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Abstract

In this work, we survey recent studies on masked image modeling (MIM), an approach that emerged as a powerful self-
supervised learning technique in computer vision. The MIM task involves masking some information, e.g. pixels, patches, or
even latent representations, and training a model, usually an autoencoder, to predicting the missing information by using the
context available in the visible part of the input. We identify and formalize two categories of approaches on how to implement
MIM as a pretext task, one based on reconstruction and one based on contrastive learning. Then, we construct a taxonomy
and review the most prominent papers in recent years. We complement the manually constructed taxonomy with a dendro-
gram obtained by applying a hierarchical clustering algorithm. We further identify relevant clusters via manually inspecting
the resulting dendrogram. Our review also includes datasets that are commonly used in MIM research. We aggregate the
performance results of various masked image modeling methods on the most popular datasets, to facilitate the comparison
of competing methods. Finally, we identify research gaps and propose several interesting directions of future work. We sup-
plement our survey with the following public repository containing organized references: https://github.com/vladhondru25/

MIM-Survey.

Keywords Masked image modeling - Masked autoencoders - Self-supervised learning

1 Introduction

Data samples have always played a crucial role in train-
ing large deep neural networks. Procuring a curated labeled
dataset not only involves a great effort and a laborious process
from a team of human annotators, but it also represents a sig-
nificant expense. As a result, various self-supervised learning
strategies have been explored, where the model is pre-trained
with a different objective, which does not require human
labels. Self-supervised learning can help the model to learn
a rich feature representation, and even surpass supervised
alternatives (He et al., 2022). Then, during the fine-tuning
phase, the model is further optimized for a specific down-
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stream task. For example, in most image classification tasks,
a common approach is to train the network on the ImageNet
dataset (Deng et al., 2009; Russakovsky et al., 2015), and
then change the classification head for a new task and train
the resulting model on a relevant dataset.

Self-supervised learning is a popular method to pre-train
a deep learning model. It involves creating a supervised set-
ting without annotating the data, but rather using the inherent
structure of the data. Due to its potential, self-supervised pre-
training algorithms have been rapidly adopted in computer
vision in recent years. The early works in this direction by
Doersch et al. (2015) and Noroozi and Favaro (2016) were
inspired by the jigsaw puzzle idea, in which the authors pro-
posed to split the image into patches and estimate the position
of each patch. Another pre-training strategy was introduced
by Wang and Gupta (2015), where the objective was to have
the distance between the initial and last frame in a video
smaller than the distance between the initial frame and a ran-
dom frame from another video. Pathak et al. (2017) created
a segmentation map from the motion of objects in videos,
and then applied a segmentation task for pre-taining, using
the artificial segmentation map as ground-truth. Other promi-
nent pretext tasks are colorizing a gray-scale image (Zhang
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Fig. 1 A timeline with the most prominent works in Masked Image
Modeling. This timeline illustrates the evolution of MIM methods and
the primary research directions in this area. Early works adapted masked
language modeling directly to the image domain, as in MST (Li et al.,
2021) and SimMIM (Xie et al., 2022). Subsequent efforts (Yi et al.,

et al., 2016) or rotating the input image and estimating the
angle it was rotated with (Gidaris et al., 2018).

The idea of pre-training a model by masking a part of
the input and then predicting the masked information gained
traction with the introduction of Bidirectional Encoder Rep-
resentations from Transformers (BERT) (Devlin et al., 2019),
which brought significant advancements in the Natural Lan-
guage Processing domain. The main advantage was that huge
amounts of unlabeled and unstructured text data could be
used. Notably, this pretext strategy was applied in vision
problems earlier, by Vincent et al. (2010) and Pathak et al.
(2016), where the original input signal was altered (corrupted
or obscured) and then reconstructed using an architec-
ture based on convolutional layers. The latter work even
employed an encoder-decoder model to inpaint the missing
regions from the input image. Nevertheless, as presented by
He et al. (2022), there are some differences from the recent
Masked Image Modeling (MIM) literature, as the aforemen-
tioned papers framed the problem as a denoising task.

In Figure 1, we present a timeline with the most promi-
nent works in masked image modeling. At ICCV 2021, Zhao
et al. (2021) presented a self-supervised learning method
that applies a contrastive loss between a masked patch
from an image and other regions. At NeurIPS 2021, Li
et al. (2021) proposed a teacher-student framework that
employs both a reconstruction and a contrastive objective.
At CVPR 2022, He et al. (2022) and Xie et al. (2022)
introduced a pre-training framework that involves masking
a high portion of the input and reconstruct it using autoen-
coders based on the Vision Transformer (ViT) architecture
(Dosovitskiy et al., 2021). Their concurrent studies represent
the base for the research that followed. Following Li et al.
(2021), Chen et al. (2022) formally presented a pre-training
method that involves both objectives, but follows the masked
autoencoder (MAE) framework. Besides employing MAE
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2023; Huang et al., 2023) tried to combine the MIM ideas with another
successful self-supervised method applied in computer vision, namely
contrastive learning. The most recent developments extend MIM to
multimodal settings (Fan et al., 2024; Guo et al., 2024) and tackle more
complex tasks (Tschannen et al., 2024; Qiu et al., 2024)

for pre-training, Gandelsman et al. (2022) demonstrated how
to use MAE at inference time, improving performance on
downstream tasks. At ICLR 2023, Yi et al. (2023) combined
MIM with denoising contrastive learning for a better feature
learning, while Lee et al. (2023) analyzed the teacher-student
MIM framework and showed the advantages of updating
the teacher’s weights as an exponential moving average of
the student’s. Huang et al. (2023) is another important step-
ping stone in integrating both reconstruction and contrastive
objectives in the MAE framework. At NeurIPS 2023, Mizrahi
etal. (2023) presented a method that applies the masking pre-
training method on multiple input vision modalities, as well
as text. More recent contributions are focused on multimodal
settings (Fan et al., 2024; Guo et al., 2024) and more complex
tasks (Tschannen et al., 2024; Qiu et al., 2024).

Within the context of more complex architectures of the
latest neural networks and the large quantities of annotated
data they require, pre-training such models has started to
become a prerequisite. Masked Image Modeling represents
a pretext task that consists of masking some information from
the input (either the raw signal or some features obtained from
it), and then estimating an output that should be the same as
if the input was unaltered, or even predicting the original
input. This pre-training strategy has quickly become popu-
lar, especially since the mechanism is easily implemented
with the well-known transformer architecture, and thus it
emerged in many domains and tasks. As a result, it is very
difficult and time-consuming to study such a high number of
research papers and find the necessary information. Our work
aims to mitigate this challenge and facilitate further research
or industrial endeavors. Firstly, we present a generic frame-
work that all masked image modeling methods follow and
identify two different categories of approaches: one involv-
ing input reconstruction and one employing a contrastive
objective. Furthermore, we have carefully reviewed the most
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recent papers and extracted the main ideas and contributions
from these studies. Furthermore, we manually organize the
reviewed studies into a taxonomy based on multiple crite-
ria, which is complemented by a dendrogram obtained via
hierarchical clustering.

Given the increasing prominence of masked image mod-
eling and the corresponding rise in research publications on
this topic, several studies have been conducted with objec-
tives similar to ours: to facilitate the literature review process.
Among these, the survey on masked modeling by Li et al.
(2023) stands out as a notable contribution, with which our
paper shares many characteristics, such as the general frame-
works employed during pre-training, some criteria of the
manual taxonomy, or even some presented papers. Never-
theless, our survey is focused on vision and how MIM is
applied in the most recent techniques. The work of Li et al.
(2023) surveys a broad range of domains, while including a
limited number of papers per domain. Furthermore, the more
focused scope of our survey on the image domain allows us to
review a greater number of vision papers for a more thorough
study. Thus, we consider our work to be more comprehen-
sive, particularly in the computer vision domain. In contrast
to Li et al. (2023), we organize the papers via both manual
and automatic clustering, providing complementary ways to
categorize the surveyed papers. Other relevant surveys are
the ones conducted by Zhang et al. (2023) and Zhou and
Liu (2023), where the authors focus specifically on masked
autoencoders. Unlike these related surveys, we address the
broader domain of masked image modeling, which is not nec-
essarily coupled with autoencoders. Our survey is therefore
more comprehensive, containing more than 100 additional
references compared with both surveys on masked autoen-
coders (Zhang et al., 2023; Zhou & Liu, 2023). For example,
we review works that integrate masking into basic operations,
e.g. convolutions (Ristea et al., 2022; Madan et al., 2024). As
shown by the respective authors, masked convolutions can be
integrated into any architecture.

To highlight the aim of our survey, we sum up our contri-
butions as follows:

e We highlight two categories of approaches on how to
implement masked image modeling as a pretext task.

e We review the most prominent papers in recent years, and
construct a taxonomy that facilitates studying the related
literature.

e We apply a hierarchical clustering algorithm on the
abstracts and identify relevant clusters via manually
inspecting the resulting dendrogram.

e We review commonly used datasets and aggregate the
results of various masked image modeling methods in a
single place, to facilitate the comparison of competing
methods.

e We identify research gaps and propose several interesting
directions of future work in the area of masked image
modeling.

2 Generic Framework

Masked Image Modeling is an unsupervised technique that
is usually applied during the pre-training phase. It involves
masking some information, either from the input or from the
latent representation, and then estimating the original data,
as if the data would not have been concealed. Although many
masked image modeling techniques have been proposed,
the research has been focused on two main schemes, either
reconstructing the masked signal, or comparing two latent
representations, one for the unaltered input signal and one for
the masked input. On a few occasions, different approaches
have been explored, but they are built on similar grounds.
Therefore, in the following subsections, we aim to give a
general formulation of the first two aforementioned schemes.

2.1 Reconstruction

The first scheme that we identified revolves around the idea
of masking some piece of information at any stage during the
forward pass of the model, and then employing a decoder to
reconstruct the missing data. We illustrate the reconstruction
framework in Figure 2. Typically, the input tokens in this
pipeline correspond to patches of raw pixels (He et al., 2022;
Xie et al., 2022). However, there are scenarios in which these
tokens reside in a latent space (Chang et al., 2022; Li et al.,
2023). In Figure 2, we illustrate this optional latent space
projection through an image tokenizer, which can vary in
complexity. For instance, Chang et al. (2022) employed a
VQ-GAN (Esser et al., 2021) tokenizer to transform images
into sequences of semantic visual tokens. We emphasize that
all recent advances (Zhu et al., 2024; Chen et al., 2023; Wang
etal., 2024; Liet al., 2025) on image tokenizers can be easily
integrated into our generic formulation.

The reconstruction-based pre-training framework was
concurrently introduced by He et al. (2022) and Xie et al.
(2022). Both studies employ an encoder based on the ViT
architecture (Dosovitskiy et al., 2021), in which a significant
portion of the input tokens is masked. The encoder processes
only the visible tokens. After the encoding stage, the masked
tokens are replaced with a special mask token, and a decoder
reconstructs their original content. In the Masked Autoen-
coder (MAE) proposed by He et al. (2022), the decoder
is lighter than the encoder, which results in an asymmetric
architecture. The loss function is applied only to the output
corresponding to the masked tokens.

After pre-training, the resulting encoder can be repur-
posed for feature extraction in downstream tasks, thanks to
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Fig. 2 Reconstruction-based MIM pipeline. The input image is split
into patches. Some of the resulting patches are masked, and the
remaining patches are passed through an encoder. Next, latent vec-
tors corresponding to masked and visible patches are passed through
a decoder. Finally, a reconstruction loss is computed between the out-
put patches and the original input patches. The whole purpose of this
self-supervised pipeline is to generate a robust latent representation by
learning to reconstruct masked patches. Best viewed in color

its strong representational capacity. Moreover, the decoder
can be employed for generation, as demonstrated by Chang
et al. (2022) and Li et al. (2023). The generative process
involves iterative model evaluations and begins with an image
in which all tokens are initially masked. During each itera-
tion, some of the masked tokens are replaced with predictions
from the model. This process continues for a fixed number of
steps, with the final iteration replacing any remaining masked
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Algorithm 1 Reconstruction-based MIM
Models: T, — the tokenizer; Eg — the encoder; Dy — the decoder.

Input: X — the input image; 4, w — the patch dimensions; o — the
proportion of input masking; split — the function that splits an image
into a number of patches; mask — the function which chooses what
patches should be masked; M — the learnable embedding of the masked
patches; d — the optimization function; n — the learning rate.

Computation:
I P = {pilpi € RV < split(X, b, w)
P = Tm(P)
: 1, I, < mask(P, a, n)
cforie{l,...,n)do
if i € I, then
H[i] < Eo(pi)
elseif i € [, then
H[i] < M
D P« Dy (H)
10: £, 9.0, M) < d (P, P)
. oL
11: 6 <6 —n- %Tyﬁ
122 < ¢ —n- 55

133 M« M—n- 3%

tokens with the model’s predictions, ultimately producing a
complete image.

We formally present the reconstruction-based training
strategy in Algorithm 1. The first step of the algorithm splits
the input images into non-overlapping patches, resulting in a
set P that contains patches of the same size, namely of 7 x w
pixels. The second step applies the tokenizer 7,,, which can
differ from one method to another. Notably, T, can be rep-
resented by the identity function when the MIM pre-training
is directly applied on the raw pixels. The masking operation
indicates which patches should be kept and which should be
masked. The indexes of the visible and masked patches are
stored in [, and I,,,, respectively. In the next steps, the masked
patches are usually dropped, and only the visible patches are
processed by an encoder (Ep) that extracts a latent repre-
sentation. Before the decoding step, the previously masked
patches are replaced by a learnable representation (M), which
resides in the latent space of the encoder. These transforma-
tions correspond to steps 3-8 in Algorithm 1.

Using the sequence formed by concatenating the masked
representations with those from the encoder, the decoder
(Dgy) reconstructs the patches as depicted in step 9 of Algo-
rithm 1. Finally, in steps 10-13 of Algorithm 1, a distance
function is optimized by updating the encoder, the decoder,
the projection layer, and the learnable masked representation.

2.2 Contrastive

The second generic scheme is represented by comparing two
different latent representations of the same input. One latent
representation corresponds to an unaltered or weakly aug-
mented input image, while the other corresponds to a masked
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Fig. 3 Contrastive-based MIM pipeline. Two versions of the input
image are used in this framework, one that is unaltered (or weakly aug-
mented) and one that is strongly augmented and masked. The images are
processed by two encoders, a teacher encoder (left) and student encoder
(right). The teacher encoder is either identical to the student encoder,
or an exponential moving average (EMA) of the student encoder. The
training is based on a contrastive loss applied on the latent representa-
tions of the patches. Gradients are propagated only through the student
encoder. Best viewed in color

and strongly augmented version of the same input image.
The approach is based on a contrastive learning framework,
as illustrated in Figure 3. There are two common architec-
tural configurations. One configuration uses an encoder with
shared weights, as in (Wu et al., 2023; Zhang et al., 2023).
The other configuration uses an encoder for the masked input
and an exponential moving average (EMA) version of the
encoder for the original input, as in (Lee et al., 2023).

The generic contrastive-based MIM framework is formal-
ized in Algorithm 2. The aim of this framework is to obtain

Algorithm 2 Contrastive-based MIM
Models: VP, — the visual projection layer; Ey — the encoder.

Input: X — the input image; &, w — the patch dimensions; o — the
proportion of input masking; split — the function that splits an image into
a number of patches; mask — the function which chooses what patches
should be masked; augment — the image augmentation function; M —
the learnable embedding of the masked patches; d — the optimization
function; n — the learning rate.

Computation:
1: X < augment(X, ‘weak’)
2: X < augment(X, ‘strong’)
= {pilpi € RI=wxeyn_ -« split(X, h, w)
= {pilpi € thwx”}l’f:l < split(X, h, w)
Iv, Iy < mask(P, a, n)
forz;e {1,...,n}do
H[il < Eg(VPy(p:))
if i € I, then
HIi] < Eo(VP,(pi))
10:  elseif i € I, then
11: HIi] < Eg(M)
12: £ (.6, M)<—d(H H)
13: 0 <0 —n- %=
14: 9 «<—p—n-5=

9.°>'9*.U.‘:'>“’

N

a similar embedding, irrespective of the applied masking.
Steps 1 and 2 of the algorithm generate two versions of
the input image by augmenting them at different intensities.
The version that undergoes masking is strongly augmented,
while the other one is weakly augmented (or can even
remain unaltered). In steps 3-4, each image is divided into
non-overlapping patches, and in step 5, masking is applied
solely to the strongly augmented image. The unmasked
image undergoes processing by the projection layer and the
encoder (step 7), whereas the masked image has its omit-
ted patches replaced with a learnable vector before being
encoded (steps 8-11). Notably, Algorithm 2 processes both
input images using the same encoder, which can be regarded
as two encoders with shared weights. Gradient propagation
is restricted to the processing of the masked image. An alter-
native approach (Lee et al., 2023) is to process the unmasked
image with an EMA-based encoder in steps 9 and 11. Step 12
of the algorithm computes the contrastive loss, in which the
negative patches originate from different positions within the
same image. The most common loss function used in Step
12 is some variant of the InfoNCE (Noise-Contrastive Esti-
mation) loss:

- exp((H[il, H[i1)/7)
L((p,Q,M)(—— log —~ — ,
; Yo exp((HLj1, HIil)/7)

where t is the temperature factor scaling the pairwise sim-
ilarity. The goal of InfoNCE is to maximize the similarity
between H [i] and H[i], while minimizing the similarities
HI j1and H[i], Vj # i.In practice, the negative patches
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denoted by H[ j] can also be sourced from other images.
Finally, the last steps (13-15) of the algorithm update the
weights of the encoder, the projection layer, and the learn-
able representation M. Although the contrastive learning
method is technically different from the reconstruction-based
scheme, Zhang et al. (2022) demonstrated that the contrastive
approach strongly correlates with the reconstruction-based
framework in terms of the learned latent representations.

