from1536to3 2 16 16| 3 16 224 224

Table 8: Architectures details of VideoMAE. We take 16-frame vanilla ViT-Base for example.
“MHA’" here denotes the joint space-time self-attention. The output sizes are dendté€d by Sg
for channel, temporal and spatial sizes.

B Implementation Details

We conduct the experiments with 64 GPUs for both pre-training and ne-tuning on the Something-
Something V2 and Kinetics-400 datasets. The experiments on the smaller UCF101 and HMDB51
datasets are trained with 8 GPUs. The experiments on the AVA dataset are conducted with 32 GPUs.
We linearly scale the base learning rate w.r.t. the overall batch Isize, base learning rate

batch size / 256We adopt the PyTorchif] and DeepSpeédrameworks for faster training. We

have made the codand pre-trained modelpublic to facilitate future research in self-supervised
video pre-training.

Something-Something V2 Our VideoMAE is pre-trained for 800 epochs on Something-Something
V2 by default. During the ne-tuning phase, we perform the uniform sampling following T&N [
For evaluation, all models share the same inference protocol, i.e., 2 clgsrops. The default

2https://github.com/microsoft/DeepSpeed
3https://github.com/MCG-NJU/VideoMAE
“https://github.com/MCG-NJU/VideoMAE/blob/main/MODEL_ZOO.md
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cong Sth-Sth V2 Kinetics-400
optimizer AdamW

base learning rate 1.5e-4

weight decay 0.05

optimizer momentum 1; 2=0:9;0:95[11]

batch size 1024

learning rate schedule cosine decay [41]

warmup epochs 40

ip augmentation no yes

augmentation MultiScaleCrop [75]
Table 9:Pre-training setting.
cong Sth-Sth V2 Kinetics-400
optimizer AdamW
base learning rate le-3(S), 5e-4(B,L) le-3
weight decay 0.05
optimizer momentum 1; 2=0:9;0:999
batch size 512 512

learning rate schedule
warmup epochs
training epochs
repeated augmentatio
ip augmentation
RandAug [15]

label smoothing [63]
mixup [86]

cutmix [85]

drop path

dropout

layer-wise Ir decay [4]

Table 10:End-to-end

cosine decay [41]

40 (S,B), 30 (L) 150 (S), 75 (B), 50 (L,H)
2 2

no yes
(9, 0.5) (9, 0.5)
0.1 0.1
0.8 0.8
1.0 1.0
0.1(S,B), 0.2 (L,H)
0.5 (L) 0.5 (L,H)

0.7 (S),0.75 (B,L) 0.7 (S),0.75 (B,L,H)
ne-tuning setting in Table 6 and Table 7.

cong Sth-Sth V2
optimizer SGD
base learning rate 0.1
weight decay 0
optimizer momentum 0.9

batch size 1024
learning rate schedule cosine decay
warmup epochs 10
training epochs 100
augmentation MultiScaleCrop

Table 11:Linear probing setting.

settings of pre-training, ne-tuning, and linear probing are shown in Table 9, Table 12, and Table 11.
For supervised training, we follow the recipe ] and train from scratch for 100 epochs. Note
that we useno ip augmentationduring both the pre-training and ne-tuning phase. We additionally
adopt the repeated augmentati@i][during the ne-tuning phase in Table 6, which can further
increase the Top-1 accuracy by 0.1% - 0.3%.

Kinetics-400. Our VideoMAE is pre-trained for 800 epochs on Kinetics-400 by default. During the
ne-tuning phase, we perform the dense sampling following Slowfa&}t [For evaluation, all models
share the same inference protocol, i.e., 5 clip3 crops. The default settings of pre-training and

ne-tuning are shown in Table 9 and

Table 12. For supervised training from scratch, we follow the

recipe in R1] and train the model for 200 epochs. Note that we adopt the repeated augmeridtion [
during the ne-tuning phase in Table 7, which can further increase the Top-1 accuracy by 0.8% - 1.0%.

18



cong AVA v2.2

additional ne-tuning on Kinetics 7 3
optimizer AdamW

base learning rate 1le-3(S), 2.5e-4 (B, L), 5e-4 (H) 5e-4
weight decay 0.05

optimizer momentum 1; 2=0:9;0:999

batch size 128

learning rate schedule cosine decay [41]

warmup epochs

training epochs 30 (S, B, L), 20 (H) 30 (S, B) 20 (L, H)
repeated augmentation no

ip augmentation yes

drop path 0.2

layer-wise Ir decay [4] 0.6 (S),0.75(B, L),0.8(H) 0.6(S),0.75(B), 0.8 (L, H)

Table 12:End-to-end ne-tuning setting in Table 5.

