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Abstract Masked autoencoders (MAEs) have recen-
tly achieved great success in computer vision.
They can automatically extract representations from
unlabeled data and improve the performance of
various downstream tasks. However, training an MAE
model requires substantial resources, which limits
their accessibility to many academic institutions: often
laboratories in universities lack the necessary resources.
This issue significantly hinders the development of
this field. In this paper, we propose FastMAE, an
efficient MAE approach. Inspired by the idea of offline
tokenizers in natural language processing, FastMAE
presents a novel way to build an offline vision tokenizer,
which can provide high-level semantics in an efficient
way. Benefiting from the offline tokenizer, FastMAE
becomes an efficient vision learner. Our experiments
demonstrate that FastMAE can achieve 83.6% accuracy
with ViT-B in only 18.8 h on 8 NVIDIA Tesla-
V100 GPUs, which is 31.3× faster than the original
MAE, providing a resource friendly baseline for the
computer vision community. Moreover, it also achieves
comparable performance to state-of-the-art methods.
We hope our research will attract more people to engage
in MAE-related research and that we can advance its
development together.

Keywords deep learning; computer vision; masked
image modeling (MIM)

1 Introduction

The pretraining followed by fine-tuning paradigm
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has been widely adopted in both computer vision
and natural language processing (NLP). Self-
supervised learning (SSL), aiming to learn a general
representation from unlabeled data, is a popular
method during the pre-training stage. The crucial
step in SSL is to define the pretext task. In recent
years, several pretext tasks have emerged, including
geometric learning [1], contrastive learning [2–5],
generative learning [6, 7]. We focus on one of the
generative methods, masked image modeling (MIM).

MIM was inspired by the success of masked
language modeling (MLM) in NLP [8], which
first randomly masks some words in a sentence
and then reconstructs them. BERT [8] pioneers
MLM and uses a transformer as the network
architecture. BEiT [6], the first work to introduce
MIM into computer vision, tries to conduct a visual
codebook by using discrete VAE (dVAE) [9] as the
reconstruction target to provide semantic guidance.
Subsequently, many advanced MIM-based methods
have appeared, focusing on various aspects of the
problem, including the reconstruction target [10,
11], encoder architecture [12–14], high-dimension
input [15], and contrastive learning [16, 17]. In
this paper, we concentrate on the reconstruction
target.

There are two kinds of reconstruction target:
low-level targets and high-level targets. MAE [7]
is a representative work considering a low-level
target. It changes the reconstruction target from
a dVAE to raw pixels, improving performance.
Furthermore, MAE does not put masked tokens
into the encoder, which significantly reduces the
computational overhead and allows models to
be easily scaled up to billions of parameters.
However, there are obvious gaps between low-level
targets and common downstream tasks such as
recognition, detection, and segmentation. To address
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this, researchers have tried to introduce high-level
features as reconstruction targets by building discrete
codebooks [6, 18], adopting exponential moving
average (EMA) teachers [16, 19, 20], and using
frozen online teachers [10, 21–24]. However, obtaining
high-level reconstruction targets requires additional
computation. As can be seen, reconstructing low-level
and high-level targets each has its own advantages and
disadvantages. The former is efficient and less costly,
but neglects critical high-level semantic information
for downstream tasks. Recovering high-level targets
can provide beneficial semantic information, but
requires an online teacher model to build high-level
guidance, which brings extra computation and run-
time memory overhead, which conflicts with our goal
here to reduce computation.

In this paper, we present a novel MIM recon-
struction target that can not only capture high-
level semantics, but also provide superior efficiency.
Our idea is inspired by the success of using an
offline codebook in masked language modeling. MLM
defines a semantic codebook before pretraining, which
allows it to obtain semantics quickly. Motivated by
this strategy, we strive to develop an offline visual
tokenizer, which can provide high-level semantics in
an efficient way. Using this offline visual tokenizer,
we can build an efficient and effective MIM model
which we call FastMAE.

The contributions of this paper are in summary:
• The concept of an offline visual tokenizer, which

can efficiently provide a high-level semantic
reconstruction target for an MIM method.
Benefiting from it, we present an efficient MIM
method: FastMAE.