2.3 Relation to Other SSL methods

Contrastive learning. The standard contrastive learning
paradigm (Chen et al., 2020; Grill et al., 2020; He et al., 2020)
is to learn representations by pulling different augmented
views of the same image closer in the embedding space, while
pushing views of different images apart. In Section 2.2, we
show that MIM and contrastive learning are not mutually
exclusive. However, if we compare the standard contrastive
learning with MIM, we can identify a few different prop-
erties. First, MIM is naturally well-suited to transformer
architectures, as it draws inspiration from masked language
modeling, which was originally designed for such mod-
els. Second, unlike contrastive learning, MIM supports both
recognition and generation tasks, as discussed in Section 2.1.
In terms of representation learning, MIM encourages the
model to focus on spatially meaningful features, because it
reconstructs masked regions of the input. Lastly, contrastive
learning relies on negative examples, which increases the
batch size and often requires hard sample mining, a proce-
dure that introduces additional computational overhead and
complexity during training (Ghita & Ionescu, 2024).
Non-contrastive methods. Early self-supervised learning
approaches primarily focused on creating pretext tasks, e.g.
solving jigsaw puzzles (Noroozi & Favaro, 2016; Chen et
al., 2021), learning the arrow of time (Wei et al., 2018), or
colorizing images (Zhang et al., 2016). While conceptually
simple, these methods often exhibit limited generalization,
because the objectives of the pretext tasks are not always
aligned with those of downstream tasks. More recent stud-
ies (Caron et al., 2021, 2020; Bardes et al., 2022) leverage
semantic similarities between samples. The core idea is to
employ a dual-network architecture, where both networks
are trained to generate similar embeddings for different aug-
mented views of the same image. Notably, this approach
differs from contrastive learning, because it eliminates the
need for negative examples.

Compared with MIM, the aforementioned self-supervised
approaches differ in several key aspects. First, they can be
less stable during training and often rely on additional tech-
niques, such as momentum encoders, to ensure convergence.
Second, unlike alternative methods, MIM inherently supports
image generation. Lastly, while MIM focuses on learning
spatial and contextual features through reconstruction, other

@ Springer

self-supervised learning methods prioritize strong global rep-
resentations by enforcing consistency across different views
of the same image.

3 Taxonomy and Overview

In Figure 4, we present a manually-generated taxonomy of
the most promising MIM papers, organizing them according
to their main contributions. In constructing the taxonomy, we
consider six main research directions related to: the masking
strategy, the type of masked signals, the neural architecture,
the objective function, the type of downstream tasks, and the-
oretical results. Nonetheless, since many papers focused on
more than one of the above aspects, we grouped the respective
works into distinct categories representing composed contri-
butions. We now continue by presenting the aforementioned
papers, divided into sub-sections according to our taxonomy.

3.1 Masking Strategy

In Figure 5, we categorize the main masking strategies
employed in MIM pipelines. A common practice is to mask
the content randomly (Xie et al., 2022; He et al., 2022; Tong
etal., 2022; Shi et al., 2022; Chen et al., 2023; Girdhar et al.,
2023; Liu et al., 2023). Nevertheless, several recent works
advocate for a more informed masking (Pang et al., 2022;
Kakogeorgiou et al., 2022; Li et al., 2022; Voleti et al., 2022;
Huang et al., 2022; Chen et al., 2022; Xiao et al., 2023; Wang
et al., 2023; Xu et al., 2023; Wu et al., 2023; Lin et al.,
2023), guided by meaningful information, whether it stems
from a neural network (Kakogeorgiou et al., 2022; Li et al.,
2022; Madan et al., 2024) or from classical features (Pang
et al., 2022; Voleti et al., 2022; Huang et al., 2022; Jarca
et al., 2024). By masking the salient patches or semanti-
cally relevant regions, these informed approaches enhance
the capacity of the model to learn robust representations.

Xie et al. (2022) introduced SimMIM, a self-supervised
pre-training framework that reconstructs pixel values of
randomly masked images. An overview of the method is
depicted in Figure 6. The model is a simple encoder (ViT)
receiving as input an image with masked patches replaced
by a learnable token. Additionally, the study motivates the
choice of random masking and the raw pixels as target fea-
tures through extensive ablation studies.

He et al. (2022) presented the masked autoencoder (MAE)
framework, where the main contribution is to exclude the
masked tokens from the encoder’s input and use a very
high masking ratio (75%). These changes imply a more
efficient framework compared with other works, such as
SimMIM (Xie et al., 2022). However, as a negative effect,
having an encoder that operates only on visible tokens makes
the framework incompatible by default with the Hierarchical
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Fig. 7 MAE pipeline, courtesy of He et al. (2022) (image licensed
under CC BY 4.0). MAE is a reconstruction-based method (belonging
to the generic pipeline in Figure 2), as it employs an L? loss between the
reconstructed patches and their counterparts from the original image

Vision Transformer (Liu et al., 2021) architecture, which usu-
ally performs better than a standard ViT. The MAE pipeline
is presented in Figure 7. Aiming to learn more robust repre-
sentations, OmniMAE, introduced by Girdhar et al. (2023),
is similar to the standard MAE framework, except that the
model is trained with both video and image data. Another
extension is MixMAE (Liu et al., 2023), a pre-training
approach that leverages elements of both MAE (He et al.,
2022) and SImMIM (Xie et al., 2022). This method selects
two distinct images from a training dataset and extracts ran-
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dom tokens from each. The tokens are then amalgamated to
form a new, hybrid image. This composite image undergoes
processing by an encoder. Further, a decoder is employed,
aiming to reconstruct the original two images from which
the mixed image was derived. During the decoding phase,
the input provided to the decoder is unmixed and the patches
corresponding to the missing tokens in the hybrid image are
filled with masked tokens.

Pang et al. (2022) adapted the masked pre-training strat-
egy to 3D Point Clouds. The method groups the points
into patches and masks some of them. Then, it embeds and
encodes only the unmasked patches. Next, the visible patches
get concatenated with the masked tokens and passed through
the decoder, with the objective to reconstruct the latter. The
authors state that passing the masked patches earlier leaks
spatial information which simplifies the task. Additionally,
Xu et al. (2023) showed that masked image modeling is more
effective on 3D scenes when certain points are excluded from
masking, the so-called Informative Points. Keeping these
points unchanged will help to preserve the geometric struc-
ture of the scene after the masking process.

A number of studies used low-level information to
improve the masking strategy. Jarca et al. (2024) formu-
lated the masking strategy as as curriculum learning problem
by gradually increasing the masking ratio during training.
Additionally, they introduced a patch selection strategy that
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emphasizes masking patches with higher gradient magni-
tudes. The masking strategy proposed by Hinojosa et al.
(2024) is inspired by the color noise used in image pro-
cessing. Specifically, their approach introduces four filters
that operate on the uniform noise typically generated for
random masking. This strategy avoids the extra computa-
tional overhead often required by other informed masking
methods, while still outperforming standard random mask-
ing. Rather than imposing a masking policy, several studies
tried to learn the optimal masking strategy. SemMAE (Li et
al., 2022) deployed an additional stage before masking. This
stage, called semantic part learning, is responsible for learn-
ing attention maps that correspond to meaningful semantic
components in the image. The training of this stage is per-
formed by embedding the class token provided by a ViT
encoder into part embeddings. The resulting embeddings
together with the patch embeddings provided by the same
encoder are used in an attention layer. Finally, the obtained
attention maps are processed by a decoder to reconstruct the
original image. In the second stage, the attention maps are
used for part segmentation. The masking varies from mask-
ing patches in each part to masking entire parts randomly.
In a similar fashion, Kakogeorgiou et al. (2022) proposed
a framework in which the masking strategy is learned. A
teacher network, seeing the intact image, generates a mask
that is used to pre-train the student. The objective is to recon-
struct the feature representation of the teacher for the masked
tokens, as well as the class token [CLS] that is used in gener-
ating the mask. The teacher’s parameters are updated using
an exponential moving average of the student’s weights. The
experiments demonstrated the superiority of the method over
other masking strategies. Instead of relying on an additional
teacher network, Wang et al. (2023) developed a masking
strategy based on the direct feedback provided by the model
being pre-trained. The strategy computes the reconstruction
loss for each patch and then selectively masks the patches
that are more challenging to reconstruct, as indicated by
their higher loss values. This approach ensures that the model
focuses on the most difficult aspects of the data during train-
ing. Similarly, but leveraging attention maps, Liu et al. (2023)
proposed a guided masking strategy for MAE, rather than a
random policy. Periodically, all images are passed through
the encoder and their latent feature representation of the
[CLS] token from the last attention layer is extracted in order
to compute an importance map of all patches. Using this, the
masked patches are sampled (higher chance for more salient
patches) and then estimated via reconstruction, while a por-
tion of the least important patches are completely put aside
(i.e. not fed to the encoder).

Huang et al. (2022) added masked image modeling in the
training pipeline of GANs. The masking is based on two
methods. The first one is called shifted spatial masking and
constitutes random masking of the image. The second one is

called balanced spectral masking and randomly masks some
spectral bands of the image decomposed in the spectral space.
The authors observed that these two strategies are orthogo-
nal and help the adversarial training process to become more
stable. The frequency domain is also leveraged by Xie et al.
(2023), who proposed to apply the masks in the frequency
domain. The images are converted with fast Fourier trans-
form, then either low or high frequencies are masked, and
mapped back into the pixel space. Using an encoder-decoder
model, the original image is estimated and transformed into
the frequency domain. The objective is to identify the fre-
quencies that were masked.

The work of Tong et al. (2022) pioneered the applica-
tion of Masked Autoencoders (VideoMAE) to video data,
adapting the principles of MAE used in image process-
ing to the temporal domain. In this approach, sequences of
frames are masked with a masking ratio of approximately
90%. This notably high ratio is strategically chosen to effec-
tively minimize the issue of information leakage that occurs
between closely spaced frames. Wang et al. (2023) extended
this work and introduced VideoMAEvV2, a method for scal-
ing up the original VideoMAE. Other studies (Huang et al.,
2023; Wu et al., 2023; Gupta et al., 2023) focused on design-
ing more suitable masking strategies for video data. Huang
et al. (2023) argued that, for the successful application of
MAE on video, it is crucial to consistently mask video seg-
ments across time. Without this consistency, there is a risk
of temporal information leakage, rendering the learning task
overly simplistic. To address this challenge, they introduced a
novel solution that leverages optical flow techniques to gen-
erate time-coherent masking volumes. These volumes are
then utilized to selectively sample visible tokens, ensuring
that the masking process maintains temporal integrity and
effectively prevents information leakage. Wu et al. (2023)
proposed DropMAE, an adaptation of MAE for videos. The
main observation of Wu et al. (2023) is that it is not enough
to mask and reconstruct video patches in order to learn
spatio-temporal features. The proposed solution is to drop
spatial-attention tokens to guide the model towards look-
ing at the temporal information. Driven by the same goal,
Gupta et al. (2023) extended the MAE framework to learn
temporal feature representations between the frames of a
videoclip. Two frames are randomly sampled, the earlier one
being split into patches, while the future one is both split
and masked. Both images are then separately encoded using
Siamese encoders. The resulting embeddings are passed
through a decoder with cross-attention (the queries consist-
ing of the future frame’s visible token embeddings and mask
tokens) in order to reconstruct the future frame. To learn
video-language representations, Lin et al. (2023) proposed
SMAUG, which stands out as an efficient framework for
video-language pre-training, surpassing previous method-
ologies. In its pre-training process, SMAUG employed a
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strategy of masking a significant portion of both frame
patches and text tokens, enabling simultaneous masked video
modeling and masked language modeling. Targeting video
generation, Voleti et al. (2022) introduced Masked Condi-
tional Video Diffusion (MCVD). MCVD leverages different
frame masking strategies to train a video diffusion model
for unconditional video synthesis and video interpolation.
At training time, the method chooses randomly and indepen-
dently to mask the future or past frames of a given video. This
simple strategy allows the diffusion model to perform four
different tasks during inference: future and past frame pre-
diction, unconditional generation, and frame interpolation.

Starting from the idea that video and speech data are
strongly related, Shi et al. (2022) proposed a joint masked
pre-training framework for both modalities. Firstly, each data
type is encoded into an intermediate latent representation
using ResNet for images and a linear layer for audio samples.
At each timestep, frames from both modalities are masked
by replacing them with an arbitrary sampled frame from the
same sequence. These are then concatenated and the informa-
tion is fused through a transformer-based encoder. Inspired
by Hsu et al. (2021), the objective is to predict which cluster
every frame belongs to, the clusters being repeatedly com-
puted by applying a discrete latent variable algorithm to the
features extracted from the audio sequence.

Xiao et al. (2023) introduced a method to fine-tune mod-
els, with the goal of achieving a more balanced trade-off
between in-distribution (ID) and out-of-distribution (OOD)
performance. The authors argue that fine-tuning models on
a specific dataset tends to enhance their performance on ID
data, but this diminishes their performance on OOD data.
Therefore, they proposed an approach that involves masking
certain patches within an image and replacing them with con-
tent from another image. This modified image is then used
to train the model under the supervision of the pre-trained
model to recognize the masked image features. Enhancing
the robustness of models is also the primary objective of
Chen et al. (2023), who observed that existing image denois-
ing methods often overfit on the type of noise seen during
training. Their approach focused on improving the gener-
alization capabilities of this type of models by leveraging
masked image modeling. To this end, the proposed method
masks randomly chosen pixels from the input image and
tokens in the self-attention layers of the transformer archi-
tecture. The use of token masking in self-attention layers
effectively mimics the unreliability observed in tokens dur-
ing inference, when the data is compromised by various types
of noise. This simulation helps to prepare the model for real-
world scenarios, where data quality may be inconsistent.

Multiple studies have proposed masking strategies that
are more meaningful for medical data than random mask-
ing. Yang et al. (2023) introduced masked relation modeling
to improve self-supervised pre-training on medical images.
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This masking strategy uses the self-attention mechanism to
identify strong dependent regions in the input image and
breaks such relations by masking the most important patches
for a given patch. On the same note, the cross-attention is
applied between images and genome features, aiming to cap-
ture the correspondence between these two modalities. A
similar approach that leverages strong dependent regions is
presented by Wang et al. (2023). They proposed a masking
strategy that is applied to superpixels (contiguous groups of
pixels with similar properties), demonstrating its capability
on medical image segmentation of skin lesions. Neverthe-
less, after masking a proportion of superpixels, the same
MIM methodology is followed: reconstructing the masked
superpixels based on the visible ones. Initially, a base pol-
icy (Achanta et al., 2012) is adopted to generate and mask
superpixels, after which, the policy is optimized in a self-
supervised manner, the model being further pre-trained with
the new policy. Leveraging medical reports, Chen et al.
(2022) presented a masked autoencoder pre-training scheme
for vision and language medical data. This model consists of
two encoders: one based on ViT for images and one based
on BERT for texts. The embeddings of the two modalities
are jointly processed with a cross-attention module in order
to fuse the information. Finally, each input is reconstructed
with a separate decoder: a transformer model for images and a
simple multi-layer feed-forward network for texts. While the
language decoder receives the output of the last layer of the
multimodal module, the vision decoder uses an intermediate
latent representation. Another important aspect considered
by Chen et al. (2022) is that different masking ratios are used
for different input types. Working on a similar task, Xie et al.
(2023) introduced MedIM, a method that guides the masking
based on radiology reports. Firstly, both inputs (the medical
image and the corresponding report) are encoded using sep-
arate encoders. Then, the text embeddings are split into two
subsets, according to the original word categories: MeSH and
Sentence tokens. Each subset of text embeddings, together
with the visual embeddings, are used to generate a mask
that hides different information. The loss adds the recon-
struction errors between the two resulting decoded masked
embeddings (with separate heads) and the original image. In
a more specific use case of dental panoramic radiographs,
Almalki and Latecki (2023) adopted a masked image model-
ing strategy (either SimMIM or UM-MAE) for pre-training
a SwinViT in order to ameliorate its need for a large train-
ing dataset. Then, the encoder of the pre-trained SwinViT
is taken and used as a backbone in the detection and image
segmentation downstream tasks.