UCF101. We follow a similar recipe on Kinetics for pre-training. Our VideoMAE is pre-trained
with a masking ratio of 75% for 3200 epochs. The batch size and base learning rate are set to 192
and 3e-4, respectively. Here, 16 frames with a temporal stride of 4 are sampled. For ne-tuning, the
model is trained with repeated augmentatidf] and a batch size of 128 for 100 epochs. The base
learning rate, layer decay and drop path are set to 5e-4, 0.7 and 0.2, respectively. For evaluation, we
adopt the inference protocol of 5 clips3 crops.

HMDB51. Our VideoMAE is pre-trained with a masking ratio of 75% for 4800 epochs. The batch
size and base learning rate are set to 192 and 3e-4, respectively. Here, 16 frames with a temporal
stride of 2 are sampled. For ne-tuning, the model is trained with repeated augmentation [31] and a
batch size of 128 for 50 epochs. The base learning rate, layer decay and drop path are set to 1e-3, 0.7
and 0.2, respectively. For evaluation, we adopt the inference protocol of 10 cBpsops.

AVA. We follow the action detection architecture in Slowfé&f][and use the detected person boxes
from AIA [ 65]. The default settings of ne-tuning are shown in Table 12. For data augmentations, we
resize the short side of the input frames to 256 pixels. We apply a random crop of the input frames to
224 224 pixels and random ip during training. We use only ground-truth person boxes for training
and the detected boxes with con denc®.8 for inference.

C Additional Results

C.1 Training schedule

Figure 5 shows the in uence of the longer pre-training schedule on the Something-Something V2 and
Kinetics-400 datasets. We nd that a longer pre-training schedule brings slight gains to both datasets.
In the main paper, our VideoMAE is pre-trained for 800 epochs by default.

C.2 Comparison with the state-of-the-art methods

We present the detailed comparison with the state-of-the-art on UCF101 and HMDB51 in Table 13.
Figure 6 additionally shows that our VideoMAE is a data-ef cient learner that allows us to effectively

train video transformers only from limited video data (e.g., 9.5k clips in UCF101, and 3.5k clips in
HMDB51) without any ImageNet pre-training. VideoMAE signi cantly outperforms training from
scratch, MoCo v3 pre-training f], and the previous best performance froGAR [18] without

extra data on these small-scale video datasets. Compared with those large-scale video datasets, these
two small datasets are more proper to verify the effectiveness of VideoMAE, as training large ViT
models is more challenging on small datasets.

D Model result analysis

In this section, we add the analysis of model results. As shown in Figure 7 and Figure 8, our
VideoMAE bring signi cant gain for most categories on SSV2, which implies that our VideoMAE
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(a) Performance on Something-Something V2

(b) Performance on Kinetics-400

Figure 5: The effect ofraining scheduleson (a) Something-Something V2 and (b) Kinetics-400.
Here each point is a full training schedule. Our default ViT-B backbone is described in Table 8.

Figure 6: Comparison with VideoMAE, MoCo v34], and VPCLR [18] on UCF101 and HMDB51.

can capture more spatiotemporal structure representations than ImageMAE and ImageNet-21k
supervised pre-trained model. On the other hand, we also notice that our VideoMAE performs
slightly worse than other two models on some categories. To better understand how the model works,
we select several examples from validation set. The examples are shown in Figure 9. For the example
in the 1st row, we nd our VideoMAE might not capture the motion information from very small
object. We suspect that tokens containing the small motion might all be masked due to our extremely
high masking ratio, so our VideoMAE could hardly reconstruct the masked small motion pattern. For
the example in the 2nd row, we nd our VideoMAE could capture the deformation of objects and
movement from the squeeze of the hand, while this cannot be discriminated by image pre-training.
We leave more detailed analysis of our VideoMAE for future work.