• In order to build the offline tokenizer, we propose
a strategy for image discretization, enabling
efficient querying of image features without
compromising the performance of the MIM
method.

• Extensive experiments which demonstrate that
our method significantly speeds up the pre-
training of MAE (by 31.3×) and achieves
comparable results with state-of-the-art (SOTA)
methods. More importantly, we provide a
lightweight baseline, which requires only 18.8
h on 8 NVIDIA Tesla-V100 GPUs for the pre-
training stage. It enables researchers with limited
computing resources to participate in and advance
this field.

2 Related work

2.1 Masked language modeling

Masked language modeling (MLM) is a popular pre-
training approach in NLP. It first randomly masks
a few tokens and then recovers their positions in a
pre-defined dictionary. BERT [8] was the first work
to present masked language modeling. It further
proposed next sentence prediction as another pretext
task. With the help of these two pretext tasks,
BERT successfully learns general representations of
words and sentences in context from many unlabeled
sentences. It opened the era of large-scale pre-training
in NLP. Many NLP MLM-based models followed, such
as ALBERT [25] and ELECTRA [26]. The definition
of proxy tasks is crucial for the success of MLM.
Recovering masked words intuitively brings two clear
bonuses: high-level semantics and efficiency.

2.2 Masked image modeling

Inspired by the success of MLM, MIM is a generative
self-supervised learning technique designed to apply
the achievements of MLM to computer vision.
BEiT [6] introduced MIM [27–29] to computer
vision. It randomly masks about 40% of the tokens
and reconstructs their discrete encodings provided
by dVAE. BEiT has provided significant advances
in computer vision, particularly in scaling up the
model size. Given the outstanding performance of
BEiT, numerous works have followed-up, resulting
in improvements to MIM in several directions.
ConvMAE [12], HiViT [13], and GreenMIM [30]
aim to enhance the MIM encoder by introducing
hierarchical architectures or convolution operations.
Long-sequence MAE [15] explores the input influence
during the pre-training stage. CMAE [16] introduces
contrastive learning into MIM and enhances its
semantic comprehension ability. EVA [31] explores
the scaling up capability of MIM. VideoMAE [32]
extends MIM to video processing.

This paper focuses on reconstruction targets
of MIM models. Many previous works, including
MAE [7], PeCo [33], MVP [10], etc., have studied
different MIM reconstruction targets. They focus
on two main directions. On one hand, existing
methods reconstruct low-level targets such as raw
pixels and image gradients. However, a significant
semantic gap exists between these targets and
downstream tasks, such as image classification,
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making them less effective. On the other hand,
researchers have explored use of high-level semantic
features as reconstruction guidance, e.g., in DINO
teacher [11], CLIP teacher [10], and EMA teacher [19].
Nevertheless, using an online teacher brings extra
computational overhead, which conflicts with our goal
of efficient training. In this paper, we propose a new
reconstruction target using an offline vision tokenizer,
which can combine the efficiency of low-level targets
with the semantics of high-level targets.

2.3 Contrastive learning

Aiming to discriminate between different instances,
contrastive learning [3, 4, 34–36] is a self-supervised
learning method. It was introduced into vision by
InstDisc [2], which presents an instance-level non-
parametric classifier to learn image representations.
The key to the success of contrastive learning lies
in the selection of positive and negative samples.
Typically, positive samples can be obtained by two
different augmentations of the same image, while
the use of negative samples has been explored by
researchers in different ways. SimCLR [4] increases
the number of negative samples by adopting a large
batch size, while BYOL [5] argues that negative
samples are not necessary for contrastive learning. In
addition to exploring positive and negative samples,
some other methods consider multi-view contrastive
learning [37], cluster-based approaches [38], dense
prediction tasks [39], etc.