Mao et al. (2023) extended the MAE approach to temporal
skeleton sequences. Rather than opting for the straight-
forward method of reconstructing the skeleton sequence
directly, this research reconstructed the temporal motion
embedded within the sequence, using the masked skeleton
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sequences as input. In addition, the same motion is used to
guide the masking of the skeletons.

Song et al. (2023) presented a self-supervised masking-
based method for the multi-agent reinforcement learning
(RL) setting. For a given timestamp, the observations of all
agents are taken. Some of them are masked and replaced
by the values of the previous timestamp, eventually being
encoded in a latent space. Then, a reconstruction model
is used to generate the original agents’ feature represen-
tations from the masked sequence. The authors assert that
the resulting feature space is stimulated to learn more about
the interaction between agents, while being more temporally
aware.

To detect malicious network traffic, Zhao et al. (2023)
introduced a transformer model, solving the scant data prob-
lem by adopting MAE. During pre-training, the raw traffic is
processed into a compact 2D matrix consisting of 5 packet
levels, dividing it into patches and masking some of them.
Then, a transformer encodes the visible tokens and tries to
reconstruct the matrix with a decoder. However, during the
fine-tuning step, two different encoders are created from the
earlier pre-trained one, each having distinctive attention lay-
ers (compared with the global attention from the previous
stage). On the one hand, an encoder operates only on the
tokens within the same packet level. On the other hand, the
other encoder performs attention between the patches from
all packet levels.

3.2 Target Features

In Figure 8, we illustrate the main categories of target features
employed across various MIM models. These features can be
categorized in two primary groups, low-level and high-level
features. The low-level category encompasses representa-
tions such as pixels (He et al., 2022; Xie et al., 2022), discrete
tokens (Bao et al., 2022; Zhou et al., 2022), 3D (Liang et
al., 2022; Sun et al., 2023; Hou et al., 2023; Tian et al.,
2023), HOG (Wei et al., 2022), and spectral features (Li et
al., 2022). Methods based on low-level features often employ
high masking ratios to encourage the learning of sufficiently
abstract representations that are necessary to enhance perfor-
mance on downstream tasks. The methods that use high-level
features as target features can be splitinto two groups, namely
those that rely on a pre-trained teacher model (Fang et al.,
2023; Xue et al., 2023; Yang et al., 2022; Bai et al., 2023; Fu
et al., 2023), and those in which the teacher and student are
trained simultaneously (Huang et al., 2023; Kakogeorgiou et
al., 2022; Chen et al., 2022; Assran et al., 2022; Yang et al.,
2023; Zhao et al., 2023). In the remainder of this section, we
briefly describe the MIM pipelines that primarily contribute
through the types of target features they employ.

Chen et al. (2022) argued that reconstructing the image
pixel space does not force the network to learn an ideal repre-

sentation of the data. Thus, they introduced a self-distillation
framework, shown in Figure 9, in which the student branch
follows the original MAE flow, while the teacher network
(which is not updated by gradient descent, but rather from
the weights of the student) only takes the masked patches.
The objective is to match the high-level features between the
two networks. A similar approach is proposed by Assran et
al. (2022). The authors presented a self-supervised masking
pre-training strategy that involves Siamese networks. Given
a source image and applying transformations on it, two dif-
ferent views (anchor and target) are generated. Then, only
the anchor’s tokenized patches are masked, and using the
Siamese networks (which follow the ViT architecture), both
views are encoded. The latent representations are compared
with a set of learnable prototypes in order to generate a dis-
tribution, the final goal being that of obtaining matching
distributions (predictions of anchor and target). While the
anchor’s model is updated using gradient descent, the target’s
network parameters are computed as an exponential mov-
ing average from the anchor network’s weights. The authors
attest that the method greatly improves the performance in
few-shot scenarios.

A handful of studies used 3D data as target features within
their proposed MIM pipeline. Liang et al. (2022) proposed
the masked image modeling pre-training for 3D meshes.
Inspired by ViT, they begin by grouping faces together (each
face being represented by a 10D vector) into a patch. Then,
the authors adopt the transformer architecture, using the 3D
location of the center of each patch to compute the positional
embedding. The algorithm follows MAE: patches are ran-
domly masked with a high masking ratio, the visible patches
are passed through the encoder, then the resulting latent
embeddings are concatenated with masked tokens (associ-
ated with the masked patches), and subsequently decoded.
The objective is not only to reconstruct the masked patches
(by predicting the coordinates of the vertices), but also the
faces of the patch (the 10D representations). Aiming to
learn more robust representations with 2D vision models,
Mask3D (Hou et al., 2023) enhanced the 2D feature repre-
sentations of the ViT backbone (Dosovitskiy et al., 2021)
by integrating 3D priors into the training pipeline. Mask3D
utilized RGB-D data within a self-supervised framework,
where both color images and corresponding dense depth
maps are masked and processed through dual encoders.
These encoders project the data into a higher-dimensional
space, enabling a decoder to accurately reconstruct the dense
depth map. This method enriches the capability of ViT to
handle spatial depth alongside traditional 2D data. Focusing
on point clouds, GeoMAE (Tian et al., 2023) is an adapta-
tion of the MAE framework to point clouds. This method
changed the usual reconstruction objective and replaced it
with centroid prediction, normal estimation and curvature
prediction. This change showed significant improvements in
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downstream tasks such as object detection, segmentation and
multi-object tracking. In a semi-supervised setting, given a
labeled (source) and an unlabeled (target) 3D point cloud
dataset, the aim of Liang et al. (2022) is to transfer the
knowledge from the latter to the former by embedding infor-
mation about common features in an encoder. This model is
trained simultaneously on both datasets, but with different
objectives. On the one hand, training on the source dataset
is performed in a supervised setting on a specific task. On
the other hand, points from the target dataset are randomly
masked in arbitrary areas and the objective is to estimate their
cardinality (number of points in the neighborhood), position
and normal vectors. Therefore, the model benefits from unla-
beled data by encapsulating information about the structure
of objects.
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To boost the performance of any knowledge distillation
framework based on feature learning, Yang et al. (2022) pro-
posed an auxiliary task. A proportion of the latent feature
maps of the student is masked, and a projection layer tries
to recover the masked feature maps and match them with
those of the teacher. This results in higher performance for a
wide range of computer vision tasks. In a similar manner, but
focusing on efficiency, Bai et al. (2023) introduced a method
for knowledge distillation using the MAE framework. Their
approach reconstructs masked patches, while training the stu-
dent model to replicate the early (low-level) feature maps of
the teacher. The efficiency stems from utilizing the MAE
framework and from the partial evaluation of the teacher net-
work, as it only requires early feature maps for training the
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student. This significantly reduces computational cost and
training time.

Wei et al. (2022) used the HOG features of the masked
regions as target values. The masked patches are replaced
with learnable tokens and the architecture is based on a sin-
gle encoder followed by a linear head for predicting the HOG
features. Low-level target features were also used by Ren et
al. (2023). They introduced a novel approach for boosting
the performance of ViT. A number of patches from the orig-
inal image are shuffled and have their positional encodings
masked. Besides the original loss of the downstream task,
another objective that tries to predict the masked positional
encodings is employed.

A few studies have attempted to employ target features
better suited for video data. Sun et al. (2023) proposed a video
representation learning method based on masking, which
reconstructs trajectory features rather than static information
(like frames). These target features are carefully designed to
capture long-term motion changes (object shape and posi-
tion). Fu et al. (2023) conducted an empirical analysis on
optimal target features for video-language pre-training. They
found that spatially-focused image features, extracted using
a Swin-B transformer (Liu et al., 2021), yield the best results.
Additionally, their research incorporates the usual tasks
employed in video-language pre-training, such as masked
video modeling, masked language modeling and video-text
matching. For their video compression method, Xiang et al.
(2023) employed a transformer-based entropy that is pre-
trained using masked image modeling. Some tokens from
the current frame are randomly masked, and the model tries
to estimate their probability mass functions. More prior infor-
mation about the last decoded frames is supplied as keys and
values. At inference, the prediction is performed as an itera-
tive process.

Yang et al. (2023) combined image-text contrastive learn-
ing (CLIP) (Radford et al., 2021) and MIM. Their main
contribution over the naive approach for combining the two
methods consists in using the language space as target space
for the reconstruction objective. This is motivated by the
intuition that the language features serve as rich semantic
representations of the visual signal. The CLIP representa-
tion space is also utilized by EVA (Fang et al., 2023), a ViT
model trained to reconstruct CLIP features conditioned on
masked image tokens. Fang et al. (2023) showed that this
self-supervised task is suitable for large scale representation
learning. The EVA model scales to one billion parameters
using tens of millions of samples, showcasing its potential
for handling extensive datasets and complex learning tasks.

Zhao et al. (2023) introduced a masked-based auxiliary
objective to train a model for semantic segmentation of
Laparoscopic images. Due to the scarcity of labeled data, the
authors proposed to use a labeled proxy source dataset (with
simulated images) and an unlabeled target dataset (with real

images) to transfer the knowledge. The former dataset was
used to compute the supervised loss for segmentation with
a student model. Each image from the second dataset has
its higher frequencies masked (by first applying the Fourier
transform and then the inverse), and its segmentation map
is predicted using the student model. The resulting output is
compared with the prediction of the intact image given by
a teacher model (i.e. the exponential moving average of the
student), the objective being that of minimizing the distance
between the two.

3.3 Objective Function

We next present the works that have as a main contribution the
loss function employed in their MIM pipeline. In Figure 10,
we provide an overview of the main objective functions used
across MIM approaches, distinguishing between reconstruc-
tion (He et al., 2022; Xie et al., 2022; Mirza et al., 2023;
Huang et al., 2023), contrastive (Weers et al., 2023; Lee et
al., 2023; Wuet al., 2023; Huang et al., 2023), and classifica-
tion losses (Liu et al., 2022; Li et al., 2023). Reconstruction
losses remain the most frequent option in MIM pipelines.
In this section, we highlight methods that employed them
in less typical ways. For instance Mirza et al. (2023) used
a reconstruction loss at test time, while Huang et al. (2023)
combined reconstruction and contrastive losses. Although
classification losses are less common, they appear in scenar-
ios where pseudo-labels can be generated (Liu et al., 2022;
Lietal., 2023).

Inspired by MAE, Liu et al. (2022) proposed an analogous
pre-training framework for 3D point clouds, but substituted
the reconstruction task with discrimination. A small propor-
tion of points are left unmasked, and subsequently encoded.
Then, a subset of the masked ones is sampled (real), along
with some random 3D points from the space (fake), and
the decoder’s objective is to discriminate between the two.
The encoded unmasked points are used in the cross-attention
blocks of the decoder. Experiments are conducted for various
downstream tasks, in which the method shows considerable
performance improvements. A classification loss is also used
by Li et al. (2023). To boost the performance of models that
have zero-shot classifying capabilities (such as CLIP), Li et
al. (2023) proposed a framework composed of three tasks.
Besides the reconstruction loss of the masked patches, the
second objective is to minimize the distance between the
resulting embeddings of the masked tokens and the embed-
ding of the prepended [CLS] token in a shared projected
space. The third objective employs a classification loss in
which the labels are provided by an EMA teacher applied on
the unmasked image.

Weers et al. (2023) studied the effectiveness of combining
MAE and CLIP in a single framework. The conclusion is
that the combination brings some benefit when training on a
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Fig. 10 Types of objective functions employed in MIM pipelines.
Reconstruction losses, particularly those based on L' and L? distances,
constitute the most commonly employed objective functions in MIM
pipelines. These are followed by the contrastive loss objectives, where

smaller dataset (tens of millions of samples), but this benefit
is marginal when the experiments are carried out on a much
larger dataset (1 billion samples).

Mirza et al. (2023) introduced an application of the MAE
self-supervised learning framework during test phases, fol-
lowed by executing predictions with the refined weights. This
method was evaluated in the context of point cloud classifica-
tion, demonstrating enhanced performance across a variety
of standard perturbations affecting 3D point clouds. The find-
ings suggest that updating model weights with MAE at test
time significantly improves the robustness and accuracy of
point cloud classification tasks.

Lee et al. (2023) formally introduced the self-distillation
masked autoencoder framework. An input image is divided
into patches, some of which are randomly masked. Two
encoder-decoder networks (teacher and student) are used to
reconstruct the original image. A new objective is employed
to minimize the distance between the predictions of the
teacher and the student. While the student is trained using
gradient descent, the teacher’s weights are computed as an
exponential moving average of the student’s. Wu et al. (2023)
proposed a similar method based on Siamese networks. One
network, which is fed with a highly masked input image,
tries to predict the tokens from the other network, which is
given the complete image. The work of Huang et al. (2023)
is built on the same idea, but combines the reconstruction
objective with a contrastive loss. As presented in Figure 11,
the authors achieve this by using two branches, one for each
strategy. The first one uses an encoder and a pixel decoder,
which are updated at every step. The second one employs a
distinct encoder, which is updated as an exponential mov-
ing average from the other encoder. It also uses a projection
layer and a feature decoder that have the same output vector
space. Two views that have a different shift are created from
the input image, one being passed through the first branch
(as well as being masked), while the other is fed into the sec-
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the most used instance is the InfoNCE loss. Classification losses are less
frequent, but they are present in pipelines that employ pseudo-labels or
conduct masking within a discrete space

ond branch (unaltered). The first branch follows the original
MAE framework, with the reconstruction objective. The sec-
ond branch applies a contrastive loss between the projected
embedded features (with the latter encoder) of the second
view and the decoded embedded features (i.e. from the for-
mer encoder) of the first view. A similar hybrid approach is
used by Hernandez et al. (2024). The authors apply a recon-
struction loss to masked images and a contrastive loss to
masked video frames, enabling their method to be effective
in both image and video tasks.

Lin and Jabri (2023) integrated a masked autoencoder
model into a reinforcement learning setting in order to obtain
a reward model for exploration. The autoencoder is trained
by masking some states from a trajectory and then estimat-
ing them. Given a sampled trajectory, for each timestamp, a
fixed number of previous states are kept and encoded. Some
of the resulting embeddings are then masked, while the rest
are passed through the decoder to predict the missing states.
In the end, the exploration reward is given by the prediction
error.

3.4 Downstream Task

In Figure 12, we outline the downstream tasks where MIM
pipelines have been successfully applied, grouping them
by modality. In the case of images, pre-training strategies
are typically evaluated on classification (He et al., 2022;
Xie et al., 2022; Gandelsman et al., 2022), object detec-
tion (Fang et al., 2023), segmentation (He et al., 2022),
and generation (Chang et al., 2022; Chen et al., 2023). For
medical images, segmentation (Chen et al., 2023) and clas-
sification (Xiao et al., 2023) remain prevalent, with anomaly
detection (Bozorgtabar et al., 2023) also being investigated.
When it comes to videos, MIM pipelines are employed for
generation (Yu et al., 2023), action classification (Feichten-
hofer et al., 2022), and abnormal event detection (Ristea et
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Fig. 11 CMAE pipeline,
courtesy of Huang et al. (2023)
(image licensed under CC BY
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Fig. 12 Downstream tasks on which MIM pipelines are typically
applied. The downstream tasks can be grouped by the input modality.
Most MIM research focuses on natural images, evaluating the learned
representations through downstream tasks such as classification, seg-
mentation, generation, and object detection. Similar downstream tasks

al., 2024). In multi-view images, object detection (Liu et al.,
2023) and segmentation (Liu et al., 2023) are common appli-
cations, while for point clouds, researchers have explored
object detection (Tian et al., 2023), classification (Yu et al.,
2022), and action classification (Shen et al., 2023).
MaskGIT (Chang et al., 2022) trains a generative trans-
former to reconstruct randomly masked image patches. At
inference time, it starts by predicting all the patches and keeps
the most confident ones for the next iteration, when the rest
of the patches are again masked and regenerated. The process
continues for a few iterations. Overall, the pipeline has actu-
ally two stages, the first one encodes the patches into visual

are used for medical images, multi-view images and point clouds. In
the case of videos, the primary task is action classification, but there
are also some studies that investigate the effectiveness of MIM in video
generation and anomaly detection

tokens with a VQ-Encoder, and the second stage (decoder)
receives masked tokens for reconstruction. Inspired by this,
Tschannen et al. (2024) adopted the token masking strategy
in their work, but replaced the values with zero (rather than a
special token) and the token embeddings are obtained with a
single dense layer. Another work that studies the application
of MIM in image synthesis is MDT (Gao et al., 2023). In
their work, Gao et al. (2023) integrated latent masking in the
training pipeline of a latent diffusion model.