E Visualization

We show several examples of reconstruction in Figure 10 and Figure 11. Videos are all randomly
chosen from the validation set. We can see that even under an extremely high masking ratio,
VideoMAE can produce satisfying reconstructed results. These examples imply that our VideoMAE
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Method Backbone Extradata |Frames|Param | Modality | UCF101| HMDB51
OPN [35] VGG UCF101 N/A N/A Y 59.6 23.8
VCOP [82] R(2+1)D UCF101 N/A N/A \Y, 72.4 30.9
CoCLR [29] S3D-G UCF101 32 M Y, 81.4 52.1
Vi?CLR [18] S3D UCF101 32 M \% 82.8 52.9
VideoMAE ViT-B no external data 16 87M \% 91.3 62.6
SpeedNet [5] S3D-G Kinetics-400 64 oM Y 81.1 48.8
VTHCL [84] SlowOnly-R50 | Kinetics-400 8 32M \Y, 82.1 49.2
Pace [73] R(2+1)D Kinetics-400 16 15M \% 77.1 36.6
MemDPC [28] R-2D3D Kinetics-400 40 32M \Y, 86.1 54.5
CoCLR [29] S3D-G Kinetics-400 32 9M \Y, 87.9 54.6
RSPNet [12] S3D-G Kinetics-400 64 M \Y, 93.7 64.7
VideoMoCo [45] R(2+1)D Kinetics-400 16 15M \Y, 78.7 49.2
Vi2CLR [18] S3D Kinetics-400 32 9M \Y, 89.1 55.7
CVRL [53] SlowOnly-R50 | Kinetics-400 32 32M \% 92.9 67.9
CVRL [53] SlowOnly-R50 | Kinetics-600 32 32M Y, 93.6 69.4
CVRL [53] Slow-R152 (2 )| Kinetics-600 32 328M \Y, 94.4 70.6
CORR [32] SlowOnly-R50 | Kinetics-400 32 32M Y, 93.5 68.0
SIMCLR -; [23]| SlowOnly-R50 | Kinetics-400 8 32M \Y, 88.9 N/A
SWAV -, [23] SlowOnly-R50 | Kinetics-400 8 32M \% 87.3 N/A
MoCo -, [23] SlowOnly-R50 | Kinetics-400 8 32M \% 91.0 N/A
BYOL -, [23] SlowOnly-R50 | Kinetics-400 8 32M \% 92.7 N/A
BYOL -4 [23] SlowOnly-R50 | Kinetics-400 8 32M Y, 94.2 72.1
MIL-NCE [43] S3D HowTo100M 32 9M V+T 91.3 61.0
MMV [1] S3D-G AS+HTM 32 OM | 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 VIiT-B Kinetics-400 16 87M Y 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 ne-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 VV2and UCF104 datasets is custom. The license of the Kinetics400
HMDB518 and AVA°® datasets is CC BY-NC 4:6

SURL: https://developer.qualcomm.com/software/ai-datasets/something-something
SURL: https://www.crcv.ucf.edu/data/UCF101.php

"URL: https://www.deepmind.com/open-source/kinetics

8URL: https://serre-lab.clps.brown.edu/resource/lhmdb-a-large-human-motion-database
SURL: https://research.google.com/ava/index.html

OURL: https://creativecommons.org/licenses/by/4.0
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(a) Categories that VideoMAE outperforms ImageMAE. We only show those gain larger than 10%.

(b) Categories that ImageMAE outperforms VideoMAE.
Figure 7: ImageMAE (64.8%) vs. VideoMAE (69.6%) on Something-Something V2.
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(a) Categories that VideoMAE outperforms ImageNet-21k supervised pre-trained model. We only

(b) Categories that ImageNet-21k supervised pre-trained model outperforms VideoMAE.
Figure 8: ImageNet-21k supervised pre-trained model (61.8%) vs. VideoMAE (69.6%) on Something-
23
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GT: Something falling like a rock
ImageMAE pred: Something falling like a rock (v'), VideoMAE pred: Throwing something (X’

" EELE L EERE

GT: Squeezing something
ImageMAE pred: Sprinkling something onto something (X), VideoMAE pred: Squeezing something (v

o T e e

GT: Folding something

ImageNet-21k sup. pred: Folding something (v'), VideoMAE pred: Closing something (X

al ] el als

GT: Tearing something just a little bit
ImageNet-21k sup. pred: Tearing something into two pieces (X), VideoMAE pred: Tearing something just a little bit (v')

Figure 9: Prediction examples of different models on Something-Something V2. For each example
drawn from the validation dataset, the predictions with blue text indicating a correct prediction and
red indicating an incorrect one. “GT” indicates the ground truth of the example.
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Figure 10: Uncurated random videos on Kinetics-400 validation set. We show the original video
squence and reconstructions with different masking ratios. Reconstructions of videos are predicted
by our VideoMAE pre-trained with a masking ratio of 90%.
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Figure 11: Uncurated random videos on Something-Something V2 validation set. We show the
original video squence and reconstructions with different masking ratios. Reconstructions of videos
are all predicted by our VideoMAE pre-trained with a masking ratio of 90%.
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