2.4 Vision transformers

Inspired by the success of transformers in NLP,
vision transformers (ViTs) [40–54] were introduced
into computer vision as a basic backbone network.
Recently, ViTs have quickly conquered various
leaderboards and challenged the dominant role of
convolutional neural networks (CNNs) in computer
vision. ViTs were brought into computer vision
by ViT [55], which divides an image into 16 ×
16 words and treats images as 1D sequences.
This allows ViT to process images with natural
language methods. Several attempts have been
made to improve ViTs. Swin transformer [40] makes
transformers more suitable for vision tasks by
computing self-attention in local windows. PVT [42]
and PVTv2 [41] enhance vision transformers by
introducing an hierarchical architecture. External
attention [44] explores a new attention model

with linear complexity, reducing the computational
overhead of transformers. SwinV2 [56] explores
the scaling-up capability of vision transformers.
DeiT [57] improves the training recipe for vision
transformers. SegFormer [58], PCT [43], UniFormer
[59], VideoSwin [60], TransGAN [61], etc., broaden
the application field of vision transformers. In this
paper, following MAE [7], we mainly focus on how to
train a better basic ViT [55].

3 Method

3.1 General description

As Fig. 1 shows, the general formulation of masked
image modeling can be summarized as

MIM = Loss((g(Ifull), f(Imasked)) (1)
where g and f denote different functions, which
can be parameterized as neural networks. g is
called the teacher model, which can be a frozen
model, a HoG function, an identity function, etc.
f is an autoencoder (AE), which contains both an
encoder and decoder. Ifull denotes an original input
image and Imasked represents an image degraded by
masking some regions. The whole MIM process can
be regarded as a representation learning process by
reconstructing image features g(Ifull) from masked
image Imasked.

In this paper, we wish to develop an efficient
MIM method for researchers with limited resources.
As explained in the introduction, we observe that
reconstruction targets limit the efficiency of current
MIM methods, as shown in Table 1. Thus, we
aim to address this problem by providing better
guidance (through function g). We hope the proposed
reconstruction target can efficiently provide high-level
semantics for the masked image modeling method.

Specifically, we intend to change function g from an
inference process to a query (or index lookup) process
with O(1) computational complexity, which can be
written as

g = inference(x)→ g = query(x) (2)

Table 1 Attributes of different reconstruction targets. We desire
semantic reconstruction targets that can be quickly obtained

Target Rapid access Semantics

Image target X ×
Online target × X

Offline target X X
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Fig. 1 Pipeline of masked image modeling. The difference between our method and others LIES in the reconstruction target: existing methods
usually recover original images or an online teacher target. Our FastMAE reconstructs an offline target.

Here, the right arrow→ denotes “can be transformed
into”. To achieve this, we present an offline tokenizer.
As Fig. 3 shows, it first preprocesses required tokens
and saves them on disk in the offline stage. Then,
in the pre-training stage, we can query the related
tokens from the disk. In this way, we can reduce
computational overhead and run-time memory at
the cost of disk storage. The advantages of our

offline target are clearly shown in Table 1 and Fig. 2.
Our core idea is to exchange expensive computation
and run-time memory with cheap disk storage. It
is common in computer science, to trade space for
time in this way: for instance, bucket sort [62] also
adopts a similar idea. In the following, we introduce
how we construct an offline tokenizer and pre-train
FastMAE.

Fig. 2 Time consumed for different reconstruction targets.
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Fig. 3 Offline process and pre-training process. Each white box is
a whole and the starting point of each query is at the intersection of
the white lines, such as the red box.

3.2 Offline tokenizer

3.2.1 Goals
Before introducing the visual offline tokenizer, let us
explore the reasons why the reconstruction targets in
MLM can efficiently provide high-level information.
We believe the following two points are crucial. Firstly,
the tokens in natural language processing are discrete.
The discrete property of natural language words
implies that tokens are finite and can be encoded
in a pre-defined dictionary, e.g., encoding cat as 1,
dog as 2, human as 3, etc. After encoding, words can
be quickly indexed with O(1) complexity. The second
point is that language is an abstract expression of
human consciousness; it has been pre-processed by
the human brain. Its semantic level is higher than
an image. Due to these two characteristics of natural
language, MLM can achieve offline encoding and
provide high-level information efficiently.