Feichtenhofer et al. (2022) proposed to use MAE on
videos. The video is split into equally-sized patches that do
not overlap along any dimension (i.e. including time), as well

@ Springer



International Journal of Computer Vision

as consisting only of two timesteps. As hypothesized and
demonstrated by the authors, a high masking ratio (about
90% of the whole input video, unaware of any axis) is used
due to redundant data when decoding. Positional (i.e. height
and width) and temporal (i.e. time) embeddings are added
to the input tokens. The architectures of both the encoder
and the decoder are based on ViT. The method follows the
same logic as MAE: encoding only the visible tokens, then
decoding the complete set of tokens. Targeting video genera-
tion, MAGVIT (Yu et al., 2023) trained a transformer-based
model for conditional video generation, handling tasks like
frame prediction, interpolation, and central outpainting. The
model processes videos by selecting a task, and creating con-
ditional tokens from the preprocessed video. The conditional
tokens, along with masked and original tokens, form the input
used to train the model, which is optimized with three objec-
tives: refining conditional tokens, predicting masked tokens,
and reconstructing original tokens. Inference is conducted
autoregressively, reducing the masking ratio progressively.

Gandelsman et al. (2022) adapted MAE for test-time train-
ing. Employing a pre-trained MAE whose weights are frozen,
a classification head, represented by a ViT, is attached to the
encoder and fined-tuned on the supervised dataset. At infer-
ence time, each sample is initially used to train the network
on the reconstruction objective in multiple steps, thus mod-
ifying the resulting encoded latent representation, while the
head does not change, and then classifying the input. The
encoder and the decoder are always reset with their original
weights after each prediction. An increase in performance
comes at the cost of inference speed.

Yan et al. (2022) applied a pre-training masking strategy
to the less studied task of panoramic depth completion. A
pair consisting of an RGB image and the associated sparse
depth map are jointly masked. Both are then passed through
a guided convolutional network (Tang et al., 2020) to gener-
ate the sparse depth map, and the reconstruction loss is only
computed for the masked depths. Carrying out experiments
on the dense depth map prediction downstream task, the pro-
posed method, called M3 PT, shows better qualitative and
quantitative results than previous state of the art.

Several works have focused on various tasks in the med-
ical domain. Masked Autoencoder Guided Segmentation at
Pixel Resolution (MAESTER) (Xie et al., 2023) is a masked
image modeling approach for the segmentation of cellular
images. MAESTER incorporates the masked autoencoder in
the training pipeline of a visual transformer to learn token
representations relevant to the sub-cellular structure seg-
mentation task (i.e. texture) and performs the segmentation
at inference time by clustering the learned representations.
Chen et al. (2023) used masked image modeling to learn a
latent space from fMRI inputs. After this stage, the authors
used the learned latent representations to condition a dif-
fusion model that is able to generate visualizations of the

@ Springer

initial visual stimuli. Bozorgtabar et al. (2023) leveraged an
MAE for detecting anomalies in chest X-rays. The first stage
of their pipeline consists of initially pre-training a masked
autoencoder. A classification head is then attached to the
encoder (whose weights are frozen) to classify normal and
abnormal samples, the latter being artificially created. Dur-
ing the second stage, unlabeled data is classified using the
model from the previous stage, and the examples that have
high confidence are kept. The last step is to employ two differ-
ent copies of the pre-trained autoencoder, one for each class,
and train them separately on the masked reconstruction task.
At inference, multiple reconstructions are generated from
both autoencoders, an anomalous prediction being detected
by a large difference between the mean reconstructed images
of the two modules. The steps in the second stage are pre-
sented in Figure 13. In an effort to boost the performance of
computer vision models in the medical domain, Xiao et al.
(2023) used visual transformers for multi-label classification
of chest X-rays. The large quantity of data required for train-
ing a ViT was overcome by pre-training the model on the
masked modeling task. Furthermore, the authors proved the
superior performance of their method compared with CNN-
based architectures. Similar to Xiao et al. (2023), Chen et al.
(2023) demonstrated the benefits of masked image modeling
on 3D medical images. They adopted two strategies (original
MAE and SimMIM) with various masking hyperparameters,
showcasing improved results on two different segmentation
tasks. Kraus et al. (2024) adopted the MAE pre-training strat-
egy for microscopy images. Their objective was to learn arich
feature representation of the cellular morphology of the data.
The extensive experiments demonstrated excellent results for
predicting biological relationships. Leveraging both images
and text, Zhou et al. (2023) introduced masked modeling as a
pre-training strategy for medical radiography tasks by using
the associated radiology reports. While the images are down-
sampled by half and their unmasked patches are encoded, the
text reports are tokenized, randomly masked and then embed-
ded through a look-up table. A global average pooling over
the resulting visual embeddings is added to the unmasked text
embeddings, and all of them are decoded to obtain the intact
report. The image tokens are fed as well through another
decoder in order to reconstruct the radiography at its original
resolution.

Fang et al. (2023) explored the effectiveness of a pre-
trained Vision Transformer (ViT) on masked image modeling
tasks within the context of object detection. Geometry
Enhanced Masked Image Modeling (GeoMIM) (Liu et al.,
2023) tackled the problem of 3D detection using multi-view
cameras. This method involves pre-training a student net-
work by utilizing masked inputs from multiple camera views.
The objective is for the student network to reconstruct the
bird’s-eye-view features, leveraging the guidance of a pre-
trained LiDAR-based model. This strategy bridges the gap
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Fig. 13 AMAE (Bozorgtabar et
al., 2023) belongs to the family
of reconstruction-based methods
(it falls under the generic
pipeline presented in Figure 2),
as it employs an L2 loss for
masked patch reconstruction,
similar to MAE
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between multi-view camera inputs and LiDAR precision,
enhancing the student network’s ability to accurately inter-
pret and reconstruct 3D environments.

In order to combine masked image modeling with con-
trastive learning during pre-training, Jiang et al. (2023)
proposed to apply the former on the initial layers, while the
latter is used on the last layers. This is achieved in an iter-
ative manner, by firstly pre-training on the reconstruction
task, freezing the respective layers, and then training on the
contrastive task.

Pham et al. (2024) integrated a secondary masked image
modeling task in their pose-guided human image generation
training pipeline. The authors opted for a transformer-based
denoising architecture, rather than a U-Net. As a result, the
masked tokens of the target image are reconstructed not
only through the self-attention layers, but also using cross-
attention modules with the aggregated tokens of the target
pose and the source image.

3.5 Theoretical Analysis

Besides the applied contributions of MIM, some pieces of
work take another approach: they theorize about various
aspects of MIM and dive deeper into its fundamentals. The
papers from this category address aspects such as overall
understanding (Kong et al., 2023; Pan et al., 2023; Xie et
al., 2023; Liu et al., 2022; Li et al., 2023; Moreno-Muiioz et
al., 2023), the connection between different MIM strategies

MAE trained on
abnormal data

Ainter

MAE trained on
normal data

> >

=
LS

(Zhang et al., 2022), or present certain drawbacks and how
to overcome them (Huang et al., 2023; Xie et al., 2023).

Liu et al. (2022) evaluated the performance of self-
supervised learning (SSL) by determining whether the
trained model represents enough information to obtain the
data distribution, given additional information about the dis-
tribution family. The SSL task chosen for this assessment
was the masked prediction task.

Lietal. (2023) explored the effectiveness of MIM on out-
of-distribution (OOD) detection. Their results showed that
MIM improves the performance in multiple settings, such as
one-class, multi-class or near-distribution OOD.

Kong et al. (2023) formulated the underlying data gener-
ation process as a hierarchical latent variable process. The
authors discovered relationships between the latent variables
of the data generation process and the masking parameters
(masking ratio and patch size) of the MAE framework. These
relationships allow MAEs to recover variables of different
semantic levels. The authors validated their theoretical dis-
coveries with several experiments, where the main result
showed that very large masking ratios have a similar effect
as low ratios, namely that of learning low-level information.

Xie et al. (2023) investigated the data scaling capabilities
of masked image modeling. Their experiments use datasets
of various sizes, ranging from 100.000 samples to 14 million
samples. The authors verified their observations against two
masked image modeling approaches, SimMIM (Xie et al.,
2022) and MAE (He et al., 2022). The conclusions of their
study state that MIM still necessitates data scaling to effec-
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Fig. 14 SSMCTB architecture,
courtesy of Madan et al. (2024)
(image available under the
ArXiv perpetual license
agreement). SSMCTB falls into
the category of
reconstruction-based methods
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tively facilitate model scaling. The study also noted that, in
non-overfitting scenarios, simply increasing the number of
unique samples does not necessarily enhance performance.

Xie et al. (2023) explored the differences in representa-
tions learned by deep models through MIM versus traditional
supervised training. They observed that MIM encourages
models to focus on local patterns across all layers, whereas
supervised training emphasizes these patterns only in the ini-
tial layers. Additionally, MIM results in a greater diversity
among the attention heads compared with supervised meth-
ods, suggesting a more nuanced feature recognition within
the model. In addition, Huang et al. (2023) studied the adver-
sarial robustness of the transformers pre-trained with MIM.
Their first observation is that MAE, in particular, has a lower
robustness compared with other methods. Moreover, they
found that the robustness is related to the reconstruction
target. For example, a model trained to reproduce the pix-
els of an image is prone to adversarial attacks because its
focus is on medium and high-frequency features. To ame-
liorate this issue, the authors proposed a test-time solution
based on visual prompts optimized on the frequency domain.
These prompts are then included in the input images through
prototype-based prompt selection.

Pan et al. (2023) theorized about the mechanisms behind
reconstructing the masked input, the benefits of this pre-
training strategy and why it learns valuable feature repre-
sentations. The main finding is that discriminative features
are learned during pre-training, and thus, when applied to
a downstream task, these are further enhanced, which has a
great advantage over randomly initialized weights.

3.6 Model Architecture

While the architecture employed throughout MIM research
was consistent (a transformer-based encoder and a shallow
decoder), there have been some important contributions that
further enhance the performance of the pre-training task
through architectural modifications (Liu et al., 2023). Some
of these advances increase the benefit of MIM pre-training
on compact transformers (Zhou et al., 2023; Liu et al., 2023),
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while others integrate multiple modalities within the archi-
tecture (Mo & Morgado, 2024). Furthermore, a few attempts
have tried to distinguish themselves from the usual ViT-based
models, either by using CNNs (Tian et al., 2023; Woo et al.,
2023; Gao et al., 2022) or by integrating MIM into the con-
volution operation (Madan et al., 2024; Ristea et al., 2022).

Ristea et al. (2022) presented the self-supervised predic-
tive convolutional attentive block (SSPCAB), a novel block
comprising a masked convolutional layer and a Squeeze-
and-Excitation (SE) module. The filters of the masked
convolutional layer contain learnable parameters in the cor-
ner regions of the receptive field and the masked region is
located in the center. This novel block is trained using a self-
supervised reconstruction loss, being integrated in anomaly
detection networks. Later, Madan et al. (2024) introduced
the self-supervised masked convolutional transformer block
(SSMCTB) for anomaly detection. SSMCTB is an extension
of SSPCAB, being trained via a self-supervised reconstruc-
tion loss and comprising a masked convolutional layer. In
contrast to Ristea et al. (2022), Madan et al. (2024) employed
a channel-wise transformer block instead of the SE module,
as shown in Figure 14.

Motivated by leveraging the masked pre-training strategy
of autoencoders with convolutional layers, Gao et al. (2022)
presented an architecture that combines them, as illustrated
in Figure 15. The encoder consists of three stages, where the
first two are convolutional and the last one is transformer-
based. First, a mask is sampled to determine which tokens
are visible. The mask is then upsampled at the resolutions of
the first two stages, in order to be used by masked convolu-
tional blocks. Information from the first two stages is added
to the resulting tokens of the third stage, and then, they are
linearly projected. Finally, all tokens (predicted and masked)
are decoded into the original pixel space. The authors state
that the advantage of this method is represented by the multi-
scale features learned by the encoder. Having the same goal
of adopting convolutional layers in MIM pipelines, Tian et al.
(2023) presented a MIM method that leverages CNNs. As in
the MAE framework, the input is split into non-overlapping
patches and some of them are masked. The encoder is com-
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Fig.15 MCMAE (Gao et al., 2022) falls into the category of reconstruction-based methods illustrated in Figure 2, as it leverages an L loss between

the masked patches and the corresponding patches from the input image

posed of sparse convolutional layers, thus preserving the
mask pattern intact along the feature maps. The decoder,
used for reconstructing the original image, is composed of
upsampling blocks that receive the previous layer, as well as
the encoder’s features on the same level. The masking regions
are replaced with a mask embedding.

SparseMAE (Zhou et al., 2023) offered a novel solution
to the problem that small transformers face in not bene-
fiting significantly from MAE pre-training. It did this by
concurrently training a full-scale transformer alongside a
smaller sparse network, which resides inside the full trans-
former. This smaller network is tasked with reconstructing
the masked patches of input images. Uniquely, SparseMAE
independently manages two sets of weights, one for the
sparse network and another for the encompassing larger
transformer. Despite this separation, both networks aim to
achieve the same objective: the accurate reconstruction of the
masked image patches. After pre-training, only the sparse
network is used for fine-tuning. A similar approach based
on smaller networks is introduced by Liu et al. (2023).
Inspired by TokenMoE (Riquelme et al., 2021), Liu et al.
(2023) proposed a pre-training method that is more robust
for all downstream tasks. The first step is to obtain the fea-
tures representations of a pre-trained MAE and cluster them
(obtaining the centroids). The architecture of the model is
adapted to contain multiple experts (i.e. groups of heads in
the transformer layers), each expert being associated with a
cluster. The tokens are routed through the expert which the
image was assigned to. When applied to a downstream task,
the method selects only the most used experts by the dataset
for fine-tuning.

Han et al. (2023) proposed to integrate RevCol (Cai et
al., 2023) in the MAE framework. Besides the bottom-up

columns, RevCol is extended to include top-down columns
as well, thus resembling an encoder-decoder. The network
contains reversible connections, helping the model to learn
disentangled representations. In this way, the decoder is no
longer dropped during fine-tuning, as it contains salient infor-
mation.

Mo and Morgado (2024) proposed to combine audio and
visual modalities at the earliest stage in a multimodal archi-
tecture. Aside from separate modality transformer blocks,
another block is used to process both the audio and visual
tokens, further fusing the resulting information into the other
blocks. The experiments demonstrated strong performance
on a wide range of downstream tasks, such as visually-guided
sound source separation, audio-visual segmentation or clas-
sification.

3.7 Features and Objective

We next discuss studies that make contributions to both
the target features and the objective function. While most
approaches use a deep encoder, either frozen (Huang et
al., 2023; Wu et al., 2023) or updated online (Zhao et al.,
2021; Zhu et al., 2022; Dong et al., 2023; Kong & Zhang,
2023; Chen et al., 2023) during training, to extract the tar-
get features, there are also methods that extract their features
directly from the raw input signal (Wang et al., 2023), elim-
inating the need for a neural network. In terms of objective
functions, most of the works focus on integrating a con-
trastive loss component (Zhao et al., 2021; Dong et al., 2023;
Kong & Zhang, 2023), but there are also a few methods that
leverage a multi-scale reconstruction loss (Wang et al., 2023).
Another important direction is closely following the strategy
in BERT (Devlin et al., 2019), using discrete tokens and pre-
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dicting the id from a learned vocabulary (Bao et al., 2022;
Zhou et al., 2022). These tokens are obtained using a vari-
ational autoencoder (VAE), the pixels being mapped to a
discrete latent space (Ramesh et al., 2021). With a similar
goal in mind, other works map each token into the nearest
entry from a codebook of learned embeddings (Van Den Oord
et al., 2017; Esser et al., 2021).

MaskCo (Zhao et al., 2021) is a region-level contrastive
learning framework. It begins by augmenting images to cre-
ate two distinct views of the same image, with one view
partially masked. The model is then trained using contrastive
learning to align the features of the masked regions with
those of the corresponding regions in the unmasked view.
Kong and Zhang (2023) reinterpreted MIM via the lens
of contrastive learning. They found a formulation show-
ing that the classic MIM approach is equivalent to a setting
with Siamese networks, where one network reconstructs the
masked tokens and its counterpart focuses on the unmasked
tokens. The goal is to closely align the outputs of these mod-
els. MaskCLIP (Dong et al., 2023) combines masked image
modeling and the CLIP contrastive loss between images and
text in a single framework. Compared with vanilla CLIP,
MaskCLIP has an additional loss for reconstructing a masked
image and the two losses share the same visual encoder.

Zhu et al. (2022) proposed to integrate an additional
masked contrastive objective into an RL pipeline dedicated
to video games. Sequences from the video clips are sampled
and then each frame is encoded using a CNN-based net-
work. Then, besides the main RL policy network, an auxiliary
branch is added that employs the student and teacher (expo-
nential moving average of the student) framework. While the
former receives masked input features, the latter is fed with
the intact latent representation. The objective is to maximize
the similarity between the two resulting embeddings.

Aside from studying the contrastive objective, additional
components added to the loss function were sometimes
explored. Interestingly, such studies used multimodal data.
To learn better visual representations during MIM pre-
training within the medical domain, Chen et al. (2023) lever-
aged an additional modality (text). Two different encoders
are used (one for each modality), however, the text encoder
is fed with the average global vision embedding as well. The
method consists of two reconstruction objectives, one for the
image and one for the text, each with its own decoder. Fur-
thermore, the authors employed a third contrastive objective
between the fully visible encoded text and a decoded rep-
resentation (using an additional decoder) of all the image
embeddings (masked and unmasked tokens). Jang et al.
(2023) improved the MAE pre-training strategy on multi-
modal data by optimizing the latent encoding space. Some
neighboring tokens of the unmasked tokens are sampled as
well, in order to compute the reconstruction loss and use the
resulting gradient to produce a more explicit latent represen-

@ Springer

tation. This is further used to compute the final reconstruction
loss. Moreover, an additional contrastive loss is employed to
maximize the similarity of the two resulting latent represen-
tations of a task, while minimizing it for different tasks.

Wang et al. (2023) showed that, in the previous masked
image modeling approaches, it is difficult for the lower lay-
ers to learn inter-patch relations. To alleviate this issue, the
authors introduced LocalMIM. They addressed the problem
by using a loss function based on the weighted sum of the
local patches losses. Their pipeline also includes a multi-
scale reconstruction task, in which the model is supervised
with different feature descriptors.

Huang et al. (2023) presented a two stage distillation
framework. In the first stage, the student network distills the
task-agnostic knowledge of the teacher, and the authors chose
MIM as a proxy task for this goal. Thus, the student learns
to align its visible and masked patches representations with
those of the teacher. In the second stage, the classic task-
oriented knowledge distillation takes place.

Wuetal. (2023) presented a modified MAE framework for
Whole Slide Images (WSI). After removing the background,
the images are split into patches (some of which are masked),
and for each patch, a feature vector is computed using DINO
(Caron et al., 2021). Following Zheng et al. (2022), trainable
anchor vectors are employed, which are then used to calculate
the distance and polar angle between the features and the
anchor vectors. All these representations computed only for
the visible patches are encoded, appended with mask tokens,
and finally decoded to reconstruct all WSI representations.
The cross-attention units between the patches and anchors
from both the encoder and the decoder are bidirectional.

Bao et al. (2022) adapted the pre-training strategy from
BERT to images. First, the image patches are mapped to dis-
crete visual tokens using a discrete Variational Autoencoder
(dVAE) (Ramesh et al., 2021). Then, some tokenized patches
are randomly masked and replaced with a special mask token.
These are then passed through the encoder together with
the visible tokens. The final objective is to predict the id
of the masked tokens from the learned vocabulary of visual
tokens. Instead of a decoder, this method uses only a clas-
sification head, which is dropped during fine-tuning. Li et
al. (2022) extended BEiT by employing multiple tokens for
each patch. Inspired by the aforementioned work, Zhou et al.
(2022) proposed to learn both the tokenizer and the encoder.
Their method adopts the teacher-student framework, such
that the student tries to reconstruct the corresponding masked
tokenized patches from the teacher and to match the [CLS]
token.

3.8 Architecture and Objective

A number of papers contributed to both the model architec-
ture and the objective function. An important subset of these
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studies made their architectural changes as a result of inte-
grating the new objective (Fei et al., 2023; Xue et al., 2023;
Wang et al., 2023; Liang et al., 2024). For example, the intro-
duction of adversarial loss by Fei et al. (2023) requires an
additional discriminator, and the multi-scale reconstruction
loss used by Xue et al. (2023) implies additional adapters
to ensure compatibility between features. Another direction
of research that requires both architectural and objective
function modifications is the integration of multiple modali-
ties (Gong et al., 2023; Guo et al., 2024). In such scenarios,
each modality typically requires its own dedicated modules,
leading to architectural adjustments, while an additional loss
term is introduced to ensure alignment between the features
of the two modalities.

Rather than following the standard approach in MIM
with a reconstruction objective, Xue et al. (2023) proposed
a unique loss function that aligns features extracted from
visible tokens with those extracted by a teacher model
across various architectural levels. To facilitate this align-
ment, this study introduced a novel module named Dynamic
Alignment. This module is specifically designed to ensure
compatibility between the two sets of features, enabling more
effective feature alignment.

For an improved objective function, some methods were
augmented with additional loss components. Liang et al.
(2024) demonstrated that an additional auxiliary supervised
classification task helps the MAE pre-training framework.
Besides the main reconstruction loss, the authors integrated
another branch that takes only a subset of the visible encoded
tokens as input. Further, the branch applies a global aver-
age pooling operation on the visible tokens, and finally
predicts the class through a multi-layer perceptron. Dur-
ing the fine-tuning stage, all tokens are used. Fei et al.
(2023) enhanced the standard MAE pipeline by integrating a
discriminator for adversarial training. Notably, this discrim-
inator, which shares parameters with the MAE’s encoder, is
trained to distinguish between synthesized and real patches.
This enhancement is an addition to the existing pipeline, with
the typical reconstruction loss still being present in the train-
ing process.

Inspired by masked autoencoders that process both visual
and textual modalities, Fuller et al. (2023) adapted the mask-
ing pre-training framework for optical and radar inputs.
Both modalities, after being aligned, tokenized and randomly
masked, are encoded using an individual encoder, and then,
they are jointly processed by a multimodal encoder. The
resulting embedding is decoded to reconstruct both input
images. A contrastive loss between the mean embeddings
of the individual encoders is adopted to match sensor mea-
surements from the same timestamp, while maximizing the
difference between those at different timestamps.

Wang et al. (2023) demonstrated how MAE can boost the
performance of 3D medical image segmentation. The input

volume (a 3D scan) is split into equal subvolumes and these
are randomly masked. Then, different views (frontal, hori-
zontal, or longitudinal) are obtained, and a further arbitrary
rotation is applied. During pre-training, besides the main
reconstruction objective for each view, three more losses are
utilized: the rotation angle estimation, a contrastive loss, as
well as an additional MSE loss between two different recon-
structed views (after being normalized). The architecture of
the encoder is based on Swin transformer. A cross-attention
module, which attends to the features between two views, is
integrated before the first level of the decoder.

In the work of Gong et al. (2023), the audio spectro-
gram and the images are tokenized. The unmasked tokens
are encoded with separate encoders, while also adding a
corresponding modality embedding. Then, three separate
forward passes are performed through a common encoder:
one for each modality embedding, as well as the concatena-
tion of the two. The concatenated tokens, together with the
masked tokens, are decoded and the reconstruction loss is
applied. Furthermore, a contrastive loss is applied between
the averaged-pooled encoding of each modality. Rather than
relying on global information for learning audio-visual fea-
tures, Guo et al. (2024) took a different approach by focusing
on a finer-grained level, as well as improving the linkage
between the two modalities. Their pipeline involves two more
objectives besides the contrastive loss between the embed-
dings of the two modalities. One additional objective aims
to reconstruct the original signal from the unmasked tokens
of both input sources, while the second additional objective
aims to reconstruct the embeddings using the counterpart
tokens and some learnable queries.

The contribution of Pei et al. (2024) is twofold. Firstly,
they integrated MAE pre-training for videos by applying
a consistency loss between two successive frames that are
masked in the same manner. The masked frames are then
encoded and decoded with two different networks (one is an
exponential moving average of the other). Secondly, they pro-
posed an analogous architecture using sparse convolutional
layers instead of ViT, which results in lower computational
costs.

3.9 Masking Strategy and Features

Several studies have impacted both the masking strategy and
the target features. Generally, these studies adjust their target
features to reflect changes in masking strategy or in the type
of input features that they use (Zhao et al., 2023; Zhang et
al., 2023; Lin et al., 2023; Zhao et al., 2023; Zhang et al.,
2023; Walsh et al., 2023). For example, a common scenario is
when the model processes pairs of images (Zhao et al., 2023;
Song et al., 2023). In such a scenario, the model employs
shared decoders and the target image for reconstruction for
atleast one of the decoders is altered to reflect the relationship
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between the images comprising the input pair. Additionally,
other studies (Zhang et al., 2023) use the feedback from an
auxiliary model to identify the relevant regions for masking
and to define the space in which the reconstruction loss is
applied.

A couple of papers in this section were applied to object
tracking. Zhao et al. (2023) presented a method for learn-
ing representations useful for object tracking. The method is
based on MAE, but the authors used two inputs, one is the
search region and the other one is the template. The MAE is
trained to reconstruct the search region as it is, and to recre-
ate the template in the position found in the search region.
Inspired by the MAE framework, Song et al. (2023) proposed
to boost the performance of a ViT model used for object
tracking (given an object in a template image, find the same
object in the search image) by applying MIM as an addi-
tional concurrent task. Both input images are concatenated
and passed through the encoder. Besides the main task head,
two more decoders are employed. After a high portion of the
embeddings is masked, the two sets (each corresponding to an
image) are separately fed through one decoder to reconstruct
the two frames. The other decoder only receives as input the
token embeddings of the search image and reconstructs the
template image.

Other works focused on implementing MIM for point
clouds. On the one hand, Zhang et al. (2023) presented 12P-
MAE, a method designed to learn better 3D features by
reconstructing masked point clouds. The approach leverages
2D pre-trained models to keep the important point tokens vis-
ible while masking. Moreover, the 2D models are used to get
the target representations for a semantic reconstruction loss
that is applied on the visible tokens, after the decoder. On the
other hand, some works harnessed 2D images in their point-
cloud methods. Guo et al. (2023) proposed a pre-training
method for 3D point clouds by leveraging the correspond-
ing 2D visual representation. The 3D points and their 2D
projections are jointly encoded. The resulting encoding is
randomly masked and passed through a two-stage decoder.
First, there is a shared decoder, then each representation con-
tinues through a separate module to reconstruct both input
modalities. Zhang et al. (2023) utilized the mask reconstruc-
tion strategy in 3D segmentation due to the lack of supervised
data, as well as the domain difference between training and
testing data. During training, given a pair composed of a 2D
image and a 3D point cloud, patches from one modality are
masked and the model tries to estimate them using the other
modality. A CNN backbone with a lower masking ratio is
employed. Having two different datasets (source-labeled and
target-unlabeled), the MIM is performed on both datasets,
while the supervised task is performed only on the former.

The teacher-student framework was utilized in a couple of
scenarios. Lin et al. (2023) combined self-supervised knowl-
edge distillation and masked image modeling into a single
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framework. In the proposed pipeline, the teacher network
processes an image from the same class as the student net-
work. The student network processes a masked image, being
trained to maximize the similarity between its class token and
the teacher’s class token. In addition, the student is trained
to distill the knowledge of the most similar tokens of the
teacher. The study of Zhao et al. (2023) integrated the MAE
pipeline into a teacher-student setting for domain adaptive
object detection. In this setup, the student network has a
dual focus: it learns the detection task using labels generated
by the teacher network, and concurrently, it undertakes the
reconstruction of missing multi-scale features from the tar-
get images. This reconstruction aspect is pivotal, especially
when the availability of pseudo-labels from the teacher is
limited, as it significantly improves the model’s adaptabil-
ity to the target domain, ensuring more robust and accurate
object detection performance.

Wei et al. (2023) evaluated the efficacy of using image
generation as a self-supervised pre-training task, finding
that it yields only marginal improvements in downstream
recognition tasks when applied within a diffusion model
framework. In response to this observation, the authors pre-
sented a novel strategy that merges MAE with diffusion
models for self-supervised pre-training, focusing specifically
on an inpainting task. This approach demonstrated com-
petitive performance, aligning closely with state-of-the-art
methods in image recognition, thus offering a compelling
alternative to enhance pre-training effectiveness.

Inspired by MAE, Walsh et al. (2023) modified the MAE
framework in order to boost performance when applied to
downstream classification tasks in few-shot scenarios. Rather
than reconstructing the original pixel space, the authors pro-
posed to operate in the latent representation space of a frozen
backbone. Two subsets of images, called support and query,
are firstly embedded, the latter’s embeddings being masked.
Then, the support embeddings are encoded, concatenated
with mask tokens, and decoded to estimate the corresponding
query embeddings, MSE being the computed reconstruction
loss. After being pre-trained with a large labeled dataset, the
method is further trained on a smaller dataset (containing few
examples per class) in order to learn the global information
about each class.

3.10 Masking Strategy and Architecture

A number of studies have influenced both the masking strat-
egy and the employed architecture. A notable proportion of
these studies have multimodal inputs (Mizrahi et al., 2023;
Lu et al., 2023; Li et al., 2023; Chen et al., 2023; Bach-
mann et al., 2022; Seo et al., 2023), which typically requires
distinct modules for each modality, coupled with carefully
designed masking strategies to prevent information leakage
between modalities (Chen et al., 2023; Seo et al., 2023).
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Additionally, some studies have adapted the MAE frame-
work to be compatible with other popular architectures in
computer vision, such as hierarchical transformers (Huang et
al., 2022) and CNNs (Woo et al., 2023). Furthermore, there
are works that specifically develop architectural modules to
directly influence the masking strategy employed during pre-
training (Madan et al., 2024).

While ViT is the main architecture employed in MIM, con-
volutional layers were still found to be beneficial. Woo et al.
(2023) implemented the MAE framework for convolutional
networks. One of the changes was to create the masks based
on the deep feature maps of the encoder and resize them to
the resolution of the input images. The second change was
also in the encoder, where the authors used sparse convolu-
tional layers to preserve the speed improvements brought by
the masking.

Huang et al. (2022) introduced a set of changes required by
the Hierarchical Vision Transformer architectures in order to
be compatible with the MAE framework, where the masked
tokens are ignored from the input sequence. There are two
problems when applied directly, one is the window attention
with non-overlapping windows, and the other is the usage
of convolutional and pooling layers. For the first issue, the
authors’ solution is to group the tokens from uneven win-
dows with a novel Optimal Grouping algorithm and then
apply the mask attention. For the second issue, they opted
for using sparse convolutions. Seo et al. (2023) made sev-
eral contributions to adapt the MAE pre-training strategy to
their scenario. Firstly, the linear projection layer of the ViT
architecture is substituted with CNN layers. However, posi-
tional, viewpoint and timestep embeddings are still added.
Secondly, the method operates on sequences of images that
have multiple viewpoints, requiring a novel masking strategy,
on the one hand, to fully mask one viewpoint per video frame,
and on the other hand, to mask the latent feature maps of the
intact frames. In order to facilitate the reconstruction task,
the encoder is fed with tokens from different viewpoints, as
well as from adjacent frames. This pre-training framework
allows the authors to train a world model for visual robotic
manipulation.

Harnessing multiple sources of information during MIM
pre-training was demonstrated to bring great benefits, espe-
cially for multimodal downstream tasks. Mizrahi etal. (2023)
proposed an MAE framework that can be used with multiple
modalities. Given a set of modalities, each is tokenized into
a common representation form. Rather than using all tokens,
only two subsets from each modality are sampled: one that
is encoded and the other one that is masked and then recon-
structed. A joint encoder is employed for all input types.
Still, a modality embedding is added to each token to indi-
cate its source. In the cross-attention layers of the decoder, the
embeddings corresponding to one modality are masked from
the rest, while using all resulting tokens from the encoder.

Besides demonstrating good results on downstream tasks,
the method shows promising cross-modal generative capa-
bilities. To leverage the information from multiple input data
types and learn richer feature representations, Bachmann
et al. (2022) proposed to pre-train a network with multi-
ple modalities. Their self-supervised method involved three
types of data: an RGB image, a depth map and a semantic
segmentation map. Using the ViT architecture, the modalities
are split into patches and projected into tokens (with separate
layers for each modality). Then, a great proportion of tokens
from each modality is masked, while the rest (unmasked) are
encoded (using a joint encoder) and concatenated with the
masked tokens. A separate decoder for each data type is used
to reconstruct the corresponding input. In the first stage of
the decoder composed of a cross-attention layer, the tokens
associated with the respective modality are given as queries,
while the given keys and values are from all tokens. Experi-
ments carried out on downstream tasks for all three data types
indicate that the proposed strategy shows competitive results.
PiMAE (Chen et al., 2023) is a self-supervised framework
based on MAE, which learns representations that capture
interactions between point clouds and images. Overall, the
approach is based on the usual reconstruction objective for
each modality. However, in contrast to MAE, the masking
strategy in this case is designed to be complementary between
the two modalities. In terms of architectural changes, the
encoder and decoder include some common blocks between
the two modalities, but they also have modality specific lay-
ers. Lu et al. (2023) combined two sources of information
(Hematoxylin and Eosin and Immunohistochemical stain-
ing images) to detect breast cancer, adopting MAE as the
base for their method. Both images are split into patches,
some of which are randomly masked, while the remain-
ing visible patches are fed together through a ViT-based
model. The resulting embeddings, together with the learnable
mask embeddings, are further processed by two self-attention
modules (one specific for each modality), as well as a cross-
attention module (that processes all embeddings). Finally,
two separate decoders reconstruct the original images, each
receiving the modality-specific embeddings, as well as the
inter-modal ones. More recently, Zou et al. (2024) employed
the MAE framework to learn robust cross-modal represen-
tations. Their primary contribution is the MultiModal 3D
Interaction module, which takes as input the concatenation
of masked 3D volume features from both video frames and
LiDAR sensors. Built upon self-attention layers and feed-
forward networks, this module outputs arepresentation that is
then split along the channel dimension and fed into modality-
specific decoders to reconstruct the original inputs.