Compared to natural language, images are
continuous and raw representations lack human
abstraction, so do not enjoy the above two properties.
These obstacles prevent MIM from building an offline
tokenizer and from acquiring high-level guidance
efficiently. Thus, in this paper, our goal is to give
images the above two properties, to achieve an
efficient masked image modeling method.
3.2.2 High-level semantics
In visual self-supervised learning, providing high-level
supervision usually refers to using an intermediate
layer of a neural network as supervision instead of
raw image supervision. The idea behind this is to
use neural networks to encode images instead of the

human brain’s encoding of natural language.
In general, there are two ways to obtain high-

level semantics. The first one is to adopt an online
siamese network and exponential moving average
(EMA) updating [3, 16], an approach commonly used
in contrastive learning. The second is to use an frozen
online pre-trained teacher [63], such as MAE [7],
iBOT [20], DINO [64], etc., which provides semantics
in the pre-training process, an approach commonly
used in masked image modeling.

We apply the second strategy and employ a frozen
teacher. Differing from the use of online teachers,
we use an offline tokenizer to provide high-level
information and substitute the inference process with
a query process with O(1) complexity. Compared to
online teachers, it replaces the computational cost
and run-time memory overhead with cheaper disk
storage.
3.2.3 Discretizing images
Differing from natural language, raw images are
continuous, which makes them unavailable for offline
querying. Dosovitskiy [55] proposed regarding a local
region (a 16 × 16 patch) as a word. However, as
shown in Fig. 4(a) → 4(c), he augments images by
randomly scaling and cropping them, resulting in
an countless number of possible results, which also
cannot be saved and queried offline. Instead, we adopt
a different processing strategy to discretize images, as
shown in Fig. 4(a) → 4(b) → 4(d). We treat each 16
× 16 region as an inseparable unit, and the starting
coordinates of our cropped images in Fig. 4(b) →
4(d) are always located at coordinates at a multiple
of 16 such as (0, 0), (0, 16), (16, 0), etc. In this
setting, we can randomly choose a cropped view from
the set Fig. 4(d) for each training iteration. Due to

Fig. 4 Image discretization. Note that in the process (b) Middle
image → (d) Our augmented view, each starting point coordinate in
the red box is a multiple of 16.
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the above discretization rule, we can easily index the
correspondence between image patches and off-shelf
high-level semantic features, as introduced in the next
section.
3.2.4 Pre-training
As Fig. 3 shows, the whole process can be divided
into two parts, an offline stage and a pre-training
stage. In the offline stage (see Fig. 3(a)), we take the
resized image (as shown in Fig. 4(b)) as input, and
process it by using a tokenizer (the offline teacher).
Then, we save the inference results on disk and wait
for usage in the pre-training stage. In the pre-training
stage, (see Fig. 3(b)), we randomly select a cropped
sample from the set in Fig. 4(d) each time as the input
view. Then, we can efficiently query the off-shelf high-
level semantic features obtained in the offline stage
to get high-level guidance quickly, which significantly
speeds up the pre-training process. We now given
an example using a 224× 224 input image. The first
cropped sample in Fig. 4(d) corresponds to the region
from (0, 0) to (14, 14) in off-the-shelf features. In the
same way, the second cropped sample corresponds to
the region from (1, 0) to (15, 14) in the off-the-shelf
features.

4 Experiments

To demonstrate the effectiveness and efficiency of
our proposed FastMAE, we have conducted extensive
quantitative and qualitative experiments on various
benchmarks, including ImageNet [65], COCO [66],
and ADE20K [67]. Experiments were conducted using
PyTorch [68] and Jittor [69]. Our main results is
that our 60 epochs baseline achieves comparable
results to MAE [7] with 1600 training epochs. For 300
epochs training, we show that obtains comparable
performance to SOTA models.
4.1 Experimental setting