Li et al. (2023) proposed a novel two-stage pre-training
framework for video foundation models. The initial stage
focuses on training the model to align the features extracted
from masked frames with those derived from an image foun-
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loss

dation model on unmasked frames. In the subsequent stage,
the authors introduced a text encoder and a cross-modality
decoder to further train the model for video-text matching
and masked language modeling, while maintaining the train-
ing objective employed in the first stage Figure 16.

Scale-MAE (Reed et al., 2023) introduced a pre-training
method suitable for scale-dependent domains, specifically
testing it on remote sensing data. The method is similar to
the MAE framework, but it has some key changes. First, the
positional embeddings that are added to the token embed-
dings depend on the Earth area covered in the image. Second,
the authors changed the decoder to use a three-stage architec-
ture. The first stage is a transformer-based block. The second
stage performs upsampling with deconvolutional layers. The
last stage employs Laplacian blocks to reconstruct the high
and low frequency features.

Madan et al. (2024) introduced a learnable masking mod-
ule that facilitates curriculum learning within the MAE
framework. Initially, the new module creates masks that are
easy to reconstruct. The training objective is changed over
time to adopt an adversarial role, progressively creating more
challenging masks for the MAE to reconstruct. This dynamic
adjustment of the training masks enhances the MAE’s ability
to handle increasingly complex reconstruction tasks, thereby
improving its learning efficiency and robustness.

3.11 Masking Strategy and Objective
A body of works have contributed to both the masking strat-
egy and the objective function. These works either introduced

a novel masking strategy that excels in hiding the salient
information (Li et al., 2021; Yuan et al., 2023; Zhang et
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al., 2023), or adapted the masking strategy to a different
input type (Yu et al., 2022; Wang et al., 2023). Further, to
maximize the benefit of using a new masking strategy, the
objective function is altered to be more suitable for recov-
ering the original input source (Yu et al., 2022; Wu et al.,
2023; Zhang et al., 2023; Wu et al., 2023). For example, Yu
et al. (2022) performed the masking in the discrete space of
a dVAE and, due to this change, the reconstruction loss is
the cross-entropy. Another example is the work of Wang et
al. (2023), in which the contrastive loss is employed to align
the token representations of two different masked versions
of the same image.

A consistent number of papers in this section employed
an objective function composed of multiple losses. Masked
Scene Contrast (Wu et al., 2023) is a framework for 3D rep-
resentation learning that utilizes contrastive learning. This
framework generates input pairs through a series of data aug-
mentation techniques and applies complementary masking.
The contrastive learning objective is then employed between
the features of the unmasked and masked patches. Addi-
tionally, the framework incorporates a reconstruction loss to
enhance learning efficacy. Wang et al. (2023) integrated MAE
in their method for self-supervised video hashing. A video
clip is first downsampled using a CNN, and then, a token
is extracted for each frame. Two different subsets of token
frames are sampled, each being then fed into an encoder and
hashed. After some of the hashed embeddings are masked,
a decoder is used to reconstruct the original frame tokens.
A contrastive loss is added to maximize the similarity of the
mean hash embeddings between the two subsets.

Wu et al. (2023) slightly modified the MAE model by
adding Gaussian noise to all pixels in the input image. With
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under CC BY 4.0). MST leverages an L' loss to reconstruct the patches
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this change, besides reconstructing the masked regions, the
objective is further extended to decode all denoised patches.
The experiments demonstrated the superiority of this method
over the original MAE. Zhang et al. (2023) introduced
some improvements to the teacher-student MIM based on
contrastive pre-training. The first addition is a ranking com-
ponent that divides the patches into two subsets: the ones
that contain salient information and the meaningless ones.
The former subset is passed to the student, while the lat-
ter is given to the teacher, both being partially masked. The
first objective is to reconstruct the masked patches of the
student, as they are harder to predict due to containing more
salient information. A second loss is used to align the globally
encoded representations of the two subsets by maximizing
the similarity between the embeddings of the [CLS] token.
While the same encoder is used for both models, the gradients
do not flow through the teacher.

Aside from multi-component losses, informed masking
strategies were also employed in some studies. The Masked
Self-Supervised Transformer (MST) (Li et al., 2021) selects
patches for masking based on low responses as determined by
attention maps from a teacher network, which is an EMA of
the student network. The selected patches are replaced with a
special token. The training of MST includes a dual-objective
approach: a reconstruction loss to rebuild the masked inputs,
and a cross-entropy loss designed to synchronize the teacher
and student networks, particularly in class differentiation. A

Extra learnable [mask] embedding

Decoder

Position embedding  []_] Probability distributions

thus falling into the category of reconstruction-based methods depicted
in Figure 2. The cross-entropy loss is only used to synchronize the
teacher and the student

detailed overview of the pipeline is depicted in Figure 17.
Yuan et al. (2023) tailored the MIM pre-training strategy for
human perception tasks. They began by detecting the human
parts and masking the patches corresponding to these parts,
the objective being that of reconstructing the masked tokens
from the visible ones. The authors also generated another
masked view of the input image (sampling other human
parts), aiming to align the global representations of both
views (by applying a contrastive loss on the [CLS] tokens).

Fan et al. (2024) introduced a masking strategy that selects
important patches according to their similarity with a given
text, computed in the CLIP embedding space. They further
employed a contrastive loss to align text features with the
features extracted from the unmasked patches.

Yu et al. (2022) presented a method inspired by BERT to
pre-train transformers from point cloud data. First, the points
are partitioned into sub-clouds, and a PointNet is applied to
extract point embeddings. With the resulting embeddings,
the authors trained a dVAE, where the encoder is a tokenizer,
mapping the continuous embeddings into discrete tokens.
After this stage, the transformer pre-training is performed,
in which the model receives a masked sequence of point
embeddings and learns to output the discrete tokens. The
masked tokens are replaced by a learnable token.

A couple of papers opted for a contrastive objective
between two different views of an image obtained by distinct
augmentations. Taking a different masking SSL approach,
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Huang et al. (2023) proposed a method whose objective is to
be more robust for downstream tasks. On the input image, two
different sets of augmentations are applied. The augmented
images are encoded, and a projection layer transforms the
encoded representations into multivariate Gaussian distribu-
tions. Finally, a series of learnable masks are applied. The
difference between both masked probabilistic embeddings is
computed, the objective being that of minimizing this differ-
ence. Yietal. (2023) presented a pre-training framework that
combines MIM and contrastive learning. Different subsets
(a more aggressive one and a lighter one) of augmentations
are applied to the input image to create two views, the lat-
ter having a portion of its tokens masked. Then, two vision
transformer models (where the one for the unmasked image
is an EMA of the other model) are used to encode the tok-
enized patches. The contrastive loss is applied only between
the corresponding corrupted patches.

3.12 Masking Strategy and Task

The research highlighted in this subsection focuses on devel-
oping MIM pre-training methods that are effective on specific
downstream tasks. These studies accomplish this by creating
custom masking strategies (Cai et al., 2023; Fu et al., 2023;
Shen et al., 2023; Basu et al., 2024) or by transforming the
input signal into a specialized feature space (Zhu & Liu,
2023; Liu et al., 2023; Li et al., 2023; Yan et al., 2023; Pan
etal., 2023). The custom masking strategies are created such
that the features of interest are masked in the pre-training
phase. For example, Cai et al. (2023) learn representations
that are meaningful for facial recognition by masking the
regions that contain the eyes, nose and mouth, during pre-
training.

To improve the masking strategy, some papers proposed
an informed masking policy. Cai et al. (2023) used masked
autoencoders to learn rich, generic, transferable and robust
facial representations from face videos. The masking prior-
itizes specific tokens (those containing eyes, nose, mouth
and hair). The learned representations are then tested on
downstream tasks, such as facial attribute recognition, facial
expression recognition, DeepFake detection, and lip syn-
chronization. Aiming to improve the performance on WSI
classification, Tang et al. (2023) studied several masking
strategies to create a hard mining method useful for multi-
ple instance learning. They observed that the best candidates
for masking are the salient patches. To identify this type of
patches during training, the authors proposed a pipeline in
which the attention scores provided by a teacher network
serve as indicators of patch saliency. Basu et al. (2024)
addressed the shortcomings of gallbladder cancer detec-
tion in static images, proposing the use of video sequences
instead. They adopted MAE as a pretext task, but presented an
improved masking strategy that is able to hide the malignant
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regions more consistently, and thus learn a better representa-
tion of the disease. The masking strategy involved a Region
Selection Network that generates a probability for each token,
which is then used to sample the visible tokens.

A few papers adopted MIM to increase the quality of
images. The Saturated Mask AutoEncoder (SMAE), intro-
duced by Yan et al. (2023), is a two-stage approach for
few-shot HDR imaging. The first stage focuses on repre-
sentation learning, which is performed via masked image
modeling. In this stage, the method creates two additional
images from the original frame using exposure adjustment.
Next, all three images are randomly masked with a high
masking ratio before passing them to the model. LEMaRT
(Liuetal., 2023) is an effective pre-training framework when
applied on image harmonization as a downstream task. In this
approach, the masked patches are replaced with the patches
taken from a perturbed version of the original image. The
authors also investigated what is the best strategy for creating
the masks, concluding that random masking works best for
image harmonization. Magnetic Resonance scans are gener-
ated in k-space and then transformed in the image domain
with the inverse Fourier transform. To obtain an image with
high quality and fidelity, the k-space needs to be fully sam-
pled, but this is not realistic in most scenarios. To this end,
Panetal. (2023) proposed to leverage the MAE framework by
masking data in the k-space, represented in 3D: height, width
and time, along the first dimension. By reconstructing the
missing tokens via the L'loss, the adopted ViT models learn a
rich feature representation that is able to estimate the unsam-
pled data from k-space at inference. The estimated k-space
is further refined using three sequential transformer-based
decoders (one for each pair of dimensions), and employing
the High-Dynamic Range loss after each decoder.

Li et al. (2023) presented a framework for representa-
tion learning and image generation. The applied pre-training
method is similar to MAE (He et al., 2022), but the tokens
are given by a VQ-GAN tokenizer and the masking ratio is
variable.

Zhai et al. (2023) demonstrated that MAEs can be used
in class incremental learning as a rehearsal-based method.
The efficiency of MAEs, which require only a few patches,
allows for the storage of more examples from previous tasks.
In addition, the authors designed a two-branch MAE archi-
tecture to ensure higher quality reconstructions, one branch
being responsible with inserting details into the image.

Fu et al. (2023) introduced the TVC (text-guided video
completion) task: the model needs to generate videos based
on a subset of frames, while respecting some text instructions.
Depending on the subset of frames, the task requires either
prediction (future), rewinding (past) or infilling (between two
moments). The authors proposed a training strategy that is
based on masking frames, which addresses all three possible
TVC subtasks.
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Shen et al. (2023) introduced a novel self-supervised
pre-training technique designed for point cloud videos,
employing a unique approach that involves masking point
tubes. This method focused on training the model to accu-
rately reconstruct these masked tubes. Simultaneously, the
model is engaged in training on a temporal cardinality dif-
ference task. This dual training strategy enhances the model’s
ability to understand both the spatial structure and temporal
dynamics inherent in point cloud videos.

Zhu and Liu (2023) argued that MIM alone is not suf-
ficient for downstream tasks such as geometric matching.
Therefore, they proposed paired MIM, which reconstructs
pairs of masked images instead of a single masked image.
Their study demonstrated that this pre-training task is more
effective for geometric matching, because such tasks require
the correlation between two images.

3.13 Features and Task

Several studies aiming to develop MIM methods optimized
for specific downstream tasks achieved their goal by explor-
ing various types of target features for masking. Most of these
works are in the medical domain (Cai et al., 2022; Kang et al.,
2023; Zhang et al., 2024). The remaining two are unrelated,
MAGVLT (Kim et al., 2023) being a visual-language trans-
former, and MVD (Wang et al., 2023) being a distillation
framework.

The adoption of MIM in the medical domain is highly
motivated by the scarcity of annotated datasets. Cai et al.
(2022) proposed a method to pre-train a model using MIM,
which is able to process both 2D and 3D ophthalmic images.
The authors developed a new module, called Unified Patch
Embedding, consisting of two branches, one for each data
type. The module divides the inputs into equal patches and
then masks most of them. Then, acommon encoder computes
the latent representations of the visible patches. Finally, two
decoders are employed: one that reconstructs the patches, and
another one that estimates their gradient maps (composed of
horizontal and vertical edge maps). The experiments showed
that the method yields state-of-the-art performance in oph-
thalmic image classification. To boost the performance gains
of an MAE in the ultrasound imaging domain, Kang et al.
(2023) introduced an additional task during the pre-training
stage. Due to the high noise-to-signal ratios in such images,
they are initially blurred, so that masked patches are recon-
structed, while the visible patches are deblurred. Thus, in
contrast to the original MAE, all patches are passed through
the encoder. The experiments on the downstream task of thy-
roid ultrasound image classification demonstrated leading
results. Different from the previous methods, Zhang et al.
(2024) introduced a novel unsupervised domain adaptation
framework based on MAE, in which the authors employed a
convolutional architecture. The masked reconstruction task

is applied to two input signals that are created from two volu-
metric scans: a local sub-volume and a global downsampled
scan. When applied to the segmentation downstream task,
the method uses a teacher-student framework. The teacher
(an EMA of the student) generates a pseudo-label segmen-
tation mask of a target domain image, and then, the student
is trained using the resulting pair along with a sample from
the source domain.

MAGVLT (Kim et al., 2023) is a non-autoregressive
generative visual-language transformer trained jointly for
image-to-text, text-to-image and image-text-to-image-text.
The training objectives are three mask prediction losses, one
for each task.

Wang et al. (2023) introduced Masked Video Distillation
(MVD), a new method for self-supervised video representa-
tion learning, depicted in Figure 18. This approach has two
stages. The first stage is to train masked image models and
masked video models as teachers. The second stage is to train
a student with the representations learned by the teachers as
target vectors. The masking is also used in this latter stage.

3.14 Architecture and Features

Some studies contributed in terms of both model architec-
ture and target features. The modifications proposed by these
works are tightly coupled. On the one hand, some works
proposed new target features and consequently implemented
architectural adjustments to support these features (Jiang et
al., 2023; Huang et al., 2023). On the other hand, other works
extended the existing MIM frameworks (Dong et al., 2022;
Lao et al., 2023), or even introduced new pre-training frame-
works based on MIM (Jiang et al., 2022; Yang et al., 2023).

Rather than using a single decoder, some works intro-
duced multiple decoders in their pipeline. Dong et al. (2022)
proposed a couple of modifications to the original MAE
pre-training. They used two decoders: one for image recon-
struction (the original task) and one for feature representation
estimation. The latter one tries to predict the feature represen-
tation of the masked patches, the ground-truth coming from
an EMA replica of the MAE encoder. For both decoders,
some information about the visible patches from the encoder
is injected with the cross-attention layers: the former receives
low-level context, while the latter is given high-level fea-
tures. Observing that masked pre-training negatively affects
the final layers of a deep ViT model, Huang et al. (2023)
proposed Masked Image Residual Learning (MIRL). The
framework consists of dividing a ViT along the depth into
an even number of stages. A decoder is added for each stage,
which is fed with the corresponding intermediate embed-
dings, as well as the masked tokens. While the decoders in the
first half reconstruct the main components of the input image,
the rest estimate the residuals, i.e. the differences between the
target and the prediction.
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Fig. 18 The MVD knowledge
distillation pipeline, courtesy of
Wang et al. (2023) (image
available under the ArXiv
perpetual license agreement).
MVD is classified as a
reconstruction-based approach
(belongs to the generic pipeline
illustrated in Figure 2), as it uses
an L2 loss between the output
features of its two decoders and
the features provided by two
teacher networks, one for video
and one for images

input video

masked input

Jiang et al. (2022) introduced a complex self-supervised
self-distilled pre-training framework, demonstrating its capa-
bility on the 3D medical image segmentation downstream
task. The first step is to generate two views of the same
3D image, split them into equally-sized patches, and then
randomly mask them. Two encoder networks, teacher and
student, are used, the former being updated as an exponen-
tial moving average with momentum of the latter. While the
student processes only the masked patches of one view, the
teacher fully encodes the same uncorrupted view, as well
as the masked patches of the other view. Three indepen-
dent single linear layers are then used to densely reconstruct
the image from each embedded patch, estimate the masked
patches and generate a global embedding of the image.
Consequently, three losses are computed: the reconstruction
loss between the predicted masked tokens of the student
and the corresponding tokens encoded by the teacher, the
cross-entropy between the global teacher’s and student’s
embeddings of the two masked views, but also the recon-
struction loss of the view predicted by the student.

Masked Shape Prediction (MSP) (Jiang et al., 2023) uses
geometric shape as prediction target for masked points.
This target includes explicit shape context and deep shape
features. Additionally, the architecture of MSP modifies
cross-attention and self-attention layers to avoid possible
masked shape leakage caused by including the masked part
positions in the token embeddings. These modifications are
designed to restrict the interaction among masked points.