4.1.1 Pre-training
Following MAE [7], we pretrained our FastMAE
on the ImageNet [65] dataset. The input size and
patch size were set as 224× 224 and 16, respectively,
resulting in a sequence of length 196. Then, we
randomly masked 75% to obtain a sequence of
length 49 as our input. For training, we adopted the
AdamW [70] optimizer with an initial learning rate of
1.5× 10−4, a batch size 4096, and weight decay 0.05.
We applied a cosine annealing schedule and warm-up

strategies to adjust the learning rate to improve the
training process. We applied various offline tokenizers
to provide high-level information such as MAE [7] and
DINO [64]. ViT-S/B was selected as the pre-trained
encoder. Results after 60 and 300 epochs are reported.
The 60 epoch version is intended as a lightweight
baseline, which only needs to be trained on 8 NVIDIA
Tesla-V100 GPUs for 18.8 h and speeds up MAE by
31.3 times. It serves as a computing friendly baseline
for researchers with limited computational resources.
We use the 300 epoch version for fair comparisons to
existing SOTA methods.
4.1.2 Fine-tuning
We kept the setting the same as for MAE [7]. We
applied the AdamW [70] optimizer with a weight
decay of 0.05, and an initial learning rate of 5× 10−4.
Drop path rate and layer decay were also applied,
and set to 0.1 and 0.65, to avoid overfitting. We fine-
tuned our models for 100 epochs with a batch size
of 1024. During fine-tuning, we adopted strong data
augmentation like MAE, including random clipping,
random horizontal flipping, mixup, cutmix, etc. We
used the same configuration for fine-tuning ViT-B
and ViT-S.
4.1.3 Linear probing
Linear probing means adding a linear classifier on
the top of the encoder and only training the added
classifier. For a fair comparison, our configuration
follows MAE [7]. We trained the linear classifier for
90 epochs using the LARS optimizer with a learning
rate of 0.1, and a batch size 16,384.
4.1.4 Segmentation settings
Following the original MAE [7], we conducted
semantic segmentation experiments based on
UperNet [71]. We adopted the AdamW [70] optimizer
with an initial learning rate of 10−4, weight decay
0.05. batch size 16, drop path rate 0.1 and input size
512×512. Poly policy was used to adjust the learning
rate and a warm-up strategy was also used. 160,000
training iterations were used for a fair comparison.
All segmentation experiments were conducted on the
ADE20K [67] dataset.
4.1.5 Detection settings
We used Mask R-CNN [72] as our detection head.
With a 1× (12 epochs) training schedule, we applied
a AdamW optimizer with an initial learning rate of
0.0003, weight decay 0.05, drop path rate 0.2, and
batch size 16. Linear learning rate decay was used to
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adjust the learning rate. All models were based on
mmdetection [73] and COCO [70] datasets.

4.2 Bag of tricks

4.2.1 All layers matter
Most methods only supervise the output of the last
decoder layer. In our experiments, we found that
only supervising the last decoder layer does not
provide sufficient guidance. We claim in addition to
supervising the last decoder layer, all encoder layers
need to be supervised. A similar idea was proposed
in ConvMAE [12], naming it a multi-scale decoder,
which supervises the different hierarchical outputs.
Instead, we supervise all outputs of encoder layers
and provide a stronger signal.
4.2.2 Guidance normalization
Some existing methods do not reconstruct the original
target directly, but reconstruct a normalized target.
For an F ∈ RN×C target, MAE [7] normalizes
on channel dimension and TEC [21] normalizes on
patch dimension. In our experiments, we also found
that normalizing guidance can significantly improve
the fine-tuned accuracy. We compare different
normalizations in Table 4.

4.3 Ablation study

4.3.1 Offline teacher vs. online teacher
We compare offline teachers and online teachers
in Table 3 and Table 2. Table 3 shows that there is a
little difference (less than 0.1%) between online and
offline versions for different teacher models, including
DINO [64], MAE [7], iBOT [20], and CLIP [80]. As
for other influences, we provide a comprehensive
comparison of online and offline teachers in Table 2,
which demonstrates that offline teachers have a clear
advantage in terms of speed and run-time memory.
For example, an offline teacher achieves 2.7 times
speedup when using ViT-Large as the online teacher
and 1.8 times speedup when using ViT-Base as the
online teacher. Furthermore, the offline teacher mode

Table 3 Ablation study on teacher models. DINO-B means the
DINO method with ViT-B backbone. -L means ViT-L model. All
encoder models are ViT-B

Teacher Offline Online Accuracy (%)

MAE-B × X 84.4
MAE-B X × 84.3
MAE-L × X 84.6
DINO-B × X 84.5
DINO-B X × 84.5
CLIP-B × X 84.4
CLIP-B X × 84.4
iBOT-B × X 84.7
iBOT-B X × 84.6

Table 4 Ablation study on bag of tricks, using ViT-B as our encoder
with 300 training epochs and offline DINO-B as teacher model. ALM =
all layers matter

Patch Norm Channel Norm ALM Accuracy (%)

× × × 83.9
X × × 84.2
× X × 84.1
× × X 84.1
× X X 84.4
X × X 84.5

also saves 15%–45% of run-time memory. Of course,
we also note that the offline teacher consumes about
1 TB of disk (which only costs about $70 for an
SSD, much cheaper than the saved computational
resources and run-time memory). We note that the
offline teacher does not bring additional overhead
as the teacher model becomes larger, which is
beneficial when using larger models as a guide
such as EVA [31].
4.3.2 Choice of teacher
Table 3 shows results of experiments to compare
different teachers, including different models and
different sizes. We can see that teachers based on
contrastive learning (DINO) have slightly better
results than teachers based on MIM (MAE). This
indicates that the features learned by contrastive
learning have higher semantics. Furthermore, a larger

Table 2 Ablation study on online teacher and offline teacher. Our model is faster than MAE because FastMAE only has a one layer decoder.
All student backbones were ViT-B

Method Teacher Epoch Online Offline Time (s) Run-time memory (MB) Disk (TB) Accuracy (%)

MAE Image 300 — — 0.14 7857 0 82.9
FastMAE MAE-B 300 × X 0.09 5371 0.94 84.3
FastMAE MAE-B 300 X × 0.16 6225 0 84.4
FastMAE MAE-L 300 × X 0.09 5372 1.25 84.6
FastMAE MAE-L 300 X × 0.25 7805 0 84.7
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teacher can provide more semantic information and
achieve better results than the base teacher.
4.3.3 Epoch, decoder depth, architecture
The number of epochs is a common hyperparameter
in self-supervised learning; usually, more epochs
will lead to better results. The same applies to
FastMAE, as shown in Table 5, FastMAE achieves
83.6% accuracy after 60 epochs, and after 300 epochs,
it achieves 84.6% accuracy, As for the decoder depth,
we performed an ablation study from a 1-layer decoder
to a 4-layer decoder and found that decoder depth
only slightly influences fine-tuned accuracy. Therefore,
in order to save computation and run-time memory,
we choose a one layer transformer as our decoder
by default. Table 5 also compare different sizes of
student architecture (ViT-B vs. ViT-S). It indicates
that our method is suitable for different scales of
student models and with larger model achieves better
performance.
4.3.4 Bag of tricks
The bag of tricks mainly comprises feature nor-
malization and all layers matter. Table 4 considers
two normalization methods, channel normalization,
and patch normalization. We found that patch
normalization gives a slightly better result than
channel normalization and patch normalization
achieves a 0.3% improvement compared to using
the original features. Therefore, we choose patch
normalization by default. Furthermore, we find
that using all layers matter brings about 0.2%
improvement to FastMAE.

4.4 Comparison to existing methods

To demonstrate the effectiveness of our method, we
also compared FastMAE to existing MIM methods
on common visual tasks, including image recognition,
object detection, semantic segmentation, and instance
segmentation.
4.4.1 Image classification.
For fairness of comparison, we adopted the same
Table 5 Ablation study on encoder models and training epochs. All
teachers are offline teachers

Encoder Epochs Teacher Accuracy (%)