Lao et al. (2023) presented a knowledge distillation tech-
nique suitable for object detection, based on the MAE
framework. The student network receives a masked image
and learns to recover the missing multi-scale features pro-
vided by the teacher network. The student and the teacher
networks are based on convolutional layers. Thus, in the
design of the student, the authors used masked convolutions
to avoid information leakage.

Yang et al. (2023) introduced a masking pre-training
framework that tackles the difference in training and test
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data distribution, the main idea being that of reconstruct-
ing images from other domains. The framework consists of
one encoder and multiple decoders (one for each domain).
First, the style-mixed image is obtained from the inputimage.
The patches of the style-mixed image are masked, the visible
tokens being passed through the encoder and all decoders to
estimated the input image in all styles. The reconstruction
loss is first employed for the predicted style corresponding
to the input. The second stage of the framework involves
taking the other estimated images, randomly masking their
patches, and passing them through the autoencoder (with the
decoder of the input style) to estimate the input image. The
second objective is the reconstruction of the input style from
all other inputs.

Fuetal. (2021) proposed to integrate masked modeling for
pre-training video-language tasks. A common cross-modal
transformer is employed for the tokens of both modalities,
with the objective of reconstructing them. While the text
tokens follow the approach in BERT, the video frames are
tokenized into discrete values with a dVAE, the masking
being achieved at the pixel level by replacing image patches
with zero. Their experiments attest the benefits of recon-
structing discrete visual tokens.

3.15 Objective, Task and Theoretical Analysis

Two studies had an impact on the objective function and the
downstream task, while also conducting a theoretical analy-
sis. These works (Zhang et al., 2022; Bashkirova et al., 2023)
begin by conducting a deep analysis about different MIM
aspects, and then, they provide solutions in order to improve
them (Zhang et al., 2022) or exploit the properties induced by
MIM to implement a particular downstream task (Bashkirova
et al., 2023).

Zhang et al. (2022) unveiled several theoretical insights of
the MAE paradigm. Initially, they uncovered a link between
the MAE framework and contrastive learning principles,
revealing that the reconstruction loss in MAE is analogous
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to the alignment loss found in contrastive learning. Fur-
ther exploration provided theoretical assurances regarding
the downstream efficacy of MAE models. The connection
with contrastive learning also implies the presence of feature
collapse, a common challenge in contrastive learning, where
aligning solely positive samples diminishes model effective-
ness. The researchers introduced Uniformity-enhanced MAE
as a solution for the feature collapse problem. This adap-
tation modifies the loss objective to integrate a novel loss
function, specifically designed to reduce feature similarity
across unmasked views, thereby preserving feature diversity
and enhancing model robustness.

MaskSketch (Bashkirova et al., 2023) is a method to
generate images from sketches using a masked generative
transformer. In general, a masked generative transformer
synthesizes new examples by accepting new tokens in con-
secutive iterations, and the accepted tokens are the ones
above a certain threshold. In this case, the authors modified
this threshold to depend on a distance computed between
the self-attention maps of a sketch and the image that is
being generated. Hence, the main observation is that the
self-attention maps provided by a masked transformer are
domain-invariant, preserving a similar structure for both
sketches and natural images.

3.16 Masking Strategy, Architecture and Objective

A handful of works contributed to advancements in the
masking strategy, the model architecture and the objective
function. Some of these studies leveraged their three-fold
contributions to tackle unique pre-training scenarios (Yu
et al., 2023; Gupta et al., 2023). For example, Yu et al.
(2023) presented a custom solution for images that contain
text. Additionally, other studies discuss about the subopti-
mal choices made in previous MIM pipelines (Bandara et
al., 2023; Wei et al., 2024) and try to improve them. For
example, Wei et al. (2024) imposed certain properties on the
masked patches to avoid the patch correlation issue.

Adaptive Masking (AdaMAE) (Bandara et al., 2023)
employs an adaptive masking strategy for MAE performed
by an additional neural network that assigns greater masking
probabilities to the patches containing spatio-temporal infor-
mation (a.k.a. foreground). The new neural network gives a
vector of probabilities from which the sampling is performed.
Thus, it cannot be trained with the reconstruction loss. The
solution for this problem is to use an additional loss func-
tion based on the reconstruction one, where the terms are
weighted with the probability vectors given by the adaptive
network.

Yu et al. (2023) presented a masking pre-training method
specially designed for images with text. Random patches
that contain text are masked, then passed through a CNN-
based model to extract a feature representation. The feature

maps are tokenized and then fed into a transformer. Follow-
ing the Feature Pyramid Network (FPN) architecture (Lin
et al.,, 2017), the resulting embedding is upsampled and
combined with feature maps from multiple levels. The first
objective is to predict the masked words, while the second
goal is to reconstruct the corrupted pixels (with the help of
the predicted word tokens). A ROI-alignment unit is used to
associate the feature maps with the masked regions.

In order to pre-train a ViT for videos, Gupta et al. (2023)
proposed to first transform the input video into the latent
space of a VQ-VAE. Then, each frame is transformed into a
set of tokens, and a varying high ratio of the tokens from
the whole video sequence is masked. The attention units
of the model are modified such that every token has access
either to only the surrounding tokens in the same frame, or
to a small neighboring region of tokens along all dimensions
(i.e. including time). The objective is to estimate the masked
tokens by minimizing their negative log-likelihood.

In their work, Qiu et al. (2024) introduced a general
framework to learn various computer vision tasks with trans-
formers. They framed the input and output of each task
(e.g. detection and segmentation) as a sequence, and used
an encoder-decoder transformer with bidirectional attention
masks. To capture a rich context for each task, they employed
MAE pre-training by reconstructing the sequence of tokens.

Wei et al. (2024) analyzed the drawbacks in previous
latent-space MIM applications (Yi et al., 2023), showing
how a conventional reconstruction loss restricts diverse latent
learning. To counter this, the authors introduced a patch
discrimination objective to increase similarity between the
predicted and the corresponding target latents. Additionally,
Wei et al. (2024) tackled the issue of patch correlation by
changing the masking strategy. They used a high masking
ratio (90%), a gap between adjacent patches, and a similarity
constraint on visible and target patch sets. Further, the last
contribution was an improved decoder architecture, suitable
for latent representation prediction and incorporating self-
attention, cross-attention layers, and visual cues from visible
patches.

3.17 Masking Strategy, Features and Objective

Some papers had an impact on the masking strategy, the target
features, as well as the objective function. The contributions
to the masking strategies are highly varied: integrating new
target features (Yu et al., 2022; Li et al., 2022), improving
the masking policy based on guidance (Yao et al., 2023), and
even leveraging multimodal data (Kwon et al., 2023). The
objective function of these works is adapted as a result of the
employed features.

Within the context of few-shot learning, Yu et al. (2022)
employed a masked autoencoder for reconstructing the latent
embeddings rather than the original image. Additionally,
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each instance acts as a patch, and thus, the input consists of
more images from the same class. After encoding the input,
a high proportion of the input is masked and the decoder tries
to reconstruct the masked embedding representation (given
some identification variables). In this way, the backbone,
i.e. the encoder, learns more discriminative features and has
a better few-shot performance.

In their work, Li et al. (2022) introduced a pre-training
method that is applicable to standard convolutional neural
networks. The authors begin by removing patches from the
image and substituting them with the mean value of the pix-
els. Different from previous methods, the masking tokens,
corresponding to the previously erased patches, are intro-
duced in the intermediate layers of the network. Aside from
the reconstruction objective, another loss is added, which
takes into account the difference between the discrete Fourier
transforms of the original and reconstructed images. The role
of the additional loss is to enhance the representations learned
due to the interactions between patches at an intermediate
level rather than at the lower levels.

Yao et al. (2023) proposed to use MAE for reconstructing
a normal estimation of the masked input image and com-
pare it with the original, in order to detect anomalies. The
pre-training of the model follows the original MAE, only
optimizing the masking strategy for contiguous blocks of
patches. As the aim is to reconstruct the abnormal regions,
during inference, a proposal masking unit is employed, esti-
mating the likely locations of the image patches that contain
anomalies in order to mask them. The unit is composed of
a feature extraction model that obtains the latent representa-
tions of the input image patches and some prototype normal
images (one example from each normal class), as well as a
normalizing flow model for computing the likelihood.

Kwon et al. (2023) focused on implementing a masking
pre-training strategy for both visual and textual data. The
main idea is to mask one modality and reconstruct the miss-
ing data using the other input type. First, each modality is
encoded with its own encoder, and further processed by its
specific cross-attention encoder (which is also fed with the
other modality embedding). Finally, the masked tokens are
decoded using a transformer for images, or a linear classi-
fication layer for text. Besides the reconstruction objective,
two more losses are employed to align the embeddings of the
modalities.

3.18 Masking Strategy, Architecture, Task and
Objective

Few papers have contributed in four directions, having an
extensive scope: the masking strategy, the model architec-
ture, the downstream task and the objective function. Among
these, one study stands out for its integration within a rein-
forcement learning pipeline (Lezamaetal., 2022), illustrating
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how MIM principles can be extended beyond conventional
computer vision tasks. The remaining works delve into multi-
modal data (Huang et al., 2023; Ristea et al., 2024; Georgescu
etal.,2023), proposing innovative ways of combining diverse
input sources, while simultaneously refining the pre-training
methodology and the architectural design.

Lezama et al. (2022) proposed a Token-Critic algo-
rithm to guide the synthesis of a non-autoregressive image
generation model by predicting which tokens need to be
sampled or not. To train the model, the following pro-
cedure is employed. First, a tokenized image (through a
Vector-Quantized Autoencoder) is randomly masked. Then,
using the transformer-based generative model, the image is
reconstructed, while the critic must distinguish between the
sampled and the original tokens. In this way, a completely
masked tokenized image is gradually unmasked, using the
Token-Ceritic to select which tokens to sample, eventually
generating a new synthesized image.

Huang et al. (2023) harnessed MAE to pre-train an audio-
video model by integrating all prominent objectives of MIM
into a two-stage framework. The first stage consists of recon-
structing the original inputs, while the second stage adopts
the teacher-student distillation scheme, where the objective
of the student is to reconstruct the predictions of the teacher.
The teacher receives the full visible inputs, while the stu-
dent is fed with the masked modalities. During both training
stages, two different masked views of the same modality
are generated, encoded, and two contrastive losses are com-
puted: between embeddings of the same modality, as well
as across modalities. Then, a joint encoder fuses the two
modality embeddings, in the end being decoded with separate
decoders. Georgescu et al. (2023) also harnessed audiovi-
sual data to enhance self-supervised representation learning.
They proposed various pre-training architectures and objec-
tives within a masked autoencoding framework to improve
performance on audiovisual downstream classification tasks.
The framework also supports multiple unimodal downstream
tasks, using a single audiovisual pre-trained model.

Ristea et al. (2024) developed a lightweight MAE tailored
for video anomaly detection. This MAE model leveraged
weights derived from motion gradients to emphasize fore-
ground objects in the reconstruction loss. Additionally, the
authors enhanced the training procedure by introducing syn-
thetic anomalies, while using normal frames as the target for
the reconstruction loss. Later stages of training involve a stu-
dent decoder, which learns to mimic the output of the main
(teacher) decoder, further refining the detection process.

4 Automatic Clustering

To complement the manual taxonomy, we generate a den-
drogram by executing a hierarchical clustering algorithm
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on TF-IDF vectors, which are computed by concatenating
the titles and abstracts of the surveyed papers. We employ
TF-IDF vectors to diminish the influence of stop words and
increase the importance of content words. The hierarchical
clustering is based on the Ward linkage, which aims to min-
imize the total within-cluster variance. Each TF-IDF vector
starts as its own individual cluster. At each step, the two clus-
ters that result in the smallest increase in total within-cluster
variance when merged are combined. The process of merg-
ing is repeated until all TF-IDF vectors are combined into a
single cluster, thus generating a dendrogram. We opted for
Ward linkage in detriment of other alternatives to ensure that
the resulting clusters are more homogeneous. We illustrate
the resulting dendrogram in Figure 19.

By analyzing the dendrogram, we identify several rele-
vant clusters, which are annotated in Figure 19. The first
observed category of clusters is related to the input data
type: temporal data, 3D data or 3D point clouds, video,
audio, and even multimodal. Other identified clusters are
represented by the domain in which the MAE framework
was used, or by the downstream task it was applied on:
medical imaging, anomaly detection, image classification
in few-shot scenarios, object detection, object tracking and
semantic segmentation. The clustering algorithm was also
able to capture more complex concepts: training at test time,
multi-view masked reconstruction, and domain or out-of-
distribution adaptation. Probably one of the most notable
clusters is formed by the papers that adopted the teacher-
student MAE framework based on a contrastive objective.
Another category consists of methods that employed diffu-
sion models. Finally, two clusters related to the input masking
strategy and theoretical analysis overlap with our manual tax-
onomy.

When compared with the manual taxonomy, we consider
that the automatically generated clustering provides a distinct
yet equally-useful categorization of the papers.

5 Datasets

Various datasets have been used by different masked image
modeling frameworks. Some of the most representative
datasets are: CIFAR-100, ImageNet-1K, MS COCO, UCF101,
ShapeNet, CC3M, FFHQ, LAION-400M, and Visual Genome.
A brief description of these datasets are provided in the fol-
lowing part.

CIFAR-100 (Krizhevsky, 2009) contains low-resolution
images (32x32 pixels), with 600 images for each of the
100 available classes. The classes are grouped into 20 cate-
gories, called super-classes. The labels range from animals to
humans and objects. CIFAR-100 is typically used to demon-
strate MIM methods on downstream tasks. Some sample
images from this dataset are shown in Figure 20.

@ Springer

ImageNet-1K (Deng et al., 2009) is a subset of one of
the most popular datasets, namely ImageNet-21K. It con-
sists of approximately 1.45 million images divided into 1000
object classes. ImageNet-1K provides a diverse range of
high-resolution images organized according to the WordNet
hierarchy. ImageNet-1K is generally used in the pre-training
stage. Some examples from this dataset are shown in Figure
21.

MS COCO (Lin et al., 2014) contains around 330k
images, in which over 1.5 million object instances are
annotated across 80 object categories. The dataset includes
annotations for a wide variety of tasks: object detection, seg-
mentation, and captioning. Some sample images from this
dataset are shown in Figure 22.

UCF101 (Soomro et al., 2012) is a dataset of 13,320
videos spanning 101 action categories. The videos cover a
wide range of activities including human actions, sports, and
daily activities. This dataset is typically used by MIM frame-
works in the video domain.

Kinetics 400 (Kay et al., 2017) contains 400 human action
classes, with at least 400 video clips for each action. Each
clip lasts around 10 seconds and is sampled from a different
YouTube video. The actions are focused on humans, covering
a broad range of classes based on human-object interac-
tions, such as playing instruments, as well as human-human
interactions, such as shaking hands. Kinetics 400 is often
employed in the pre-training stage of video-based MIM.

ShapeNet (Chang et al., 2015) is a dataset that contains
3D shapes, covering over 55 categories with about 51,300
unique 3D models. It includes both geometric and semantic
annotations.

CC3M (Sharma et al., 2018) consists of approximately
3.3 million images and their associated captions, describing
the visual content of the images.

FFHQ (Karras et al., 2019) is a dataset composed of
70,000 high-quality (1024 x 1024) images of diverse human
faces, varying in age, ethnicity, and background. Some of the
sample images from this dataset are shown in Figure 23.

LAION-400M (Schuhmann et al., 2021) is one of the
primary datasets used for generative text-to-image models,
consisting of 400 million image-text pairs. Some of the sam-
ple images from this dataset are shown in Figure 24.

Visual Genome (Krishna et al., 2017) contains over
100,000 images annotated with objects, attributes, and rela-
tionships. It includes region descriptions, object metadata,
and dense annotations to facilitate scene understanding. It is
mainly used within the visual question-answering task.

In Table 1, we classify the datasets used for MIM based on
their application, distinguishing between those employed for
self-supervised pre-training and those used for downstream
performance evaluation. Additionally, we provide the num-
ber of training and test samples for each dataset.
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Fig.20 Sample images from CIFAR-100 dataset

6 Performance Overview

We next provide an in-depth analysis of the performance
achieved by MIM pre-training methods, when applied on
leading computer vision architectures and popular bench-
marks. We focus our analysis on three widely used datasets
in MIM research: ImageNet-1K, MS COCO, and Kinetics-
400.

In Table 2, we present the results of different frame-
works on ImageNet-1K. Most of these works obtained
accuracy improvements by introducing novel masking strate-
gies (Wang et al., 2023; He et al., 2022; Xie et al., 2022)
or target features (Wei et al., 2022; Wang et al., 2023). In
general, the new masking strategies are based on the intu-
ition that randomly masking patches, as proposed in MAE
(He et al., 2022) and SimMIM (Xie et al., 2022), is sub-
optimal. Thus, recent methods (Wang et al., 2023; Li et al.,
2022; Madan et al., 2024) aim to identify semantically impor-
tant patches, usually implementing masking strategies in an
easy-to-hard pipeline, starting by masking the least important
patches and progressively targeting the more semantically
significant ones. Other works (Girdhar et al., 2023; Yang et
al., 2023) studied approaches to scale up the architectures
and the number of samples used during pre-training. In con-
trast to these studies, some works (Huang et al., 2023) tried to
limit the computational requirements of the networks, while
preserving the performance of the previous works. Another

significant observation that stems out from Table 2 is that
integrating MIM with generative models results in substan-
tial performance enhancements, as presented in some recent
studies (Fei et al., 2023; Wei et al., 2023). This finding
supports the widely known view that generative tasks yield
robust world representations. Moreover, it demonstrates the
orthogonality between MIM and generative models, suggest-
ing complementary benefits when combined.