ViT-B 60 DINO-B 83.5
ViT-B 300 DINO-B 84.3
ViT-B 60 iBOT-B 83.6
ViT-B 300 iBOT-B 84.6
ViT-S 300 iBOT-B 81.8

training strategies and settings, including optimizer,
batch size, learning rate, etc., as for the repre-
sentative work MAE [7]. We show the results of our
method after 60 epochs and 300 epochs. Table 6
compares existing methods to our FastMAE on
the ImageNet validation set. It demonstrates that
FastMAE after 300 epochs surpasses other popular
methods trained for more epochs, including MAE [7],
SimMIM [75], iBOT [20], PeCo [33], ConvMAE [12],
etc. in terms of fine-tuned accuracy metrics. Figure 5
clearly shows that FastMAE is 31.3 times faster than
MAE [7] while reaching 83.6% top-1 accuracy. Our
experiments on 8 NVIDIA Tesla-V100 GPUs show
that FastMAE only needs 18.8 h to achieve 83.6%
top-1 accuracy, but MAE takes almost 600 h.
4.4.2 Semantic segmentation
Aiming to assign each pixel a semantic label,
semantic segmentation is a fundamental vision
task. Like for image classification, for fairness of
comparison, we also used the same training and
inference settings used for MAE [7]. For instance,
we fine-tuned our method for 100 epochs with batch
size 16. Furthermore, we used UperNet [71] as
our segmentation head, to keep the same setting
as for previous methods. We conducted semantic
segmentation experiments on the ADE20K dataset.
As Table 7 shows, FastMAE after 60 epochs achieves
comparable results to those of popular models
including MAE [7]. Our 300-epoch model, achieves
50.7 mIoU and outperforms all other models including
iBOT [20] and PeCo [33].
4.4.3 Object detection and instance segmentation
For object detection, we chose Mask R-CNN for

Fig. 5 Comparison of FastMAE to MAE. Horizontal axis: training
time. Vertical axis: accuracy after fine-tuning. FastMAE only needs
18.8 h to achieve 83.6% top-1 accuracy while MAE takes almost 600 h.
To reach the same accuracy, MAE takes 31.3× longer than FastMAE.
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Table 6 Comparison to state-of-the-art methods on the ImageNet validation set. FT accuracy = fine-tuned accuracy. Linear accuracy denotes
linear probing accuracy. ? denotes offline teacher

Method Epochs Guidance Pre-training data Architecture FT accuracy (%) Linear accuracy (%)

Supervised 300 Label IN1K ViT-B 81.8 —

MoCo v3 [18] 300 EMA Teacher IN1K ViT-B 83.0 76.2
DINO [18] 400 EMA Teacher IN1K ViT-B 83.3 77.3
BEiT [6] 300 DALLE IN1K+D250M ViT-B 83.2 37.6
MAE [7] 300 Image IN1K ViT-B 82.9 61.5
MAE [7] 1600 Image IN1K ViT-B 83.6 67.8
CIM [74] 300 Image IN1K ViT-B 83.3 67.8
MaskFeat [11] 800 HoG IN1K ViT-B 84.0 —
CAE [18] 300 Encoder IN1K ViT-B 83.6 64.1
iBOT [20] 1600 EMA Teacher IN1K ViT-B 84.0 77.1
SimMIM [75] 800 Image IN1K ViT-B 83.8 56.7
SIM [76] 1600 EMA Teacher IN1K ViT-B 84.1 78.0
SdAE [77] 300 EMA Teacher IN1K ViT-B 84.1 64.9
MVP [10] 300 CLIP OpenAI400M ViT-B 84.4 75.4
ConvMAE [12] 400 Image IN1K ConViT-B 84.4 66.9
PeCo [33] 300 Image IN1K ViT-B 84.1 —
GreenMIM [30] 800 Image IN1K Swin-B 83.8
Data2Vec [78] 800 EMA Teacher IN1K ViT-B 84.2 —
HiViT [13] 800 Image IN1K HiViT-B 84.2 —
BoostedMAE [19] 800 EMA Teacher IN1K ViT-B 84.2 66.1
FastMIM [79] 400 Image IN1K ViT-B 83.6 —

FastMAE 60 iBOT? IN1K ViT-B 83.6 69.3
FastMAE 300 iBOT? IN1K ViT-B 84.6 72.8

Table 7 Comparison to state-of-the-art methods on the ADE20K
validation set. For fairness, we used ViT-B as the backbone for all
methods