In Table 3, we present a performance overview of different
MIM frameworks on the MS COCO dataset. For object detec-
tion, we report the mean Average Precision for bounding
boxes (mAPj,, ), and for segmentation tasks, we provide the
mean Average Precision for masks (mAP,,,sx). EVA (Fang
et al., 2023) stands out as the most effective method, concen-
trating on the expansion of training examples and network
parameters. According to Table 3, its pre-training dataset
integrates four distinct datasets, collectively summing over
29 million images. The closest result to EVA is obtained
by SimMIM (Xie et al., 2022), when applied to a similar
size architecture (SwinV2-G), but with much fewer images
in the pre-training phase. As demonstrated in Table 3, the
MAE strategy exhibits suboptimal performance when com-
pared with alternative approaches applied to ViT-B and ViT-L
models. Notably, among the methods outperforming MAE on
ViT-B, two incorporate convolutional layers into their frame-
works (Fang et al., 2023; Gao et al., 2022). This observation
suggests that employing a hybrid architecture that combines
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Fig.21 Sample images from ImageNet-1k dataset. Courtesy of (Deng et al., 2009)

both transformer and convolutional layers may offer signifi-
cant improvements in object detection and segmentation.

In terms of training objectives, based on the results
reported in Tables 2 and 3, the reconstruction loss remains
the primary driver for high performance in MIM methods
across both ImageNet-1K and MS COCO. At the same time,
the contrastive loss often serves as a complementary com-
ponent. For example, one of the top-performing methods,
CMAE (Huang et al., 2023), leverages both reconstruction
and contrastive losses.

Results on video recognition are included in Table 4. We
select the Kinetics-400 dataset for this analysis because it is
the most frequently used video dataset across the reviewed
studies. A common practice among the studies listed in
Table 4 is their incorporation of large-scale image datasets

@ Springer

during the pre-training phase, alongside a video dataset.
Additionally, an analysis of the performance outcomes from
EVA (Fangetal.,2023) and VideoMAEv2 (Wangetal.,2023)
on the ViT-G architecture reveals that the size of the pre-
training dataset plays an important role in determining the
final performance of the model. Larger datasets tend to pro-
vide more effective and generalized capabilities in complex
video processing tasks.

Consistent with what we observed in image classification,
the integration of diffusion models and MIM proves bene-
ficial in the video domain as well. Notably, the Diff MAE
model (Wei et al., 2023) achieves results that are competitive
with those of EVA (Fang et al., 2023), although DiffMAE
is operating with a substantially smaller model size. This
finding underscores again the effectiveness of combining
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Fig.22 Sample images from MS COCO dataset. Courtesy of Lin et al. (2014)

generative diffusion models with MIM techniques. However,
a significant factor contributing to this performance enhance-
ment is the utilization of a large dataset, WIT400M, during
the pre-training phase. When the model is pre-trained solely
with the smaller Kinetics-400 dataset, its results fall short
of those achieved by VideoMAE (Tong et al., 2022). This
underscores the critical importance of employing large-scale
datasets in the pre-training phase to maximize model effec-
tiveness.

Other significant observations, based on the results pre-
sented in Table 4, refer to the masking strategy and the types
of features that are reconstructed. First, in videos, the tem-
poral correlation between frames (Tong et al., 2022) can
introduce a bias in the model, allowing it to reconstruct
masked patches by leveraging information from adjacent

Fig. 23 Sample images from FFHQ dataset. Courtesy of Karras et al.
(2019)

frames. To alleviate this issue, OmniMAE (Girdhar et al.,
2023) randomly masks patches from videos, similar to
MAE (He et al., 2022), but uses a higher masking ratio,
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95% instead of 75%. However, this masking strategy per-
forms poorly compared with those used in VideoMAE (Tong
et al., 2022) and VideoMAEV2 (Wang et al., 2023), which
are designed to mask temporal tubes instead of spatial
patches. The latter approach is more effective in preventing
information leakage from adjacent frames. Second, the top
performing methods, such as MVD (Wang et al., 2023) and
EVA (Fang et al., 2023), benefit from the use of high-level
features as target features for reconstruction. These features
help address the tendency of pixel-level MIM models to focus
on spatial and structural information, leading to improved
performance on downstream tasks.

7 Closing Remarks and Future Directions

In this paper, we highlighted two strategies for applying
masked image modeling, one based on reconstruction and
one based on contrastive learning. Moreover, we presented
how both methods are great pre-training approaches for fea-
ture learning. Although their objectives are different, the
theoretical analysis shows that they are equivalent. Further-
more, we provided a review of the most recent research
advancements in masked image modeling, and explained
how this pre-training strategy was implemented for various
tasks.

Through our work, we aimed to give a better overview
of masked image modeling, simplifying the effort needed
by the research community and the industry to analyze the
literature. We believe that both the manual taxonomy and the
hierarchical clustering dendrogram are great resources for all
individuals interested in learning more about masked image
modeling, or how to apply this technique to their specific use

case.
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As previously mentioned, masked pre-training started
from natural language processing, and it was later adopted
in vision. Over time, masked image modeling was integrated
into multiple downstream tasks and this is perhaps the main
research direction that will continue, especially in domains
or tasks with low quantities of annotated data, such as the
medical domain.

While masked image modeling (MIM) has achieved
remarkable progress in self-supervised visual representa-
tion learning, several promising directions remain open for
future exploration. One important area is the extension of
MIM to multi-modal and cross-modal learning scenarios,
such as integrating vision with language or audio signals,
which could further enhance contextual understanding. Each
modality holds a different type of information, and these
can be combined to learn richer feature representations.
Distilling the knowledge of each modality into a single
network could represent a stepping stone in artificial intelli-
gence.

Another avenue is the development of more efficient
masking strategies and reconstruction objectives that better
align with downstream tasks beyond classification, such as
segmentation, detection, or 3D understanding. While a ran-
dom strategy may perform well, it has been demonstrated
that an informed masking policy that focuses on hiding the
salient information of the input is superior (Madan et al.,
2024). Thus, future endeavors may attempt to formulate var-
ious guided masking strategies, some of which can be specific
to the downstream task. Additionally, there is growing inter-
est in making MIM more resource-efficient.

Another future direction is the integration of physical pri-
ors or domain-specific laws into the MIM framework. For
domains where data is governed by known physical con-
straints (e.g. medical imaging, climate science, robotics),
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Table 1 Statistics of the datasets that are commonly used in MIM literature

Modality Dataset Type #Train Samples #Test Samples

Images ImageNet-1K (Deng et al., 2009) Pre-training & Downstream 1,281, 167 100, 000
ImageNet-21K (Ridnik et al., 2021) Pre-training 14,197, 122 -
LAION-400M (Schuhmann et al., 2021) Pre-training 400, 000, 000 -
CIFAR-100 (Krizhevsky, 2009) Downstream 60, 000 10, 000
Food-101 (Bossard et al., 2014) Downstream 75,750 25,250
MS COCO (Lin et al., 2014) Downstream 165, 482 81,434
ADE20K (Zhou et al., 2017) Downstream 25,574 2,000
FFHQ (Karras et al., 2019) Downstream 60, 000 10, 000

Language & Images CC3M (Sharma et al., 2018) Pre-training 3,318,333 -
CC12M (Changpinyo et al., 2021) Pre-training 12,423,374 -
MS COCO (Lin et al., 2014) Pre-training 165, 482 -
Visual Genome (Krishna et al., 2017) Pre-training 108, 000 -
SBU Captions (Ordonez et al., 2011) Pre-training 860, 000 -

Video SSv2 (Goyal et al., 2017) Pre-training & Downstream 169, 000 25, 000
Kinetics-400 (Kay et al., 2017) Pre-training & Downstream 240, 000 20, 000
Kinetics-600 (Carreira et al., 2018) Pre-training & Downstream 390, 000 60, 000
Kinetics-700 (Carreira et al., 2022) Pre-training & Downstream 545,317 105, 000
Kinetics-710 (Li et al., 2023) Pre-training 660, 000 -
WebVid2M (Bain et al., 2021) Pre-training 2, 500, 000 -
UnlabeledHybrid (Wang et al., 2023) Pre-training 1, 350, 000 -
UCF101 (Soomro et al., 2012) Downstream 9, 500 3,500
AVA (Li et al., 2020) Downstream 211, 000 57,000

3D Data ScanNet (Dai et al., 2017) Pre-training 1,513 -
ShapeNet (Chang et al., 2015) Pre-training 57,448 -
nuScenes (Caesar et al., 2020) Pre-training & Downstream 750 150
ModelNet40 (Wu et al., 2015) Downstream 9, 843 2,468
ScanObjectNN (Uy et al., 2019) Downstream 11,416 2,882
ShapeNetPart (Yi et al., 2016) Downstream 14, 007 2,874

Medical Images UKB (Spitzer et al., 2018) Pre-training 155,238 -
ROCO (Pelka et al., 2018) Pre-training 81, 000 -
MedICaT (Subramanian et al., 2020) Pre-training 217,000 -
TCIA-COVID19 (Harmon et al., 2020) Pre-training 771 -
BraTS (Simpson et al., 2019) Pre-training & Downstream 351 191
BTCV (Landman et al., 2015) Pre-training & Downstream 24 6
APTOS (Kaggle, 2019) Downstream 28,100 7,026
RFMiD (Panchal et al., 2023) Downstream 2,560 640
VQA-RAD (Lau et al., 2018) Downstream 3,064 451
VQA-2019 (Ben Abacha et al., 2019) Downstream 12,792 500

embedding known physical constraints or conservation laws
into the masking or reconstruction process could guide the
model toward more meaningful and generalizable represen-

tations.

Finally, understanding the theoretical underpinnings of
why and how MIM works so effectively remains an open
challenge. Insights on this path could drive the design of
next-generation self-supervised learning algorithms.
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Table 2 Performance on
ImageNet-1K (IN1K) of
different MIM pre-training
schemes

@ Springer

Backbone Pre-training Acc.
Dataset Method

ViT-B IN1K MAGE (Li et al., 2023) 82.5

MAGE-C (Li et al., 2023) 82.9

U-MAE (Zhang et al., 2022) 83.0

Prototypical (Lin et al., 2025) 83.3

MAP (Liu & Yi, 2025) 83.6

MAE (He et al., 2022) 83.6

SimMIM (Xie et al., 2022) 83.8

LocalMIM (Wang et al., 2023) 84.0

MaskFeat (Wei et al., 2022) 84.0

DMAE-B (Bai et al., 2023) 84.0

HPM (Wang et al., 2023) 84.2

GAN-MAE (Fei et al., 2023) 84.3

SemMAE (Li et al., 2022) 84.5

DiffMAE (Wei et al., 2023) 84.9

MCMAE (Gao et al., 2022) 85.0

CMAE (Huang et al., 2023) 85.3

MaskAlign (Xue et al., 2023) 85.4

Laion-50M RILS (Yang et al., 2023) 83.6

IN1K+SSv2 OmniMAE (Girdhar et al., 2023) 83.0

ViT-L IN1K U-MAE (Zhang et al., 2022) 83.2

MAGE (Li et al., 2023) 83.9

MAGE-C (Li et al., 2023) 84.3

MaskFeat (Wei et al., 2022) 85.7

HPM (Wang et al., 2023) 85.8

LocalMIM (Wang et al., 2023) 85.8

MAE (He et al., 2022) 85.9

GAN-MAE (Fei et al., 2023) 86.1

MAP (Liu & Yi, 2025) 86.1

DiffMAE (Wei et al., 2023) 86.9

IN1K+SSv2 OmniMAE (Girdhar et al., 2023) 85.2

ViT-H IN1K MAE (He et al., 2022) 86.9

DiffMAE (Wei et al., 2023) 88.0

IN1K+SSv2 OmniMAE (Girdhar et al., 2023) 86.6

ViT-Haag IN1K MAE (He et al., 2022) 87.8

Swin-B INIK GreenMIM (Huang et al., 2022) 83.8

SimMIM (Xie et al., 2022) 84.0

LocalMIM (Wang et al., 2023) 84.1

MixMAE (Liu et al., 2023) 84.6

Swin-L INIK GreenMIM (Huang et al., 2022) 85.1

SimMIM (Xie et al., 2022) 85.4

LocalMIM (Wang et al., 2023) 85.6

SwinV2-H IN1K SimMIM (Xie et al., 2022) 85.7

SwinV2-G IN21K SimMIM (Xie et al., 2022) 90.2

ConvNeXt V2-B IN1K FCMAE (Woo et al., 2023) 84.9

ConvNeXt V2-L IN1K FCMAE (Woo et al., 2023) 85.8

ConvNeXt V2-H INIK FCMAE (Woo et al., 2023) 86.3
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Table 3 Performance on MS COCO of different MIM pre-training schemes

Backbone Pre-training mAPpox mAP, a5k
Dataset Method
ViT-Tiny IN1K MAE (He et al., 2022) 38.9 35.1
SparseMAE (Zhou et al., 2023) 47.1 42.0
ViT-B Laion-20M RILS (Yang et al., 2023) 48.5 42.6
IN1K GAN-MAE (Fei et al., 2023) 49.0 43.8
MAE (He et al., 2022) 50.3 44.9
MaskAlign (Xue et al., 2023) 52.1 45.7
MCMAE (Gao et al., 2022) 52.5 46.5
CMAE (Huang et al., 2023) 52.9 47.0
ViT-L IN1K MAE (He et al., 2022) 53.3 47.2
DiffMAE (Wei et al., 2023) 55.3 49.0
ViT-G IN21K EVA (Fang et al., 2023) 64.2 55.0
CCI2M
CC3M
COCO
Swin-T INIK MST (Li et al., 2021) 42.7 38.8
Swin-B IN1K GreenMIM (Huang et al., 2022) 50.0 44.1
SimMIM (Xie et al., 2022) 50.4 44.4
LocalMim (Wang et al., 2023) 50.7 44.9
SwinV2-G IN22K SimMIM (Xie et al., 2022) 63.1 54.4
MIMDET-Base (Fang et al., 2023) INIK MAE (He et al., 2022) 51.7 46.1
MIMDET-Large (Fang et al., 2023) 54.3 48.2
HybridNet-Ti (Liu & Yi, 2025) COCO MAP (Liu & Yi, 2025) 46.4 39.8

Table 4 Performance on

Kinetics-400 (K400) of different ~ D2oK0O® Pre-training Acc.
MIM pre-training schemes Dataset Method
ViT-S K400 VideoMAE (Tong et al., 2022) 79.0
K400 MVD (Wang et al., 2023) 81.0
INIK
ViT-B K400 SMILE (Thoker et al., 2025) 83.1
VideoMAE (Tong et al., 2022) 81.5
ST-MAE (Feichtenhofer et al., 2022) 81.3
MME (Sun et al., 2023) 81.8
MGMAE (Huang et al., 2023) 81.8
OmniMAE (Girdhar et al., 2023) 80.8
K400 MVD (Wang et al., 2023) 83.4
INIK
UnlabeledHybrid VideoMAEV2 (Wang et al., 2023) 81.5
ViT-L K400 UT (Li et al., 2023) 90.9
VideoMAE (Tong et al., 2022) 85.2
ST-MAE (Feichtenhofer et al., 2022) 84.8
DiffMAE (WEei et al., 2023) 84.5
K400 MVD (Wang et al., 2023) 86.4
INIK
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Table 4 continued

Backbone Pre-training Acc.
Dataset Method
K400 OmniMAE (Girdhar et al., 2023) 84.0
SSv2
IN1K
K400 DiffMAE (Wei et al., 2023) 88.1
WIT400M
UnlabeledHybrid VideoMAEvV2 (Wang et al., 2023) 85.4
ViT-H K400 VideoMAEv2 (Wang et al., 2023) 88.6
VideoMAE (Tong et al., 2022) 86.6
ST-MAE (Feichtenhofer et al., 2022) 85.1
K400 MVD (Wang et al., 2023) 87.3
INIK
K400 OmniMAE (Girdhar et al., 2023) 84.8
SSv2
INIK
UnlabeledHybrid VideoMAEv2 (Wang et al., 2023) 86.9
ViT-G UnlabeledHybrid VideoMAEV2 (Wang et al., 2023) 87.2
K400 VideoMAEv2 (Wang et al., 2023) 90.0
IN21K EVA (Fang et al., 2023) 89.7
CC12M
CC3M
COCO
MViTv2-S K400 MaskFeat (Wei et al., 2022) 82.2
MViTv2-L K400 MaskFeat (Wei et al., 2022) 86.7
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