Method Epochs SSL mIoU

DeiT [57] 300 × 47.0

MoCo V3 [18] 300 X 47.2

DINO [64] 400 X 47.2

BEiT [6] 300 X 44.7

BEiT [6] 800 X 45.6

MAE [7] 300 X 45.8

MAE [7] 1600 X 48.1

CIM [74] 300 X 43.5

iBOT [20] 1600 X 50.0

CAE [18] 300 X 48.3

CAE [18] 1600 X 50.2

PeCo [33] 800 X 48.5

BootMAE [19] 800 X 49.2

FastMAE 60 X 47.8

FastMAE 300 X 50.7

our detection method, as used in previous methods.
All other settings such as batch size, tuning epochs,
learning rate, were the same as used by MAE [7] for
fairness of comparison. We present object detection

and instance segmentation results in Table 8. Under
Mask R-CNN 1×, our 60-epoch model achieves better
performance than a 300 epoch BEiT [6] model for
both object detection and instance segmentation. Our
300-epoch model clearly outperforms the MAE 1600-
epoch model for both object detection and instance
segmentation.

Table 8 Object detection and instance segmentation on COCO
2017 dataset. Mask R-CNN 1× denotes models are based on Mask
R-CNN [72] and we train them for 12 epochs. APb and APm refer
to bounding box AP and mask AP respectively. † represents our
implementation. For fair comparison, ViT-B is the backbone for all
methods

Method
Mask R-CNN 1×

Epochs APb APb
50 APb

75 APm APm
50 APm

75

MoCo v3 300 45.5 67.1 49.4 41.5 65.5 44.4

DINO 400 46.8 68.6 50.9 41.5 65.3 44.5

BEiT 300 39.5 60.6 43.0 35.9 57.7 38.5

BEiT 800 42.1 63.3 46.0 37.8 60.1 40.6

PeCo 800 47.8 — — 42.6 — —

MAE† 1600 47.6 68.4 52.1 42.3 65.6 45.7

FastMAE 60 46.7 67.7 50.9 41.5 64.6 44.4

FastMAE 300 49.0 69.9 53.7 43.3 66.8 46.7
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5 Conclusions

In this paper, we have presented an efficient masked
image modeling method: FastMAE. The core idea of
FastMAE is that an offline teacher is a more efficient
approach than an online teacher for masked image
modeling. Benefiting from FastMAE, we can complete
the pre-training phase of masked image modeling in
only 18.8 h with 8 NVIDIA Tesla-V100 GPUs, which
enables more researchers with limited computing
resources to carry out related research, promoting
development of this field.

Acknowledgements

This work was supported by the National Science
and Technology Major Project (Grant No. 2021ZD0112902),
the National Natural Science Foundation of China
(Grant Nos. 623B2057 and 62220106003), Tsinghua
University Initiative Scientific Research Program,
and Tsinghua–Tencent Joint Laboratory for Internet
Innovation Technology. The authors sincerely
appreciate the dedicated effort and valuable feedback
from the anonymous reviewers and editor, which
significantly improved the manuscript.

Declaration of competing interest

The authors have no competing interests to declare
that are relevant to the content of this article. The
author Shi-Min Hu is the Editor-in-Chief of this
journal.

References

[1] Gidaris, S.; Singh, P.; Komodakis, N. Unsupervised
representation learning by predicting image rotations.
arXiv preprint arXiv:1803.07728, 2018.

[2] Wu, Z.; Xiong, Y.; Yu, S. X.; Lin, D. Unsupervised
feature learning via non-parametric instance
discrimination. In: Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition,
3733–3742, 2018.

[3] He, K.; Fan, H.; Wu, Y.; Xie, S.; Girshick, R.
Momentum contrast for unsupervised visual
representation learning. In: Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern
Recognition, 9729–9738, 2020.

[4] Chen, Ting, Kornblith, S.; Norouzi, M.; Hinton, G.
A simple framework for contrastive learning of visual
representations. arXiv preprint arXiv:2002.05709, 2020.

[5] Grill, J.-B.; Strub, F.; Altché, F.; Tallec, C.; Richemond,
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